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Abstract

I propose a method to estimate cyclical DSGE models using the raw data. The approach
links the observables to the model counterparts via a �exible speci�cation which does not require
that the cyclical component is solely located at business cycle frequencies and allows the non-
cyclical component to take various time series patterns. Applying standard data transformation
induces distortions in structural estimates and policy conclusions and explain the reasons for
their emergence. The proposed approach recovers the features of the cyclical component in
selected experimental designs.

JEL classi�cation: E32, C32.
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1 Introduction

There have been considerable developments in the speci�cation of DSGE models over the last 10

years. The original structure, featuring a single technological disturbance, has been enriched with

shocks and frictions and our understanding of the propagation mechanism of important shocks

enhanced. Steps forward have also been made in the estimation of these models. While a few years

ago it was standard to informally calibrate their structural parameters, now researchers routinely

use limited and full information estimation procedures and, perhaps more importantly, this trend

is common in academic and policy circles (see, e.g., [28], [11], [30],[22], [27] among many others).

Despite recent e¤orts, structural estimation of DSGE models is conceptually and practically

di¢ cult. For example, classical estimation is asymptotically justi�ed only when the model is the

generating process (DGP) of the actual data, up to a set of serially uncorrelated measurement

errors, and standard validation exercises are meaningless without such an assumption. Identi�cation

problems (see [8]) and numerical di¢ culties are widespread. Finally, the majority of the models

investigators use is intended to explain only the cyclical portion of observable �uctuations but

macroeconomic data contains many types of �uctuations, some of which is hardly cyclical.

There are two reasons for why researchers prefer to work with �cyclical�models. Jointly ac-

counting for all types of �uctuations is still an ambitious task since there are very few known

theoretical mechanisms able to propagate temporary disturbances for a su¢ ciently long time (we

need e.g. R&D as in [13] or a Schumpeterian creative destruction) and it is empirically di¢ cult to

measure non-cyclical �uctuations because samples are short and structural breaks likely to exist.

In addition, it is convenient from the computation and the interpretation point of views, to assume

that the mechanisms driving cyclical and non-cyclical �uctuations are distinct.

The mismatch between what models are designed to explain and what the data contains creates

headaches for applied investigators. In the literature a number of approaches have been used, all

of which are far from ideal:

� Ignore the existence of non-cyclical movements and �t the cyclical model to demeaned data
(see [15]). Such an approach is likely to arti�cially increase the persistence of estimated shocks and,

potentially, distort important economic mechanisms present in the model.

� Fit the cyclical model to data �ltered with an arbitrary statistical device. Such an approach
is popular, but problematic for at least three reasons. First, the cyclical component extracted by

the majority of the statistical �lters can be represented as a symmetric, two-sided moving average

of the raw data. Thus, as suggested long ago in [21], the timing of the information is altered by

�ltering, and dynamic analyses become di¢ cult to interpret. Second, while it is typical to �lter each

series separately and to remove non-cyclical �uctuations from real but not from nominal variables,

there are consistency conditions that must hold - a resource constraint need not be satis�ed if

each variable is separately �ltered - and many situations when not all the �uctuations in nominal
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variables can be safely considered as cyclical. Thus, speci�cation errors can be present. Finally,

even arbitrarily focusing attention on the so-called business cycle frequencies, i.e. �uctuations

with 8-32 quarters average periodicity, �ltering and contamination errors are likely to be present.

For example, a Band Pass (BP) �lter, when used with �nite stretches of data, only very roughly

captures the power of the spectrum at business cycle frequencies and taking growth rates greatly

emphasizes the high frequency content of the data. In sum, rather than resolving the problems,

statistical �ltering increases the di¢ culties applied researchers face.

1950:1 1962:2 1974:4 1986:2 1998:4

0.57

0.58

0.59

0.6

0.61

0.62

0.63

c/
y 

re
al

1950:1 1962:2 1974:4 1986:2 1998:4
0.05

0.06

0.07

0.08

0.09

0.1

0.11

0.12

0.13

i/y
 r

ea
l

1950:1 1962:2 1974:4 1986:2 1998:4
0.52

0.54

0.56

0.58

0.6

0.62

0.64

c/
y 

no
m

in
al

1950:1 1962:2 1974:4 1986:2 1998:4
0.08

0.09

0.1

0.11

0.12

0.13

0.14

0.15

0.16

i/y
 n

om
in

al

Figure 1: US real and nominal great ratios.

� Estimate the model using data transformations which, in theory, are likely to be void of non-
cyclical �uctuations, e.g. consider real �great ratios� (as suggested in [12] and [26]) or nominal

� great ratios�, (as suggested in [32]). As Figure 1 shows, such transformations are unlikely to

resolve the mismatch issue because many ratios still display important low frequency movements.

In addition, since the number and the nature of the shocks driving non-cyclical �uctuations needs

to be known, speci�cation errors may be produced.

� Modify the cyclical model by arbitrarily adding a trend; detrend the model and the data with
the same transformation; and �t the detrended model to the detrended data (see e.g. [17], [25]

among many others). Such an approach imposes some consistency between the theory and the

data, but also faces important problems. For example, since the choice of which shock is trending

is often driven by computational rather than economic considerations, speci�cation errors could be

present. In addition, the estimated cyclical model depends on nuisance features, such as the shock
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which is assumed to be trending or the time series speci�cation of the trend 1. As shown in [12]

and more recently in [20], misspeci�cation of these nuisance features may lead to severe biases in

the estimates of the structural parameters.

�Modify the cyclical model by arbitrarily adding a trend but use a frequency domain maximum
likelihood approach (see e.g. [10]) to estimate the parameters of a detrended model. Here the

frequency domain representation of the solution (in growth rates) is used to construct the likelihood

function of the model and only particular frequencies are taken into account. This approach is also

subject to �ltering and speci�cation errors since it inherits the trend misspeci�cation problems of

model-based detrending and the �ltering problems of statistically based �ltering approaches.

This paper provides a method to estimate cyclical DSGE models which avoids, to a large extent,

speci�cation and �ltering problems. I proceed in three steps. First, I show that the transformation

one takes to �t a cyclical model to the data matters for structural parameter estimation and for

economic inference in general. Hence, unless one has a strong but unjusti�ed view of what �cyclical�

data the model should explain, one is left wandering how to credibly select among various structural

estimates. Second, I argue that even if such a criteria could be found, estimates of the parameters

of a cyclical model obtained with any preliminary data transformations should not be trusted.

On the one hand, the presence of measurement error with low frequencies features distorts the

conclusions applied investigators reach. An approach dealing with this type of contamination, has

been recently proposed in [6].

On the other, the time series generated by a cyclical DSGE model have properties which are

di¤erent from the output of a statistical �lter or of theoretically based data transformations, even

in large samples. All these approaches seek to isolate the power of a series in a band of frequencies.

However, a cyclical DSGE model generates time series with power at all frequencies of the spectrum.

Thus, any preliminary data transformation wipes out potentially important cyclical information.

More generally, if a DSGE model features cyclical and non-cyclical shocks, the cyclical and the non-

cyclical components jointly appear in any frequency band and it is not di¢ cult to build examples

where the non-cyclical component dominates at business cycle frequencies making inference based

on any data transformations incorrect. [1] claimed that for Less Developed Countries (LDC) the

non-cyclical component is important at business cycle frequencies. It turns out that the problem

is relevant for structural estimation with the data of any country and that signi�cant biases could

emerge when the disturbances driving the two components have roughly similar variance.

In the last part of the paper, I propose to estimate the structural parameters of a �cyclical�

DSGE model by creating a �exible link between the model and the raw data that allows the

cyclical and the non-cyclical components to have power at all the frequencies of the spectrum. Since

1One can show, for example, that the estimable model one obtains assuming a stochastic linear trend in the
technology of the model of section 2 has moving average terms that do not appear, for example, if a unit root is
assumed and that, in case of unit root in preferences, a constant return to scale technology needs to be imposed, a
conditions which is not needed if the unit root is in technology.
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the speci�cation I use encompasses, as special cases, situations where the non-cyclical component

displays deterministic, stochastic or smooth features, the approach does not require researchers

to take a stand on the non-cyclical features of the raw data and therefore shields the analysis

from important speci�cation errors. Furthermore, since the information present at all frequencies

is used to estimate the parameters of the cyclical model, �ltering distortions are eliminated and

ine¢ ciencies minimized. Finally, the hybrid model I construct takes the cyclical model as given and

uses the �exible link to �ll the rest of the spectrum of the raw data, thus avoiding the identi�cation

problems that model-based transformations produce. Using a simple experimental design I show

that standard transformations produce distorted parameter estimates and I interpret the resulting

biases using the decomposition of the likelihood function suggested in [21]. The suggested procedure

instead captures the cyclical component of the DGP better and produces sensible estimates of

crucial parameters when samples typically available in macroeconomics are used. Finally, I show

that economic inference depends on the approach used to match the model to the data and that,

with the suggested one, certain facts are much less stylized than one would like to assume for policy.

To focus attention on the issues of interest, I make a number of simplifying assumptions. In

particular, I assume that (i) the estimated model is correctly speci�ed; that is, there are no missing

variables or omitted cyclical shocks; (ii) theoretical singularities are absent - the number of shocks

equals the number of endogenous variables - and (iii) model variables have an exact counterpart

in the data, i.e. no proxy error is present. While these issues are important in practice and

semi-structural methods of the type suggested in [7] produce more robust inference when they are

present, it is useful to keep them separate from the issue of estimating cyclical models with raw

data because the problems I highlight occur regardless of whether (i)-(ii)-(iii) are present or not.

The rest of the paper is organized as follows. The next section presents a simple cyclical

model, estimates its structural parameters using a number of preliminary data transformations and

discusses why estimates should not be trusted. Section 3 presents the alternative methodology.

Section 4 compares approaches using a simple experimental design. Section 5 compares estimates

of functions of the parameters in two widely used cyclical DSGE models. Section 6 concludes. The

appendix contains relevant additional material mentioned in the paper.

2 Cyclical estimation with transformed data

To show that estimates of the structural parameters a �cyclical� DSGE model depend on the

preliminary data transformation employed, I consider a standard small scale New-Keynesian model

where agents face a labor-leisure choice, there is external habit in consumption, production is

stochastic and requires labour, there is an exogenous probability of price adjustments and monetary

policy is conducted with a conventional Taylor rule. Details on the structure of this model are in
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the Appendix. The log-linearized equilibrium conditions are:

wt = (
�n
1� � +

�c
1� h)yt �

h�c
1� h)yt�1 �

�n
1� �zt � �t (1)

yt = Et(
1

1 + h
yt+1 �

h

1 + h
yt�1 +

1� h
(1 + h)�c

(�t+1 � �t + rt � �t+1) (2)

�t = �Et�t+1 + �p(�t + wt +
�

1� �yt �
1

1� �zt) (3)

rt = �rrt�1 + (1� �r)(�yyt + ���t) + vt (4)

nt =
1

1� �(yt � zt) (5)

where all variables are expressed in deviation from the steady states, kp =
(1���p)(1��p)

�p

1��
1��+"� ,

zt = �zzt�1 + �zt is a technology disturbance, �t = ���t�1 + ��t a preference disturbance, �
r
t an iid

monetary policy disturbance and ��t an iid markup disturbance. Equation (1) de�nes the equilibrium

real wage, equation (2) is an Euler equation, equation (3) a Phillips curve, equation (4) a Taylor

rule and equation (5) a labor demand function. The structural parameters to be estimated are: �c
the risk aversion coe¢ cient, �n the inverse of the Frisch elasticity, h the coe¢ cient of consumption

habit, 1�� the share of labor in production, �r the degree of interest rate smoothing, �� and �y the
parameters of the policy rule, �p the probability of not changing prices. The auxiliary parameters

to be estimated are: ��; �z the autoregressive parameters of preference and technology shocks, and

�z; ��; �r; �� the standard deviations of the four structural shocks. The discount factor � = 0:99

and the elasticity among varieties " = 7:00 are kept �xed in the estimation exercises since they are

very weakly identi�ed from the data.

I assume that there are four observable variables and I have examined a variety of �ltering and

transformation approaches applied to all or a subset of the variables (as in [?], [27], [30]) or [22]). To
illustrate the point of interest, I report parameter estimates and impulse responses obtained when

output, the real wage, the nominal interest rate and in�ation are transformed using four statistical

�lters (linear detrending (LT), Hodrick and Prescott �ltering (HP), growth rate �ltering (FOD)and

band pass �ltering (BP)). In addition, I present results obtained with two data transformations.

The �rst uses the log of labour productivity, the log ratio of real wages to hours, the nominal

rate and the in�ation rate, all demeaned, as observables (Ratio 1). The second uses the log ratio

of output to the real wage, hours worked, the nominal rate and the in�ation rate, all demeaned,

as observables (Ratio 2). The �rst transformation insures stationarity of the observables if the

non-cyclical portion of the data is driven by a non-stationary preference shock; the second, insures

stationarity of the observables if the non-cyclical component is driven by a non-stationary Total

Factor Productivity (TFP) shock. The data comes from the FRED database at the Federal Reserve

Bank of St. Louis and estimation is conducted using Bayesian methods. Results obtained applying

the same transformations to real variables and simply demeaning nominal ones are in the appendix.
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Since some of the �lters belong to the class of two-sided moving averages, I have also experimented

with a recursive LT �lter and a one-sided version of the HP �lter. The results presented below are

unchanged by this re�nement.

Prior LT HP FOD BP Ratio 1 Ratio2

Median (s.e.) Median (s.e.) Median (s.e.) Median (s.e.) Median(s.e.) Median (s.e.)

�c �(20; 0:1) 1.90 (0.25) 1.41 (0.21) 0.04 (0.01) 0.96 (0.11) 2.33 (0.27) 0.81 (0.15)
�n �(20; 0:1) 1.75 (0.16) 1.37 (0.13) 5.23 (0.08) 1.19 (0.09) 3.02 (0.24) 2.68 (0.19)
h B(6; 8) 0.83 (0.02) 0.88 (0.02) 0.45 (0.01) 0.96 (0.01) 0.72 (0.05) 0.88 (0.02)
� B(3; 8) 0.07 (0.04) 0.09 (0.05) 0.42 (0.01) 0.07 (0.03) 0.05 (0.04) 0.03 (0.01)
�r B(6; 6) 0.19 (0.05) 0.11 (0.04) 0.62 (0.01) 0.09 (0.02) 0.38 (0.06) 0.28 (0.04)
�� N(1:5; 0:1) 1.33 (0.08) 1.37 (0.05) 1.53 (0.02) 1.51(0.06) 1.92 (0.06) 1.80 (0.05)
�y N(0:4; 0:1) -0.16 (0.03) -0.18 (0.03) 0.06 (0.00) -0.22 (0.03) 0.16 (0.02) -0.03 (0.02)
�p B(6; 6) 0.82 (0.02) 0.80 (0.03) 0.63 (0.01) 0.86 (0.01) 0.82 (0.02) 0.80 (0.02)
�� B(18; 8) 0.69 (0.04) 0.40 (0.05) 0.52 (0.01) 0.70(0.02) 0.67 (0.03) 0.66 (0.02)
�z B(18; 8) 0.96 (0.02) 0.95 (0.02) 0.99 (0.01) 0.97(0.01) 0.97 (0.01) 0.96 (0.01)
�� ��1(10; 20) 0.53 (0.19) 0.47 (0.11) 4.96(0.13) 0.23 (0.05) 3.41 (0.74) 0.97 (0.13)
�z ��1(10; 20) 0.20 (0.04) 0.23 (0.04) 2.00 (0.22) 0.19 (0.03) 0.06 (0.01) 0.06 (0.01)
�r ��1(10; 20) 0.11 (0.01) 0.08 (0.01) 2.30(0.23) 0.07 (0.01) 0.10 (0.01) 0.11 (0.18)
�� ��1(10; 20) 25.06 (0.97) 14.25 (0.93) 7.17 (0.13) 18.19 (0.66) 22.89 (1.91) 15.94 (0.49)

kp 0.02 (0.001) 0.03 (0.002) 0.04 (0.001) 0.01 (0.001) 0.03 (0.002) 0.04 (0.002)
Table 1: Posterior estimates. LT refers to linearly detrended data, HP to Hodrick and Prescott �ltered

data, FOD to demeaned growth rates, BP to band pass �ltered data. In these cases, all observables are

�ltered. For Ratio 1 the observables are log(yt)� log(nt); log(wt)� log(nt); �t; rt, all demeaned For Ratio 2
the observables are log(yt)� log(wt); log(nt); �t; rt, all demeaned. The sample is 1980:1-2007:4.

Table 1 contains the priors (which are the same for each transformation of the raw data) and

the median and the standard deviation of the posterior distribution of the parameters of interest.

Clearly, there are several parameters whose posterior is a¤ected by the preliminary data transfor-

mation used (see e.g. the risk aversion coe¢ cient �c, the Frisch elasticity of labor supply ��1n , the

interest smoothing coe¢ cient �r; and persistence and the volatility of the shocks). Since posterior

standard deviations are tight, di¤erences across columns are a-posteriori signi�cant. Posterior dif-

ferences are also economically relevant. For example, the volatility of markup shocks in the LT and

Ratio 1 economies is considerably larger than in the other economies and, perhaps unsurprisingly,

risk aversion stronger.

Di¤erences in the location of the posterior of the parameters translate into important di¤er-

ences in the transmission of shocks. For example, as shown in Figure 2, the magnitude of the

impact coe¢ cient and of the persistence of the responses vary with the preliminary transformation

employed. Furthermore, at least in the case of technology shocks, the sign of some of the responses

is a¤ected.



2 CYCLICAL ESTIMATION WITH TRANSFORMED DATA 7

2 4 6 8 10 12 14
­0.1

0

0.1

0.2

0.3

y t
Preference Shocks

2 4 6 8 10 12 14
0

0.2

0.4

0.6

w
t

2 4 6 8 10 12 14
0

0.05

0.1

0.15

0.2

π
t

2 4 6 8 10 12 14
0

0.05

0.1

r t

2 4 6 8 10 12 14
0

0.5

1

Technolog y Shocks

2 4 6 8 10 12 14

­1

0

1

2 4 6 8 10 12 14

­0.2

­0.1

0

0.1

0.2

2 4 6 8 10 12 14

­0.4

­0.2

0

0.2

LT HP FOD B P Ratio 1 Ratio 2

Figure 2: Impulse responses, all observables �ltered, sample 1980:1-2007:4.

While it is tempting to sweep these di¤erences under the rug, one should expect them to

occur since the observables in di¤erent columns of table 1 have di¤erent time series properties.

These di¤erences would be inconsequential, if applied researchers had a good reason to prefer

one column over another. As argued in [4], it is hard to design criteria to do so. But even if a

criteria could be found, none of the columns of table 1 should be trusted for two reasons. First, all

the transformations only approximately isolate business cycle frequencies: the LT transformation

leaves both long and short cycles in the �ltered data; the HP transformation leaves high frequencies

variability unchanged; the FOD transformation emphasizes high frequency �uctuations and reduces

the importance of cycles with business cycle periodicity; ratios leave important low frequency

�uctuations in the transformed data; and even a BP transformation, once truncations due to

�nite samples are considered, induces signi�cant approximation errors (see e.g. [5], ch.3). Since

considerable measurement error is present in the transformed data, estimation distortions are likely
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to appear. In addition, since di¤erent approaches spread the measurement error across di¤erent

frequencies, estimates are likely to depend on the preliminary transformation used. An estimation

approach which can reduce the extent of these measurement errors is suggested in [6].

Second, all transformations assume that the cyclical and the non-cyclical components of the data

are located at di¤erent frequencies of the spectrum and that the economic mechanism generating

the two is distinct. Such an assumption is crucial, for example, when associating business cycle

frequencies in the data with the output of the model. However, a cyclical DSGE model produces

time series with power at frequencies other than those corresponding to 8 to 32 quarters and,

on the other hand, the non-cyclical component may be important at business cycle frequencies.

Time series macroeconometricians are generally aware that statistical transformations are unlikely

to recover interesting economic objects. For example, [29], [19] and [21] have all emphasized the

fallacy of estimating structural models using seasonally adjusted data, precisely for this reason.

To illustrate these points, I take the model generating (1)-(5) as log-linearized conditions as

DGP but assume that the preference shock has two uncorrelated components: one with a unitary

autoregressive (AR) coe¢ cient and one with a AR coe¢ cient equal to j�xj << 1. Thus, the model
possesses a theoretical non-cyclical component (induced by the disturbances to the non-stationary

component of the preference shock) and a theoretical cyclical component (induced by the other four

stationary disturbances). The exact decomposition of the four observables into the two components

is in the appendix. With the parameterization reported in the �rst panel of table 4, I have simulated

data from the model and passed the experimental data through LT, HP, FOD and BP �lters and

constructed the transformation corresponding to Ratio1. Figure 3 shows the log spectrum of the

true cyclical and non-cyclical components of output (�rst box) and of the true and estimated cyclical

components of output (boxes 2 to 6).

It is clear that all �lters leave considerable power outside the business cycle frequencies (iden-

ti�ed by the vertical bars). The problem is more evident with LT and FOD but leakages and

compressions are present also with HP and BP �lters and the Ratio1 transformation. In addition,

both components have power at all frequencies and, with the chosen parameterization, the theo-

retical non-cyclical component is as important as the theoretical cyclical component at business

cycle frequencies. [1] and [3] claimed that for LDC countries the trend is the cycle. Figure 3 shows

that the problem may be generic. It is only required that the shocks driving the cyclical and non-

cyclical components have similar variability. Note that the features we highlight do not depend on

the assumption that the preference shock has two components; had I assumed that the technology

shock has two components a similar picture would emerge.

Since all transformations partially or completely eliminate the power of the cyclical component

in the low frequencies and force the cyclical model to explain the power of the non-cyclical compo-

nent at business cycle and other frequencies, it is not hard to guess that estimates of the structural

parameters will be distorted.
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Figure 3: Output log-spectra. Vertical bars indicate the frequencies where cycles with 8-32
quarters periodicities are located. For Ratio1 the true and estimated log spectrum of the cyclical

component of labor productivity is plotted. Simulated data.

3 The alternative methodology

One solution to the problems I have highlighted is to build a non-cyclical component directly into

the DSGE model. I have mentioned in the introduction the reasons for why one may be reluctant

to do so. There may also be practical concerns which may not make the approach viable (Should

the non-cyclical component be deterministic or stochastic? Should it be correlated with the cyclical

component or not? ). Progress in addressing these issues have been reported in [20] and [16].

Rather than augmenting the model with an arbitrary non-cyclical component and making the

analysis vulnerable to speci�cation errors, I will use a �exible setup, in the spirit of [?], where
the cyclical DSGE structure is �xed and a link is build from the cyclical model to the raw data

which permits the cyclical and non-cyclical components to jointly appear at all frequencies of the

spectrum and allow the non-cyclical component to potentially take a variety of patterns. Let the
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(log)-linearized solution of a DSGE model be of the form:

x2t = RR(�)x1t�1 + SS(�)�t (6)

x1t = PP (�)x1t�1 +QQ(�)�t (7)

where PP (�); QQ(�); RR(�); SS(�) are functions of the structural parameters � = (�1; : : : ; �k),

x1t � (log ~x1t � log �x1) includes the states and the predetermined variables, x2t = (log ~x2t � log �x2)
all other endogenous variables, �t the shocks and �x2; �x1 are the steady states of ~x2t and ~x1t.

Let xmt (�) = W [x1t; x2t]
0, be an N � 1 vector where W is a selection matrix picking out of

x1t and x2t those variables which are observable and/or interesting from the point of view of the

researcher. Let xdt = log ~x
d
t � E(log ~xdt ) be the log demeaned vector of observable data. Let

xdt = c+ xnct + xmt (�) + ut (8)

where c = log �xm(�)�E(log ~xdt ), xnct is the non-cyclical component, ut is a iid (0;�u) (measurement)

noise and xnct ; x
m
t and ut are mutually orthogonal. Furthermore, I assume that

xnct = xnct�1 + �xt�1 + et et � iid (0;�e)

�xt = �xt�1 + vt vt � iid (0;�v) (9)

Since the locally linear speci�cation used in (9) may be considered controversial, some explanations

for our choice may be in order. Note �rst that the speci�cation in (9) is �exible and nests, as

special cases, the structures which are typically thought to motivate the use of the statistical �lters

considered in the previous sections. For example, if both �e and �v are diagonal, �vi > 0 and

�ei = 0; 8i, xnct is a vector of I(2) processes while if �vi = 0, and �ei > 0; 8i, xnct is a vector

of I(1) processes. Furthermore, if �vi = �ei = 0; 8i, xnct is deterministic. Finally, when �vi and

�ei are functions of ��, the setup approximates the double exponential smoothing restrictions used

in discounted least square estimation of non-cyclical patterns (see e.g. [14]). Second, as [14] have

shown, (9) is robust against several types of misspeci�cation of the time series properties of the

non-cyclical component. Finally, since �v is not constrained to be zero, the growth rates of the

endogenous variables may display persistent deviations from their mean, a feature that characterizes

many real macroeconomic variables (see e.g. [24]).

Identi�cation of the structural parameters is achieved via the cross equation restrictions that

the cyclical model imposes on the data. Since (8) and (9) can be thought as a sophisticated

representation for what the cyclical model leaves out, estimates of the non-structural parameters

are obtained from the portion of the data the model can not explain.

Given (6)-(7)-(8) and (9), I let the data endogenously select the speci�cation for the non-cyclical

component which is more appropriate for each series and this is done jointly with the estimation of

the structural parameters �. In (9) I have assumed that �v and �e are general matrices, but one
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can impose further structure by assuming that they are either diagonal (so that the non-cyclical

component is series speci�c), that they are of reduced rank (so that the non-cyclical component is

common across series), or that they have only sparse non-zero elements on the diagonal (so that a

non-cyclical component is present only in a reduced number of observables).

The suggested speci�cation has several advantages over existing approaches. On the one hand,

it is not necessary to take a stand on the time series properties of the non-cyclical component

and on the choice of �lter to tone down its importance. This shields researchers from important

speci�cation errors. In addition, as I will show below, the cyclical component extracted with

this approach is not located at particular frequencies of the spectrum. In fact, by construction, all

components in (8) may have power at each frequency. Furthermore, structural parameter estimates

re�ect the uncertainty present in the speci�cation of the non-cyclical component. Finally, as shown

in [18], statistical techniques can be used to �nd the most appropriate speci�cation of the non-

cyclical component and, if a researcher is interested in doing so, to perform Bayesian averaging

over di¤erent types of non-structural speci�cations of the non-cyclical component, which is not

possible in standard setups.

In (8) I have assumed that cyclical and non-cyclical �uctuations are driven by independent

shocks. It is easy to show that the speci�cation I select is observationally equivalent to one where

the non-cyclical and the cyclical components are correlated. For example, the speci�cation

xdt = xnc�t + xm�t (�) + ut (10)

xnc�t = xnct �G(�)�xt (11)

xm�t (�) = xmt (�) +G(�)�xt (12)

for some G(�), which makes ync�t and ym�t (�) correlated, is indistinguishable from the point of view

of the observed data from the speci�cation I suggest. In practice, this means that if progress is

made in the speci�cation of features of the DSGE model which are now bundled up in the reduced

form speci�cation of xnct , these can be eliminated from xnct and included in the model without

altering the format of the estimated structure. For example, the setup provides an appropriate

estimable structure if a researcher feels comfortable in specifying a unit root component for the

TFP process, but still believes that important low frequency variations in e.g. labor productivity

can not be explained with the speci�ed set of shocks.

3.1 Estimation

Estimation of the hierarchical structure (7)-(6), (9) and (8) can be carried out with both classical

and Bayesian methods. Equations (7)-(6), (9) and (8) can be cast into an (extended) state space
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system of the form

st+1 = Fst +G!t+1 (13)

yt = Hst (14)

where F =

0BB@
1 1 0 0 0
0 1 0 0 0
0 0 0 PP QQ
0 0 0 0 NN

1CCA ; G =

0BBBB@
1 0 0 0
0 1 0 0
0 0 1 0
0 0 0 0
0 0 0 1

1CCCCA ; H =
�
1 0 1 RR SS

�
;

st+1 =
�
xnct �xt ut xmt�1(�)

�
; !t+1 = (et; vt; ut; �t+1) and �! is block diagonal. Hence, the

likelihood of the system can be computed with a modi�ed Kalman �lter (taking into account the

possibility of di¤use initial observations) for a given # and maximized using standard tools.

When a Bayesian approach is preferred, one can obtain the non-normalized posterior distrib-

ution of #, using standard MCMC tools. For example, the estimates presented in this paper are

obtained with a Random Walk Metropolis algorithm where, given initial #�1, a 
, and a prior g(#),

candidate draws are obtained from #� = #�1 + � and � is distributed t(0; � � 
; 5) where � is a
tuning parameter and the draw accepted if the ratio �� =

�g(#�jy)
�g(#�1jy) , where �g(#ijy) = g(#i)L(yj#i),

i = �;�1, and L(yj#i) is the likelihood of #i, exceeds a uniform random variable. Iterated a large

number of times, for � appropriately chosen, the algorithm ensures that the limiting distribution

of # is the target distribution (see e.g. [5], Ch. 9).

3.2 A comparison with existing literature

To the best of my knowledge, the literature has largely avoided from the problems I discuss in this

paper. However, the paper relates to three existing branches of the macroeconomic and macro-

econometric literature. The �rst branch attempts to robustify inference when the trend properties

of data or of the model are misspeci�ed (see [12] [20]). I share with [12] the point of view that

economic theory has not much to say about non-cyclical �uctuations but rather than distinguish-

ing between trend stationary or di¤erence stationary non-cyclical �uctuations, and attempting to

robustify inference, I am concerned with the generic mismatch between theoretical and empirical

concepts of cyclical �uctuations and in designing a procedure which resolves the problem without

taking a stand on the time series properties of the non-cyclical component. I share with [20] the

idea of jointly estimating structural and auxiliary parameters without specifying the DGP of the

data. However, I use a likelihood based estimator of the structural parameters, as opposed to a

minimum distance estimator, which works regardless of the time series properties of the raw data.

In addition, rather than assuming an arbitrary trend for one of the shocks, I assume that the

DSGE model is build to explain only the cyclical component of the data - a much more common

assumption in practice.
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The second branch adds measurement errors to a cyclical model when estimation is performed

(see e.g. [2] and [23]). I share with these authors the idea that there is more in the data than

simply the �uctuations the model tries to capture. However, rather than using iid or VAR(1) noise,

the setup I present allows a much richer structure for the measurement error while leaving the

interpretation of the cyclical model una¤ected.

The third branch points out that, in emerging markets, variations in trend growth are as

important as cyclical �uctuations in explaining the dynamics of macroeconomic variables (see e.g.

[1] and [3]). While the �rst paper is interested in characterizing di¤erences between emerging and

developing economies, the latter is concerned with the misuse of cyclical DSGE models in policy

analyses for LDC countries. In this paper I show that the problems they highlight are generic and

that one can conduct policy analyses in cyclical models without imposing controversial assumptions

about the nature of the non-cyclical component.

4 The procedure in a controlled experiment

To appreciate the estimation distortions that standard data transformations imply and to quantify

the advantages of the suggested approach, I use the same setup employed in section 2 and simulate

data again assuming that the preference shock has two components, a nonstationary one and a

stationary one. I then estimate the structural parameters using a number of data transformations

in the most ideal situations one could consider. These include a prior centred at the true parameter

vector and initial conditions in the estimation equal to the true parameter vector. I also estimates

the structural and non-structural parameters of the �exible model using the raw data and the

speci�cation presented in section 3. For the sake of parsimony, the non-cyclical component of the

data is restricted to have a double exponential smoothing format. The true values and the common

priors for the structural parameters are in table 2. I use prior distributions with relatively large

standard deviations to allow the likelihood to explore a wide portion of the parameter space without

being strongly downweighted by the prior. For comparison I consider two cases: one where the

non-cyclical disturbance has low relative variability �nc� = 0:0015 and one where the non-cyclical

disturbance has high relative variability �nc� = 0:015. In the �rst case, the contribution of the non-

cyclical component to the spectrum of the series is everywhere small. Thus, estimation distortions

are primarily driven by �ltering errors. In the second case, the contribution of the non-cyclical

component to the spectrum of the series is of the same order of magnitude as the contribution of the

cyclical component at most frequencies. Thus, the distortions present in standard transformations

are driven by both �ltering and speci�cation errors.
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�nc� = 1.50
True LT HP FOD BP Ratio1 Flexible

Median (s.e.) Median (s.e.) Median (s.e.) Median(s.e.) Median(s.e.) Median(s.e.)
�n 0.50 0.12( 0.02) 0.21( 0.02) 1.30( 0.05) 0.08( 0.01) 1.00( 0.04) 0.24( 0.03)
h 0.70 0.91( 0.03) 0.74( 0.03) 0.71( 0.03) 0.88( 0.03) 0.11( 0.04) 0.76( 0.05)
� 0.30 0.07( 0.02) 0.06( 0.02) 0.04( 0.02) 0.16( 0.02) 0.04( 0.02) 0.20( 0.05)
�r 0.70 0.39( 0.04) 0.46( 0.04) 0.74( 0.03) 0.36( 0.02) 0.47( 0.05) 0.34( 0.03)
�� 1.50 1.41( 0.06) 1.60( 0.06) 1.63( 0.06) 1.36( 0.05) 1.50( 0.08) 1.59( 0.08)
�y 0.40 0.01( 0.00) 0.01( 0.01) -0.01( 0.00) -0.01( 0.00) 0.55( 0.07) -0.01( 0.01)
�p 0.75 0.88( 0.03) 0.85( 0.03) 0.88( 0.03) 0.90( 0.03) 0.89( 0.03) 0.83( 0.03)
�� 0.50 0.40( 0.03) 0.36( 0.03) 0.69( 0.03) 0.73( 0.03) 0.37( 0.03) 0.51( 0.04)
�z 0.80 0.68( 0.04) 0.69( 0.04) 0.99( 0.03) 0.80( 0.03) 0.64( 0.03) 0.79( 0.04)
�� 1.20 3.38( 0.41) 0.35( 0.06) 0.26( 0.05) 0.33( 0.12) 0.24( 0.04) 0.27( 0.07)
�z 0.50 0.50( 0.11) 0.21( 0.04) 0.62( 0.11) 0.32( 0.06) 0.09( 0.01) 0.22( 0.04)
�r 0.10 0.06( 0.01) 0.06( 0.01) 0.07( 0.01) 0.06( 0.01) 0.07( 0.01) 0.05( 0.00)
�� 1.60 5.97( 0.42) 0.80( 0.28) 5.60( 0.34) 6.62( 0.25) 12.33( 0.73) 1.56( 0.53)
�� 1.20 3.38( 0.41) 0.35( 0.06) 0.26( 0.05) 0.33( 0.12) 0.24( 0.04) 0.27( 0.07)

�nc� = 0.15
True LT HP FOD BP Ratio1 Flexible

Median (s.e.) Median (s.e.) Median (s.e.) Median(s.e.) Median(s.e.) Median(s.e.)
�n 0.50 0.18( 0.03) 0.35( 0.06) 0.89( 0.03) 0.31( 0.04) 0.95( 0.04) 0.14( 0.01)
h 0.70 0.92( 0.03) 0.91( 0.03) 0.90( 0.03) 0.97( 0.03) 0.13( 0.04) 0.79( 0.03)
� 0.30 0.05( 0.02) 0.07( 0.04) 0.23( 0.01) 0.14( 0.02) 0.03( 0.02) 0.15( 0.01)
�r 0.70 0.53( 0.03) 0.51( 0.02) 0.58( 0.02) 0.50( 0.02) 0.36( 0.04) 0.50( 0.02)
�� 1.50 1.75( 0.07) 1.67( 0.06) 1.59( 0.05) 1.77( 0.06) 1.53( 0.07) 1.57( 0.05)
�y 0.40 -0.01( 0.01) -0.03( 0.01) -0.03( 0.00) -0.03( 0.00) 0.67( 0.09) 0.34( 0.02)
�p 0.75 0.86( 0.03) 0.89( 0.03) 0.86( 0.03) 0.93( 0.03) 0.87( 0.03) 0.83( 0.03)
�� 0.50 0.27( 0.04) 0.22( 0.04) 0.66( 0.02) 0.60( 0.03) 0.27( 0.05) 0.60( 0.03)
�z 0.80 0.68( 0.04) 0.87( 0.03) 0.98( 0.03) 0.92( 0.03) 0.59( 0.05) 0.67( 0.03)
�� 1.20 0.39( 0.11) 0.31( 0.08) 4.23( 0.18) 0.30( 0.06) 0.18( 0.03) 0.85( 0.16)
�z 0.50 0.23( 0.05) 0.22( 0.04) 3.37( 0.22) 0.17( 0.02) 0.06( 0.01) 0.22( 0.04)
�r 0.10 0.06( 0.01) 0.06( 0.01) 2.61( 0.17) 0.06( 0.01) 0.07( 0.01) 0.07( 0.01)
�� 1.60 0.93( 0.29) 1.97( 0.50) 5.13( 0.18) 6.11( 0.28) 3.60( 0.37) 0.93( 0.11)

Table 2: Parameters estimates, simulated data. LT refers to linearly detrended data, HP to Hodrick

and Prescott �ltered data, FOD to demeaned growth rates, BP to band pass �ltered data, Ratio1 to real

variables scaled by hours, and Flexible to the approach suggested in the paper.

Clearly, the distortions produced by standard approaches are important. Apart from produc-

ing estimates of utility and technology parameters which are quite biased and very much �lter

dependent, the persistence of the preference and of the technology shocks ��; �z and the standard

deviations of the preference and the markup shocks �� and �� are highly distorted. For example,

the standard deviation of markup shocks is overestimated by a factor larger than 3, except with the

HP �lter where it is underestimated. In comparison, estimates of utility and technology parameters
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reported in the column labelled �Flexible�appear to be closer to the true values. In addition, both

the persistence and the standard deviations of the shocks are better captured. Matching the per-

sistence and the volatility of the shocks is important since conditional and unconditional moments

crucially depend on these two sets of parameters. Thus, one would expect the �exible approach to

be better equipped in characterizing the dynamic behavior of the endogenous variables. Note also

that while with standard transformations, estimates depend on how strong the non-cyclical signal

is relative to the cyclical one, this is much less the case for the procedure I suggest.

To understand the nature of the distortions generated when standard transformations are

used, it useful to recall that the log-likelihood of the data can be represented as the sum of

three terms L(�jyt) = [A1(�) + A2(�) + A3(�)jy], see [21], where A1(�) = 1
�

P
!j
log detG�(!j),

A2(�) =
1
�

P
!j
trace [G�(!j)

�1F (!j)], A3(�) = (E(y)��(�))G�(!0)�1(E(y)��(�)), !j = �j
T ; j =

0; 1; : : : ; T �1. G�(!j) is the model based spectral density matrix of yt, �(�) the model based mean
of yt, F (!j) is the data based spectral density of yt and E(y) the unconditional mean of yt. Note

that A2(�) and A3(�) are penalty functions: A2(�) sums deviations of the model-based from the

data-based spectral density at various frequencies; A3(�), weights deviations of model-based from

data-based means, with the spectral density matrix of the model at frequency zero.

Suppose that we �lter the data so that the zero frequency is eliminated and the low frequencies

de-emphasized. Then, the log-likelihood consists ofA1(�) and ofA2(�)� = 1
�

P
!j
trace [G�(!j)]

�1F (!j)�,

where F (!j)� = F (!j)I!j and I!j is a function describing the e¤ect of the �lter at frequency !j .

Suppose that I! = I[!1;!2], i.e. an indicator function for the business cycle frequencies, as in an

ideal BP �lter. Then A2(�)� matters only at business cycle frequencies. Since at these frequencies

[G�(!j)] < F (!j)
�, and A2(�)� and A1(�) enter additively in the log-likelihood function, two types

of biases will be present in structural estimates. First, since estimates F̂ (!j)� only approximately

capture the features of F (!j)�, Â2(�)�, the sample version of A2(�)�, has smaller values at business

cycle frequencies and a nonzero value at non-business cycle ones. Second, in order to reduce the

contribution of the penalty function to the log-likelihood, parameters are adjusted so that [G�(!j)]

is close to F̂ (!j)� at those frequencies where F̂ (!j)� is not zero. This is done by allowing �tting

errors, (a larger A1(�)), at frequencies where F̂ (!j)� is zero - in particular, the low frequencies.

Hence, the volatility of the structural shocks will be overestimated (this makes G�(!j) close to

F̂ (!j)
� at the relevant frequencies), in exchange for misspecifying their persistence. These distor-

tions a¤ect agents�decision rules. Higher perceived volatility, for example, implies distortions in

the risk aversion coe¢ cient. Inappropriate persistence estimates, on the other hand, imply that

perceived substitution and income e¤ects are distorted with the latter typically underestimated.

When I! is not the indicator function, the derivation of the size and the direction of the distor-

tions is more complicated but the same logic applies. Clearly, di¤erent I! could produce di¤erent

distortions if, e.g., income and substitution e¤ects have di¤erent properties.
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Since estimates of F (!j)� are imprecise, even for large T , there are only two situations when

estimation biases are small. First, the non-cyclical component has low power at business cycle

frequencies - in this case, the distortions induced by the penalty function are limited. This occurs

when the volatility of the shocks driving the cyclical component is considerably larger than the

volatility of the shocks driving the non-cyclical component (compare the two panels in table 2).

Second, when Bayesian estimation is performed, the prior is selected to limit the distortions induced

by the penalty function. This is very unlikely, however, since priors are not elicited with such a

scope in mind.

While not very popular in estimation literature, one could also conceive to �t a transformed

version of the model to transformed data, as it is done e.g. in [31]. To understand how parameter

estimates are a¤ected by this transformation note that, in this case, the log-likelihood is composed

of A1(�)� = 1
�

P
!j
log jG�(!j)I!j j and A2(�) - since the actual and model data are �ltered in the

same way, the �lter does not a¤ect the penalty function. Suppose that I! = I[!1;!2]. Then A1(�)
�

matters only at business cycle frequencies while the penalty function is present at all frequencies.

Therefore, parameter estimates are adjusted so as to reduce the misspeci�cation at all frequencies.

Since the penalty function is more important at the low frequencies, parameters are adjusted to

make [G�(!j)] close to F̂ (!j) at those frequencies. Thus, the log-likelihood is willing to incur

large �tting errors at frequencies where F̂ (!j) does not di¤er much from G�(!j) - in particular,

the medium and high frequencies. Consequently, the volatility of the shocks will be generally

underestimated in exchange for overestimating their persistence - somewhat paradoxically, this

procedure implies that the low frequency components of the data are those that matter most for

estimation. Cross frequency distortions imply that agents think they are living in an economy which

di¤ers substantially from the true one. For example, since less noise is perceived, agents decision

rules will imply a higher degree of predictability of simulated time series, and higher perceived

persistence implies that perceived substitution and income e¤ects are distorted with the latter

overestimated.

To highlight the properties of the �exible approach I perform two additional exercises. First,

with the median estimates present in the top panel of table 4 I run the Kalman �lter and construct

time series estimates of the cyclical and non-cyclical component of output. Second, with the same

median estimates, I simulate data from the �exible model (here �t is set to zero 8t) and compare the
autocorrelation function and the spectral density of the true and estimated components of output.

Figure 4 reports the results. The �rst two panels clearly show that the true and the estimated

cyclical and non-cyclical components of output display similar time series and volatility properties.

In addition, the rate of decay of the autocorrelation functions of the true and the estimated cyclical

and non-cyclical components is practically identical. Finally, as anticipated in the previous section,

the estimated cyclical and non-cyclical components have power at all frequencies of the spectrum

as required by the theory, and at business cycle frequencies (indicated by the vertical bars in the
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two panels of the last row of graphs), the two components are equally important.
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Figure 4: Output decompositions, true and estimated with a �exible approach. Vertical bars
indicate the frequencies where cycles with 8-32 quarters periodicities are located.

Interestingly, not only the reduced form properties of the cyclical component of the endogenous

variables are well captured by the �exible approach; the conditional dynamics in response to shocks

are also well described. Figure 5, which presents impulse responses obtained from the cyclical model

with true and estimated parameters, indicates that the methodology is able to capture both the

sign and the persistence of the responses. Clearly, magnitudes are imprecisely estimated - this

would be case even if we double the sample size. But overall, the approach does a good job in

reproducing the main qualitative features of the DGP, even with a relatively small sample. Thus,

not only structural estimates are more reliable; economic inference is likely to be less prone to

�mismatch�distortions.
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Figure 5: Model based impulse responses, true and estimated with �exible approach.

5 Does it make a di¤erence for inference which approach one uses?

In this section I show that the approach I suggest not only captures the statistical properties of the

data better than standard transformations; it also produces signi�cantly di¤erent interpretations

of the economic phenomena. To do this, I examine interesting functions of the parameters in the

toy model I have been working with so far and in a more standard medium scale DSGE model,

which has been widely used in the recent macroeconometric literature.

5.1 The slope of the Phillips curve and policy activism

Two objects which are often of interest in the policy discussion, are the slope of Phillips curve, kp,

which measures how much changes in marginal costs (real activity) are translated into in�ation

changes and the policy activism parameter
�y

���1
, which gives a sense of how important the output

stabilization objective is in the policy rule of the Central Bank relative to the in�ation stabilization

objective. Estimates of �p are relatively similar across standard data transformations (see bottom
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of table 1) with values �uctuating from 0.01 to 0.06, but standard deviations are very tight, making

even small posterior di¤erences statistically signi�cant. Applying the �exible approach I suggest to

the same data set and imposing a joint smoothness restriction on the volatility of the non-cyclical

component of output and real wages, yields a point estimate for �p of 0.55 with a posterior standard

error of 0.12. Thus, while the Phillips curve is almost vertical when parameters are estimated with

standard transformations, there are important spillovers from marginal costs to in�ation when the

parameters are estimated with the �exible approach.

What are the features of the monetary policy rule in place during the �Great In�ation� of

the 1970s and the return to norm of the 1980s and 1990s? Is the characterization o¤ered by the

�exible approach di¤erent from the one provided by standard transformations? In �gure 5 I plot the

posterior density of the policy activism parameter obtained when the data is linearly detrended (left

box) or HP �ltered (central box) prior to estimation and when the �exible approach is employed

to estimate the structural parameters (right box) for the samples 1964:1-1979:4 and 1984:1-2007:4.

The posterior density of the policy activism parameter shifts to the left in the second sample when

HP �ltered data is used and, for example, the posterior median moves from -0.23 in the �rst sample

to -0.33 in the second. This left shift of the posterior density is absent when LT data is used in the

estimation and, if anything, the median of the posterior in the second sample increases from -0.38

to 0.12 - note that for the 1984-2007 sample the posterior is bimodal, suggesting the presence of two

regimes within the second sample. In both cases the Kolmogorov-Smirnov statistic rejects the null

that the posterior distributions are the same. Thus, there appears to be a structural break, even

though it is not clear in which direction the movement is: with LT data, output gap considerations

have become relatively less important; with HP data, the opposite appears to be true. When the

�exible approach is used to estimate the structural parameters, the posterior densities of
�y

���1
are

quite spread out in the two samples and considerably overlap. Interestingly, although the median

of the posterior marginally decreases (from 0.22 to 0.l6) when we move from the �rst to the second

sample, the change is statistically insigni�cant. Similarly, the Kolmogorov-Smirnov statistic does

not reject the null that the distributions in the two samples are the same. Thus, the evidence in

favour of a structural break in the conduct of monetary policy appears to be much weaker.

Why are the results so di¤erent? Apart from the distortions in parameter estimates mentioned

in previous subsections, standard transformations fail to account for the uncertainty present in the

speci�cation of the non-cyclical component. Thus, by underestimating the spread of the posterior

densities, they give a falsely sharper characterization of the changes the data display.

5.2 Sources of output and in�ation �uctuations

In standard medium scale cyclical DSGE models, like the one employed in [30] and [31], important

macroeconomic variables are primarily driven by markup shocks. Since these shocks are an unlikely

source of cyclical �uctuations, [9] have argued that misspeci�cation is likely to be present (see [25]
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Figure 6: Posterior distributions of policy activism parameter, samples 1964:1-1979:4 and
1984:1-2007:4. LT refers to linearly detrended data, HP to Hodrick and Prescott �ltered data and

Flexible to the approach this paper suggests.

for an alternative interpretation of these shocks). Researchers working with this type of models

use �ltering devices to �t the model to the data (as in [30]), arbitrarily data transformations

(as in [31]) or build a non-cyclical component in the model (as in [25]) and use model-consistent

data transformations to estimate the structural parameters. What would the approach of this

paper tell us about sources of cyclical �uctuations in output and in�ation relative to standard

transformations? To answer this question, I take the same model and the same data set used in

[31] but I modify the setup in four ways. First, I do not allow MA terms in price and wage markup

disturbances: all shocks have a standard AR(1) structure. Second, the model is solved in deviations

from the steady state, rather than from the �exible price equilibrium, which is the most common

setup. Third, no rescaling of the shocks is performed. Fourth, the policy rule does not include a

term concerning output growth, again a more standard choice.

Table 3 reports results obtained eliminating a linear trend from the variables, taking growth

rates of the real variables and demeaning nominal ones and using the �exible link suggested in the

paper. When a linear trend is removed from the variables the forecast error variance decomposition

of output at the �ve years horizon is indeed primarily driven by price markup shocks, with a

considerably smaller contribution of investment speci�c and preference shocks. For in�ation, price

markup shocks account for almost 90 percent of the forecast error variability at the �ve years
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horizon. When the model is instead �tted to growth rates, price markup shocks account for over

90 percent of the variability of both output and in�ation at the �ve years horizon. Thus, even

without some of the standard bells and whistles used in the literature, the conclusion that markup

shocks dominate remains. When the �exible bridge I suggest in this paper is used, the non-cyclical

component of real variables is restricted to have a common structure (there are only two parameters

simultaneously controlling the non-cyclical component of output, consumption, investment) and

a measurement error is allowed in each equation, the picture is considerably di¤erent. Output

�uctuations at the �ve year horizon are driven almost entirely by preference disturbances. On the

other hand, in�ation �uctuations are jointly accounted for by wage markup, TFP and price markup

disturbances. Hence, while it is still true that the model is less structural than one would like - �

black box�disturbances still dominate - the role of markup shocks is considerably reduced when the

�exible approach proposed in this paper is used to estimate the parameters of the cyclical model.

LT FOD Flexible

Output In�ation Output In�ation Output In�ation
TFP shocks 0.01 0.04 0.00 0.01 0.01 0.19

Gov. expenditure shocks 0.00 0.00 0.00 0.00 0.00 0.02
Investment shocks 0.08 0.00 0.00 0.00 0.00 0.05

Monetary policy shocks 0.01 0.00 0.00 0.00 0.00 0.01
Price markup shocks 0.75(*) 0.88(*) 0.91(*) 0.90(*) 0.00 0.21
Wage markup shocks 0.00 0.01 0.08 0.08 0.03 0.49(*)
Preference shocks 0.11 0.04 0.00 0.00 0.94(*) 0.00

Table 3: Variance decomposition at the 5 years horizon. Estimates are obtained using the median of the

posterior of the parameters. A (*) indicates that the 68 percent highest credible set is entirely above 0.10.

The model and the data set used are the same as in [31]. LT refers to linearly detrended data, FOD to

growth rates and Flexible to the approach this paper suggests.

6 Conclusions

I have argued that estimating cyclical DSGE models with either transformed or �ltered data is

theoretically incorrect and may lead to serious distortions in the estimates of the structural para-

meters. There are two reasons for the distortions. First, the transformed/ �ltered data imperfectly

measures �uctuations appearing at frequencies corresponding to cycles of 8-32 quarters. Second,

the cyclical component that a model produces is not entirely located at these frequencies and,

viceversa, the non-cyclical component may have important power at business cycle frequencies.

The consequences of these two speci�cation errors could be important, both statistically and eco-

nomically, because income and substitution e¤ects are distorted, the volatilities and persistence of

the shocks over or underestimated and the decision rules of the agents altered.
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I propose an alternative methodology which allows researchers to estimate cyclical DSGE mod-

els using the raw data. The procedure has several advantages over competitors: there is no need

to build an arbitrary non-cyclical component into a DSGE model nor to worry about its exact

time series features; the procedure eliminates by construction the �rst source of measurement error

and considerably reduces the second because the spectrum of the data is endogenously split into

a cyclical and a non-cyclical part; it takes into account the uncertainty in the speci�cation of the

non-cyclical component when deriving estimates of the structural parameters; and it reduces iden-

ti�cation problems that model-based transformations produce. Finally, the speci�cation I suggest

allows us to bring into the structural cyclical model aspects of the reduced form non-cyclical portion

when this is deemed useful without any need to alter the estimable structure.

I have shown both the distortions induced by standard �ltering approaches and the properties

of the alternative methodology using data generated from a simple New Keynesian model and

compared the posterior distribution of interesting economic quantities in the actual data. Clearly,

the problems I highlight are general and could be important in a variety of situation. The �exible

approach seems to work well both when problems are likely to be important and when they are

likely to be minor.
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Appendix (not intended for publication)

A. The basic DSGE model

The bundle of goods consumed by the representative household is

Ct =

�Z 1

0
Ct(j)

�t�1
�t dj

� �t
�t�1

(15)

where Ct(j) is the consumption of the good produced by �rm j and �t the elasticity of substitution

between varieties. Maximization of the consumption bundle, given total expenditure, leads to

Ct(j) =

�
Pt(j)

Pt

���t
Ct (16)

where Pt(j) is the price of the good produced by �rm j. Consequently, the price de�ator is

Pt =
�R 1
0 Pt(j)

1��tdj
� 1
1��t and PtCt = [

R 1
0 Pt(j)Ct(j)dj].

The representative household chooses sequences for consumption and leisure to maximize

E0

1X
t=0

�t
�
Xt

1

1� �c
(Ct � hCt�1)1��c �

1

1 + �n
N1+�n
t

�
(17)

where Xt is an exogenous utility shifter following an AR(1) in logs:

�t = ���t�1 + �
�
t (18)

where �t = lnXt and �
�
t � N(0; �2�). The household budget constraint is

PtCt + btBt = Bt�1 +WtNt (19)

where Bt are one-period bonds with price bt, Wt is nominal wage and Nt is hours worked.

There is a continuum of �rms, indexed by j 2 [0; 1], each of which produces a di¤erentiated
good. The common technology is:

Yt(j) = ZtNt(j)
1�� (20)

where Zt is an exogenous productivity disturbance following an AR(1) in log,

zt = �zzt�1 + �
z
t (21)

where zt = lnZt and �zt � N(0; �2z). Each �rm resets its price with probability 1 � �p in any t,

independently of time elapsed since the last adjustment. Therefore, aggregate price dynamics are

�1��tt = �p + (1� �p)(P �t =Pt�1)1��t (22)
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A reoptimizing �rm chooses the P �t that maximizes the current value of discounted pro�ts

max
P �t

1X
k=0

�kpEtQt;t+k
�
P �t Yt+kjt � TCt+k(Yt+kjt)

�
(23)

subject to the sequence of demand constraints

Yt+kjt =

�
P �t
Pt+k

���t+k
Yt+k (24)

k = 0; 1; 2; ::: where Qt;t+k � �k(Ct+k=Ct)(Pt=Pt+k), TC(:) is the total cost function, and Yt+kjt
denotes output in period t+ k for a �rm that reset its price at t.

Finally, the monetary authority sets the nominal interest rate according to

rt = �rrt�1 + (1� �r)(���t + �ygdpt) + �mst (25)

where �mst � N(0; �2ms).

The �rst order conditions of the optimization problems are:

0 = Xt(Ct � hCt�1)��c � �t (26)

0 = �N��n
t � �t

Wt

Pt
(27)

1 = Et

�
�
�t+1
�t

Pt+1
Pt

Rt

�
(28)

0 =

1X
k=0

�kpEtQt;t+kYt+kjt

h
P �t �Mt+kMCnt+kjt)

i
(29)

where �t is the Lagrangian multiplier associated with the consumer budget constraint, Rt � 1+it =
1=bt is the gross nominal rate of return on bonds, MCn(:) are nominal marginal cost and

Mt = �e�
�
t (30)

where ��t � N(0; �2�) and � is the steady state markup.

Market clearing requires

Yt(j) = Ct(j) (31)

Nt =

Z 1

0
Nt(j)dj (32)

and letting the aggregate output be GDPt �
�R 1

0 Yt(j)
�t�1
�t dj

� �t
�t�1

we have Ct = GDPt.



REFERENCES 28

B. The basic DSGE model with non-stationary preference shocks

Let Y o
t be a N � 1 vector of observables and let:

Y o
t = �(��; #�) +Hnsxnst +Hsxst (33)

where xst is Ns � 1 vector containing the variables rescaled by the non-stationary preference shock
in log deviations from the steady state, �(��; #�) is a N �1 vector of the logarithm of the (rescaled)
variables at the steady state, and xnst is Nns � 1 vector containing the logarithm of the non-

stationary preference shock. Hns is a N � Nns a selection matrix and Hs is a N � Ns selection

matrix. Finally, � 2 �s is the vector of structural parameters describing the stationary dynamics of
the DSGE model and # 2 �ns is the vector of parameters that de�ne the non-stationary dynamics.
Moreover, �� 2 ��s � �s and #� 2 ��ns � �ns are the vectors of parameters that a¤ect the steady
state values. Rescaled variables, xst , evolve according to

xst+1 = �(�; #)x
s
t +	(�; #)�t+1 �t � N(0;�(�; #)) (34)

where �t is the vector of the structural innovations of the shock processes, �t = [�
ns
t ; �

s
t ]
0. It turns

out that, for the particular model we have chosen, these equations are given by

wt = �n(yt � zt)� �t +
1

1� h(yt � hyt�1 � he
X;P
t ) (35)

rt = �rrt�1 + (1� �r)(�yyt + ���t) + vt (36)

�t �
1

1� h(yt � hyt�1 � he
X;P
t ) = Et[�t+1 �

1

1� h(yt+1 � hyt � he
X;P
t+1 ) + rt � �t+1 + �ne

X;P
t+1 ]

(37)

�t = �Et�t+1 + �p (wt + zt + �t) (38)

where �p = 1��
1��+��

(1���p)(1��p)
�p

. The vector of non-stationary shock processes logXP
t is assumed

to follows

lnXP
t = lnX

P
t�1 + e

X;P
t (39)

while the vector of stationary shock processes is

log zt = �z log zt�1 + e
z
t (40)

log�t = ��log�t�1 + e
�
t (41)

vt = evt (42)

�t = e�t (43)
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Thus:

xst = [yt; wt; �t; rt; zt; �t]
0 (44)

xnst = lnXP
t (45)

�st = [ezt ; e
�
t ; vt; �t]

0 (46)

�nst = eX;Pt (47)

�(�; #) = [ln ys; lnWs; ln�s; lnRs]
0 (48)

Hns = [1; 0; 0; 0]0 (49)

Hs =

�
I4�4 04�2

�
(50)

� = [h; �n; �r; �y; ��; kp; �z; ��; �z; �x; �r; ��] (51)

# = �X;P (52)

C. The medium scale DSGE model

We only brie�y sketch the log-linearized conditions used since the non-linear equations and their

transformations are fully described in the appendices of [31] and [?].

(a): The variables of the model

Label De�nition
yt : output
ct : consumption
it : investment
qt : Tobin�s q
kst : capital services
kt : capital
zt : capacity utilization
rt : real rate
�pt : price markup
�t : in�ation rate
�wt : wage markup
Nt : total hours
wt : real wage rate
Rt : nominal rate
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(b): The parameters of the model

Label De�nition
�c elasticity of intertemporal substitution
�l elasticity of labor supply with respect to real wages
h habit persistence parameter
� depreciation rate
�p � 1 share of �xed costs in production
� steady state elasticity of capital adjustment cost function
 positive function of the elasticity of capital utilization adjustment costs function.
� share of capital services in production

p price indexation parameter
�p price stickiness parameter
�p curvature of good market aggregator

w wage indexation parameter
�w wage stickiness parameter
�w curvature of labor market aggregator

Label De�nition
�r interest smoothing parameter
�� in�ation parameter
�y output parameter
gy government expenditure to output ratio
ky steady state capital output ratio
r� = ��1 steady state rental rate
w� steady state real wage rate
N�=C� steady state hours to consumption ratio
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(c): The equations of the model (in deviation from steady states)

yt = (1� gy � � ky)ct + � ky it + r� ky zt + gt (C.1)

ct =
h
1+hEtct+1 +

h
1+hct�1 �

(�c�1)w�N�=C�
(1+h)�c

(Nt � EtNt+1)� 1�h
(1+h)�c

(Rt � Et�t+1 + ebt) (C.2)

it =
�
1+�Etit+1 +

1
1+�xt�1 +

��1

1+� qt + e
i
t (C.3)

qt = �(1� �)Etqt+1 + (1� �(1� �))Etrt+1 � (Rt � Et�t+1 + ebt) (C.4)

yt = �p(�k
s
t + (1� �)Nt + e

a
t ) (C.5)

kst = kt�1 + zt (C.6)

zt =
1� 
 rt (C.7)

kt+1 = (1� �) kt + � it + � (1 + �)  eit (C.8)

�pt = �(kst �Nt) + e
a
t � wt (C.9)

�t =
�

1+�
p
Et�t+1 +


p
1+�
p

�t�1 � Tp�pt + e
p
t (C.10)

rt = �(kt �Nt) + wt (E.11)

�wt = wt � (�lNt + (1� h)�1(ct � hct�1) (C.12)

wt =
1
1+�wt�1 +

�
1+� (Et�t+1 + Etwt+1)�

1+�
w
1+� �t +


w
1+��t�1 � Tw�

w
t + e

w
t (C.13)

Rt = �rRt�1 + (1� �r)(���t + �yyt) + ert (C.14)

The seven disturbances are: TFP shock (eat ); monetary policy shock (e
r
t ); investment shock (e

i
t);

price markup shock (ept ); wage markup shock (e
w
t ); risk premium shock (ebt); government

expenditure shock (egt ). The compound parameters in equation (C.11) and (C.13) are

de�ned as: Tp � 1
1+
p

(1���p)(1��p)
((�p�1)�p)�p

and Tw � 1
1+�

(1���w)(1��w)
((�w�1)�w)�w

.

(d): The process for the shocks

et = (eat ; e
r
t ; e

i
t; e

p
t ; e

w
t ; e

b
t ; e

g
t )

et = �et�1 + �t

where both � and � = Et�t�
0
t are diagonal.
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D. Additional Tables

LT HP FOD BP

Median (s.e.) Median (s.e.) Median (s.e.) Median (s.e.)

�c 1.68 (0.30) 1.53 (0.26) 0.04 (0.01) 2.98 (0.49)
�n 1.73 (0.15) 1.62 (0.12) 5.28 (0.07) 0.55 (0.06)
h 0.85 (0.03) 0.87 (0.03) 0.40 (0.01) 0.89 (0.02)
� 0.05 (0.02) 0.08 (0.03) 0.41 (0.01) 0.04 (0.02)
�r 0.18 (0.06) 0.16 (0.05) 0.64 (0.01) 0.13 (0.03)
�� 1.36 (0.07) 1.36 (0.08) 1.48 (0.02) 1.42 (0.06)
�y -0.17 (0.03) -0.17 (0.04) 0.05 (0.00) -0.11 (0.03)
�p 0.82 (0.01) 0.82 (0.02) 0.64 (0.01) 0.83 (0.01)
�� 0.66 (0.04) 0.67 (0.04) 0.54 (0.01) 0.81 (0.03)
�z 0.97 (0.02) 0.97 (0.01) 0.99 (0.01) 0.76 (0.02)
�� 0.63 (0.18) 0.65 (0.21) 4.63 (0.07) 0.45 (0.12)
�z 0.19 (0.04) 0.23 (0.05) 2.89 (0.19) 0.14 (0.02)
�mp 0.11 (0.01) 0.11 (0.01) 2.69 (0.14) 0.12 (0.01)
�� 23.13 (1.99) 29.07 (0.94) 7.63 (0.10) 30.22 (1.12)

Table D.1 Parameters estimates obtained with standard transformations; real variables �ltered, nominal

variables demeaned.


