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Abstract

Constructing empirical specifications for structural economic models is difficult, if not impos-
sible. As shown in this paper, even minor misspecifications may lead to large distortions for
parameter estimates and implied model properties. We propose a novel concept, namely an
agnostic structural disturbance (ASD), that can be used to both detect and correct for mis-
specification of structural disturbances and is easy to implement. While agnostic in nature,
the estimated coefficients and associated impulse response functions of these ASDs allow us
to give them an economic interpretation. We adopt the methodology to the Smets-Wouters
model and formulate an improved risk-premium and an improved investment-specific pro-
ductivity disturbance.

Keywords: DSGE, full-information model estimation, structural disturbances

1. Introduction

Exogenous random shocks are the lifeblood of modern macroeconomic business cycle
models. They enter the model as innovations to structural disturbances that affect key
aspects of the model. Recent generations of business cycle models include a multitude of

structural disturbances. Structural disturbances impose restrictions on model equations and,
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thus, on the model’s solutions. Therefore, each structural disturbance has to enter each
model equation correctly. This is a concern, since we often do not have independent evidence
on how structural disturbances should affect the system. For example, should a risk-premium
disturbance affect all Euler equations or only some? Is it correct to assume that structural

14

disturbances are uncorrelated as is commonly done? Chari et al. (2007) propose “wedges”
as alternatives to standard structural disturbances, but wedges also impose restrictions.

The contributions of this paper are threefold. First, we propose the agnostic structural
disturbance (ASD) as an alternative type of structural disturbance. The procedure simply in-
volves adding structural disturbances with associated reduced-form coefficients to each model
equation or alternatively to each policy rule. In contrast to regular structural disturbances
and wedges, ASDs impose no additional restrictions on policy rules. Nevertheless, they are
different from measurement error, because they are structural and propagate through the
system like regular structural disturbances. The procedure of |(Cirdia and Reis (2012)) shares
with ours the ability to deal with correlated structural disturbances, but their disturbances
still impose all the restrictions on model equations of regular structural disturbances.

Our ASD procedure can be used to test whether regular structural disturbances are cor-
rectly specified and to enrich an empirical specification by adding ASDs as additional struc-
tural disturbances. Using Monte Carlo experiments, we document that the ASD procedure
is capable of detecting and correcting for misspecification in samples of typical size.

The second contribution of our paper is to test whether the structural disturbances of the
model in Smets and Wouters| (2007) (SW) are correctly specified using the same US postwar
data set. We find that the risk-premium and the investment-specific productivity disturbance
are not. We use our procedure to improve on the SW empirical specification. Our preferred
specification (based on marginal likelihood considerations) has three ASDs and excludes the
SW risk-premium and the SW investment-specific disturbance.

Although the ASD procedure itself does not rely on any economic reasoning, the estima-
tion results — both the associated coefficients and their impulse response functions (IRF's)
— may reveal a lot about the type of structural disturbance the data has identified. For

example, we interpret one of the ASDs in our adjusted empirical specification of the SW
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model as an “investment-modernization” disturbance, because it stimulates investment, but
at the same time leads to faster depreciation of the existing capital stock. The second ASD
of our empirical model has features in common with both a risk-premium and a preference
disturbance but is also different from both. Finally, the third ASD captures increases in the
wage mark-up disturbance that are associated with an increase in the utilized capital stock.

The third contribution of our paper consists of showing that minor misspecifications of
the empirical model regarding structural disturbances can easily lead to large distortions for
parameter estimates and model properties, such as business cycle statistics and IRFs. We
document that ASDs can alleviate these problems.

The next section explains the ASD procedure. Section [3| documents the ability of ASDs
to detect and correct for misspecification using Monte Carlo experiments for a typical appli-
cation. Section {4 discusses the results when our procedure is applied to the SW model on

US data. Section Bl concludes.

2. Agnostic Structural Disturbances

We use a simple business cycle model to explain what ASDs are and how they can be used
for building theoretical models that one wants to bring to the data. [Appendix A] provides

a general formulation.

2.1. Model

Agents’ choices for consumption, Cy, investment, I, and capital, K; are the outcomes of

the following maximization problem:

00 01*7 -1
may 3w 1 1)

{Ct+j,ft+j7Kt+j}?iO j=0 1 B P)/
s.t.
eaa,tKg_l — Ct -+ It —+ efgat67 (2>

Kt = (1 — 5)Kt_1 + Ites"*t. (3)
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This model contains three exogenous random variables. Using the terminology of (Chari
et al| (2007)), these are an efficiency wedge, €,, an investment wedge, ¢;;, and a government
consumption wedge, £,4;. Consistent with the literature, the variables are generated by the

following stochastic process:

Emt = PmEm,i—1 + OmTm,t, M € {aa ia 9}7 (4)

Et[nm,m] =0, Et[ﬁi,m] =1, and Et[nm,tﬂnm*,tﬂ] =0 for m # m". (5)

This economy is represented with the following set of linearized first-order conditions:ﬂ

1—-p6(1-96 1—06(1—=36)p;
Et[ct+1 - Ct] = #(ﬂaé‘a,t + (Oé — 1)]{,5) + ﬁ(’y )p Eity (6&)
7(5(17,5 + Ollft_l) = T T:t + 6@ + @59775, (6b)
. I
k}t = (1 — 6)]%71 + ?Zt + ?&',ta (66)

where lower case letters denote variables expressed as a percentage difference from their
steady state values and X indicates the steady state value of variable X,.

The random disturbances can be interpreted literally as regular exogenous structural
disturbances affecting the economy. As illustrated in (Chari et al.| (2007), however, these
wedges can also be seen as manifestations of frictions in more elaborate models or as the part
that is not modeled explicitlyﬂ Although they are somewhat general, these three wedges do
impose restrictions on the model and they differ from each other exactly because of these
restrictions. First, none of the wedges appear in all equations, which is typical. Second, the
model imposes cross-equation restrictions that depend on the structural parameter values of

the model Pl

IThroughout this paper, we focus on linearized systems and treat those as the true data generating
process. We do this because most structural empirical macroeconomic models are based on such systems. In
principle, one could include ASDs in nonlinear systems as well.

2Moreover, a wedge can be given different interpretations. For example, £, could be a fixed cost to
production or it could be government spending that agents do not value.

3Inoue et al. (2015) provide a formal analysis for using wedges to detect and identify misspecification.
Their wedges also only appear in a limited set of equations and, thus, also do impose parameter restrictions.

4
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The three policy functions for this model can be expressed as follows.

G = Ac(ql)kt—l + Bc,a(\P)Ea,t + Bc,i(qj)gi,t + Bc,g(lll)eg,h (7&)
it = Ai<\11)kt_1 —+ Bi,a(qj)éa,t + Bi,i<\11)5z’,t + Bz‘,g(‘lf)ﬁg’h (7b)
ke = Ap(W)ki—1 + Bro(V)ear + Bri(V)eir + Brg(V)eg s, (7c)

where W is a vector containing the structural parameters. This system also makes clear that
wedges impose cross-equation restrictions. The A;(¥) and B;,, (V) coefficients are nonlinear
functions of the structural parameters, ‘Ilf_f] In linear frameworks, disturbances only differ in
how they affect the economy on impact. After impact they propagate through the economy

in the same way, as described by the A;s.

Possible misspecification Misspecification occurs in many different forms. One could
miss a particular disturbance or include one that should not be included. Another possibility
is that a structural disturbance is not incorporated correctly in all model equations. This
is more likely to occur in larger models. However, misspecification is a also possible in the
model at hand which has just three equations. For example, the government expenditure
disturbance could very well affect the utility of the agent and/or the production function.
Also, the investment disturbance may affect the depreciation rateE] Another possible mis-
specification is that, contrary to common practice, the structural disturbances are correlated
with each other. Using a New Keynesian business cycle model, |Curdia and Reis| (2012) docu-
ment that structural disturbances are correlated and ignoring this correlation leads to wrong

inference.

2.2. Introducing Agnostic Structural Disturbances

ASDs can replace regular structural disturbances or they can be added to the existing

set. Adding structural disturbances to model equations is incredibly simple: Each ASD is

4See |Campbell| (1998) for the derivation and discussion of such policy functions.
5In Section 4| we provide empirical evidence in support for this possibility.

5



added to each equation with a reduced form coefficient. When we add two ASDs, denoted

€at and €p4, to the model of this section, then we getﬂ

e — e = 0= = )k + [TraTasllEnidind (30)
Yake_y = Tiy + Cey + [To.a Yo 5|[Easfra], (8b)
k= (1= 8)ky_y + %z’t + [ T34 s 5)[EailB, (8¢)
[Eat,EBe) = =Pt + 1. (8d)

o Each ASD is allowed to enter each equation without any restrictions. Moreover, they enter

<

1 the system in a symmetric manner. A priori, there is, thus, no difference between the different

<]

<]

> ASDs. It is not restrictive to exclude future realizations of the ASDs from the equations.
s What matters is the expectation of these variables and this is captured by the current-period

values as long as the ASDs are first-order Markov processes.

g
i

The vector 7, contains the ASD innovations. Their standard deviations can be normalized
to 1, since the Ts are reduced-form coefficients. ASD innovations are assumed to be uncor-
related, but the disturbances can be correlated because P does not have to be a diagonal

matrix.ﬂ Thus, the vector with the ASD innovations, 7, satisfies
E¢[7:41] = 0 and Et[ﬁt+1ﬁz{,+1] = I. (9)

The policy functions for this model with two ASDs can be expressed as follows.

¢t = Ac(W)ky_1 4 Boa(V)eas + Bep(W)eny, (10a)
i = Af(W)ki_y + B; a(V)Eas + Bip(V)epy, (10b)
k’t = Ak(\lf)k?t_l + Ek,A(\D)gA,t + Ek,B(\P)gB,t, (10C)

5We have left out the three regular structural disturbances to keep the equations concise.
"Correlated innovations can be described by a combination of uncorrelated innovations. Such a setup is
fine for agnostic disturbances.



where A, (V) has the standard solution which does not depend on whether the disturbances

are regular or ASDs. The coefficients in these equations are equal to

_ T (A= A0) (Tom — B2

K

B, = — , (11a)
(A=A (V) E+p—1
5 _CBem + Tom (11b)
j
B L5 +7 (11c)
m — =—=Dim m C
k, s 3,
1—B(1—
A 1ZB0=0) 0y (11d)
/‘)/

ss 'The expressions for the éjm(\If) coefficients illustrate the structural nature of ASDs because

s they depend both on the reduced-form T coefficients and the structural parameters of the
sz model, W,

Although the Ejm(\lf) coefficients depend on W, their values are fully unrestricted. That

i, Bemn(¥), Bim(¥), and By, (¥) can take on any set of values by appropriate choice of

Y1 (), Tom (), and Ts,, (V). Since the Ejﬁm(\lf) coefficients are unrestricted, an alterna-

tive way to implement ASDs is to add them directly to the policy functions with reduced-form

coefficients, that is

Ct = Ac(\Ij)kt—l + Ec,AgA,t + Ec,BgB,ta (12&)
iv = A;(V)k_1 + éz’,AgA,t + Ei,BgB,ta (12b)
ky = Ar(W)ki—qy + Ek,AgA,t + Ek,BgB,ta (12¢)

ss Lhis illustrates that the ASD procedure adds to the policy functions an unobserved compo-
g nents block. Describing time-series fully or partly with unobserved components has a rich
o history in macroeconomicsff| This paper does more than that. Section [dillustrates how ASDs
a1 can be used as a formal test of the correct specification of regular structural disturbances

o2 and how ASDs can be used to improve upon the specification of structural disturbances.

8See, for example, [Stock and Watson| (1999).
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The data provide information about the coefficients of the unobserved components block,
i.e., the B coefficients. However, to give an economically meaningful interpretation of the
ASDs the T coefficients are important. The link between the B and the T coefficients will
be discussed in more detail in Section

2.3. ASDs and misspecification

ASDs can detect different types of misspecification. The procedure will indicate an addi-
tional structural disturbance is needed if adding an ASD improves model fit with the proper
adjustment for the additional parameters introduced by the ASD. If replacing a regular
structural disturbance by an ASD leads to improved model fit (adjusted for the number of
parameters), then this indicates that the regular structural disturbance in question either
needs to be modified or should not play a role in the empirical model.

Curdia and Reis (2012) test whether regular structural disturbances are dynamically cor-
related, that is, the innovations are orthogonal but lagged values of disturbances can affect
current values of other disturbances. They find empirical evidence for such dynamic corre-
lation ] ASDs can represent the role of correlated disturbances even if P is diagonal, which
means that the ASDs are uncorrelated since the innovations of ASDs are assumed to be
orthogonal. For example, suppose that both the efficiency wedge, €,; and the investment
wedge, €;, are driven by a common component and an idiosyncratic component. Then an
empirical model with three ASDs can capture the role of the three different random compo-
nents. One vector of T coefficients would capture the effect of the common component on
the equations which would combine the effects of the ¢, and the ¢;,; disturbance. The other
two Y vectors would capture the effects of the idiosyncratic components which would be the
separate effect of the wedges.

ASDs can also capture measurement error. The ASD system as specified in Equation

9Galizial (2015) shows that correlated estimates of the innovations of structural disturbances can be a
sign of model misspecification. The paper demonstrates that the cross-correlations distorts the estimated
variance decomposition of the model and proposes a method to mitigate this problem. As we show below,
ASDs also help with getting a lower cross-correlation between the estimated innovations.
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can capture measurement error in the control variables ¢; and itm To correctly represent
measurement error in the state variable, k; one would have to add lagged ASD wvalues to
the system.E Although ASDs are general enough to encompass measurement error, typical
ASDs differ in a fundamental way from measurement error. In general, ASDs are structural
disturbances and propagate through the system like regular structural disturbances, that is,
according to the A(¥) coefficients. Measurement error does not/?|

ASDs are designed to deal with misspecification of structural disturbances that would
distort the B(W) coefficients. Is the ASD procedure also able to deal with misspecification
that affects the A(¥) coefficients? Suppose one compares an empirical model with only
one ASD with one that contains one regular structural disturbance and this disturbance
is correctly specified. Moreover, both use 121\(\11) which differs from the true A(¥). The
ASD specification can still fully represent the correct policy function as long as there is a
U such that A(¥) = A(¥). The specification with the regular structural disturbance faces
a dilemma. With U it gets the A coefficient right, but the B coefficient wrong because it
is improbable that B(¥) = B(W). If it chooses the correct value for W then it gets B right
but A wrong. The flexibility of the ASD procedure makes it more likely it gets the policy
function coefficients right, not only in terms of the B , but also in terms of the A coefficients.
However, the example shows that this may come at the cost of larger distortions in estimates
of W if the ASD replaces a correctly specified regular structural disturbance.

Although our procedure can potentially alleviate misspecification of the A(¥) matrix, we
think of our procedure as a first step to understand where the model needs improvement not

as a complete model evaluation.

100 see this simply replace ¢; with cops ¢ + € in Equation @ After taking expectations one is left with
just the current-value of the measurement error term, &;.

11 Adding lagged values of the ASDs will increase the types of misspecification ASDs can detect. For
example, this richer ASD specification could detect whether the period-t value of the productivity disturbance
is known in period ¢, as is commonly assumed, or is known in period t — 1, that is, when there are “news”
shocks.

2When €4,+ picks up measurement error in ¢; or i;, then the Ek 4 coeflicient associated with €4 would
be equal to zero. When an ASD in the enhanced system with lagged ASDs picks up measurement error in
k¢, then there is also a set of restrictions such that the A(¥) coefficients do not matter for the propagation
of ’EVAyt.
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2.4. Identification

The data provide information about the A and the B coefficients. To understand whether
the A and the B coefficients can be estimated it is useful to think of the model variables as
MA processes. With M ASDs, ¢; is a sum of M MA processes. The parameters of each MA
process depend on: A.(¥), Ax(V), Ecgm, and Ekm,m € {1,---,M}. Thus if one uses just
¢; as an observable, then one can estimate these A and B coefficients, but one would not be
able to estimate the ASD coefficient in the investment policy function, E,m If one replaces
regular structural disturbances with ASDs, then it may be harder to identify W. That turns
out not to be an issue in our empirical application presented in Section [

The As and Bs determine the policy functions and moment properties. These may provide
some information on the nature of the ASD. The Ts indicate how ASD enters each and every
equation. In the empirical application in Section |4, we find that knowing the Ts is especially
useful for interpreting the different ASDs. So the question arises whether knowing the Bs is
enough to determine the Ts. Equation 1) makes clear that knowing Eqm, Eim"m and Ekm
is necessary but not sufficient to determine lem, Tgym, and T&m In addition, one would

need certain combinations of the structural parameters/™]

2.5. ASDs versus DSGE-VARs

[reland, (2004)) and Del Negro et al.| (2007) combine a DSGE model with a reduced-form
VAR that contains the observables. There are several key differences between these two
approaches and ours.

The DSGE-VAR specification is best compared with the system given in Equation ((12))
which adds ASDs to the policy functions. However, an advantage of the ASD procedure is
that one can also obtain the specification given in Equation that determines how the

disturbances affect model equations. This knowledge is helpful in interpreting the nature of

13T estimate all three B coefficients one would need data on both consumption and investment.
(A=A (V)

HFor example, the following expression would need to be identified: e
(A=A () F+p—1

10
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the ASDs as shown in Section 4 This cannot be done with the DSGE-VAR approach.

The ASD approach focuses on a particular type of misspecification, which allows it to
use aspects of the model that are assumed to be not affected by the misspecification, namely
A(V). The DSGE-VAR approach is more ambitious and also directly considers misspeci-
fication of A(V). Introducing a VAR into the empirical model means that the number of
disturbances necessarily increases by a number equal to the number of variables in the VAR.
Moreover, adding a VAR introduces many more parameters unless the number of observables
is small. By contrast, our procedure allows for a more parsimonious approach and could con-
sist of adding just one new disturbance or replacing one regular structural disturbance with
an agnostic structural disturbance.

These differences imply that our approach is more efficient in terms of the number of
parameters that it has to estimateﬂ The price of parsimony is that our procedure is not
designed to detect misspecification unrelated to structural disturbances, that is, misspecifica-
tion associated with restrictions imposed by A(V). However, as discussed above the flexibility
of our procedure may still alleviate misspecification of A(¥V). The DSGE-VAR approach ex-
plicitly allows misspecification in A(¥). However, |Chari et al.| (2008) point out that the VAR
with a finite number of lags that does not contain all the model’s state variables is likely
to be misspecified. This means that the DSGE-VAR approach cannot deal with all possible
misspecifications either.

Another difference emerges as the sample size goes to infinity. With the DSGE-VAR
approach one has two “competing” empirical specifications, a DSGE model and a VAR.
Since every DSGE suffers from at least some minor misspecification, one can expect the VAR
to fully take over as the sample size goes to infinity. If that happens, then one is left with
a reduced-form model. This will never happen with our approach, since the propagation of

state variables will always be determined by A(W).

15For example, for the popular DSGE model of Smets and Wouters| (2007) with 7 observables, a VAR with
4 lags would mean estimating 204 additional coefficients. As discussed in Section [4] the implementation of
our procedure for this model means estimating twelve more parameters.

11
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3. Small-Sample Monte Carlo experiments

In this section, we use two small-sample Monte Carlo experiments to demonstrate that
ASDs can be used to detect and correct for misspecification in a typical empirical application.
As a byproduct, it is shown that the consequences of minor misspecifications in modeling the
regular structural disturbances can lead to large distortions in terms of parameter estimates

deviating from their true values. Each experiment consists of 1,000 replications. Additional

details and results are discussed in [Appendix C]

3.1. True model and empirical specifications.

We use the New Keynesian model of |[Smets and Wouters (2007)), the workhorse model of

empirical business cycle analysis, to generate the data for each Monte Carlo replication.

The misspecification of the empirical model. The original SW model has seven exoge-
nous random variables. Those are a TFP disturbance, €., a risk-premium disturbance, €,
a government spending disturbance, ¢,4,, an investment-specific disturbance, ¢;;, a monetary
policy disturbance, €,,, a price mark-up disturbance, €,,, and a wage mark-up disturbance,
Ewt We leave out one of these seven disturbances when generating data for our misspec-
ification experiments. The empirical specification also leaves out one disturbance, but not
the right one. Every other aspect of the empirical model is correctly specified, including
functional forms, specification of the processes for the exogenous random variables, and the
values of the parameters that are not estimated.

These are computationally expensive exercises and we only discuss two of the possible
forty-two combinations in detail in this section. In the first Monte Carlo experiment, the
true dgp does not include the monetary policy disturbance, but the empirical model leaves
out the investment disturbance instead. In the second disturbance, the empirical model also
leaves out the investment disturbance, but it differs from the first in that the true dgp does
not include the TFP disturbance. In [Appendix D] we abstract from small-sampling noise

and discuss all forty-two experiments in detail. The appendix also shows that distortions in

12
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parameter estimates carry over to implied model properties and explains why we chose these

two experiments for this section’s Monte Carlo experiments.

Is this a “minor” misspecification? When generating the data, we adjust the standard
deviation of the disturbance that is incorrectly excluded from the empirical specification to
ensure that it is responsible for at most 10% of the volatility for any of the six observables
used in the estimation. This reduces the quantitative importance of the misspecification.
One could argue that a misspecification is only minor if one would not detect it in a
typical data set using some model selection criterion such as the marginal likelihood. This is
a very strict requirement. Comparing a misspecified model with the true one requires that
researchers are aware of the correct specification and test their empirical model against it.
Since structural disturbances can enter models in many different ways, researchers may not
consider the correct one even if they consider several alternatives. Nevertheless, we implement
this test adopting the Bayesian estimation methodology used in [Smets and Wouters (2007))
with the same priors. Using the marginal data density, the misspecified specification is
preferred over the true specification in 17% and 47% of the generated samples for the first

and the second Monte Carlo experiment, respectively.

Is this a likely misspecification? We believe that this type of misspecification is likely
to be important in practice even if one includes a large set of structural disturbances. The
first reason is that having a large set does not necessarily imply one includes all the true
disturbances. Moreover, one does not only need to include all true disturbances, each dis-
turbance has to enter each model equation correctly. For example, a TFP disturbance is
typically modeled as a labor-augmenting productivity shock, but productivity changes could
affect the production function differently. Moreover, TFP may also affect other aspects of
the production process such as the depreciation rate. Moreover, one could argue, that this
misspecification is not that likely for the analysis in Smets and Wouters (2007, since SW
was preceded by years of empirical analysis by many authors. In Section [4] however, we

document that we clearly reject the null that two of the included structural disturbances are

13
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correctly specified.

Observables and sample size. The set of observables used in SW consists of employment,
the federal funds rate, the inflation rate, GDP, consumption, investment, and the real wage
rate. We exclude the real wage rate so we have the same number of observables as structural
disturbances which is consistent with the empirical exercise in SW. We use a sample of typical
length, namely 156, which is the same as the number of observations used to estimate the

model in Smets and Wouters| (2007).

Estimation procedure. DSGE models are typically estimated with Bayesian techniques,
which means that the estimation outcome is a weighted combination of the prior and the
empirical likelihood. Misspecification of the empirical model affects the latter. Observed
data — and thus misspecification of the likelihood — matter less for posterior estimates with
a tight prior. The quality of the estimates will then depend on the quality of the prior. This
paper focuses on the question how misspecification affects what the observed data imply for
parameter estimates. Thus, we focus on the likelihood and use Maximum Likelihood (ML)
estimation. We do impose bounds on the range of parameters considered which alleviates
the complexity of the optimization problem.

Priors on the standard deviation of structural disturbances typically do not allow for point
mass at zero. |Ferroni et al.| (2015) point out that this biases the results towards a positive
role of all structural disturbances. This is not an issue for us, since we use ML estimation. In
fact, estimated standard deviations of disturbances that are part of the empirical model but
not part of the true dgp turn out to be often close to zero. Parameter values of the true data
generating process are set equal to those of the SW posterior mode. The list of parameters

estimated and their interpretation is given in Table [I]

3.2. Evaluating the performance of the ASD approach

In this section, we discuss the results of our Monte Carlo experiments. The outcomes

for three different empirical models are compared. The first empirical specification correctly

14
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models all regular structural disturbances as in |Smets and Wouters| (2007). This approach
is denoted SW. The second empirical model excludes one regular structural disturbance
that is part of and includes one regular structural disturbance that is not part of the true
dgp. The third empirical model also excludes one of the regular structural disturbances, but
replaces it with an ASD. This ASD empirical model is of a more reduced-form nature than
the SW specification, but it is not misspecified. That is, there are values of the reduced-form
parameters such that it matches the true model.

Section discusses the results when ASDs are used to detect misspecification both
when the empirical model is indeed misspecified and when it is not. Section discusses

the ability of ASDs to correct for misspecification.

3.2.1. Using ASDs to detect misspecification

A good test for misspecification has power to reject a misspecified model and rejects a
correctly specified model at the chosen significance level. This section documents that ASDs

are capable of doing both.

Case I: The empirical model is not correctly specified. To evaluate whether the ASD
procedure can detect misspecification, we use a Likelihood Ratio (LR) test that compares the
likelihood of the agnostic empirical specification to the likelihood of the misspecified empirical
model. The number of degrees of freedom is equal to ten, since the agnostic specification
has ten more parameters["’| With this procedure, the ASD procedure rejects the misspecified
model in all Monte Carlo replications in both experiments. The procedure is, thus, quite
powerful in detecting misspecification. The power of the test would decrease if one would
use a Bayesian approach, since the common prior would make the posterior of the empirical
model with an ASD and the misspecified empirical model more similar and less dependent

on the data.

16We use the formulation of our procedure that adds ASDs directly to the policy functions. This formu-
lation introduces the smallest possible number of additional parameters.
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Case II: The empirical model is correctly specified. For the first Monte Carlo exper-
iment, we find that the rejection rate is 21.5% at the 10%-level and 12% at the 5%-level. For
the second experiment, these two numbers are 20.9% and 12.6%. The standard error for an
estimated fraction is given by f(l — f)/ v/1000, so these differences are significantly different
from their theoretical counterpart. Although these small-sample results do not coincide pre-
cisely with the theoretical predictions based on large-sample theory, the distortions are not
unreasonable. In[Appendix C] we document that the histograms of estimated x? statistics

are reasonably close to the theoretical (large-sample) x? distribution, but — as indicated by

the numbers above — have a slightly fatter upper tail.

3.2.2. Using ASDs to correct for misspecification

The discussion above made clear that the ASD procedure does very well in terms of
detecting misspecified models and reasonably well in not rejecting correctly specified models
in small samples. In this subsection, we document that the estimates of the structural
parameters obtained with the agnostic procedure are much closer to the true values than
those obtained with the misspecified empirical model. In fact, they are very similar to those
obtained with the correctly specified empirical model with all structural disturbances fully
modeled.

Table 2| reports the average absolute error of the parameter estimates relative to the true
value for the three different empirical models across Monte Carlo experiments. Parameter
estimates obtained with the misspecified structural model are substantially worse than those
obtained with the correctly specified model. The average of the errors for the misspecified
model is more than twice as large as the one for the -fully-specified SW model for several
parameters and for both experimentsm For the misspecified model, the average errors are

typically better for the second than for the first experiment. However, that is not true for all

ITParticular problematic is the standard deviation of the TFP disturbance in the first Monte Carlo ex-
periment for which the average error is almost nine time as large as the one for the correct empirical model.
Consistent with the broader investigation of this disturbance often takes over the role of the
wrongly excluded structural disturbance.
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parameters. For example, the average error for o, is substantially higher in the second exper-
jment, whereas there is only a modest increase for the correctly specified model.
D] which discusses the consequences of misspecification for all forty-two experiments, shows
that the substantial distortions in parameter estimates reported here are not atypical and
also distort implied model properties such as business cycle moments and IRFs.

For the first Monte Carlo experiment, the average errors for the agnostic setup and the
SW specification are very similar. Although only slightly, the average error is actually lower
for the agnostic specification for ten of the twenty-seven parameters. Note that the agnostic
specification is not misspecified, but has a disadvantage relative to the SW specification
since it uses a reduced-form approach and contains ten more parameters. Nevertheless, the
efficiency loss turns out to be very minor.

For the second Monte Carlo experiment, the SW specification comes with some noticeable
efficiency advantages for some parameter estimates. Nevertheless, estimates obtained with
the ASD procedure are still much better than the one obtained with the misspecified model.

Figures [1] and [2| plot histograms characterizing the distribution of the parameter esti-
mates across Monte Carlo replications for a selected set of parameters. Each panel reports
the results for the fully-specified SW model (dark line and dots), the agnostic procedure
(white bars), and the misspecified model (blue/dark bars). The figures document that the
distributions of estimates obtained with the SW specification and the agnostic procedure are
both qualitatively and quantitatively very similar. By contrast, the distribution of estimates
obtained with the misspecified empirical model can be vastly different. For example, Panel
a of Figure (1] documents that the distribution of estimates of the capital share parameter,
a, displays a strong downward bias when the misspecified empirical model is used. The
associated mean is equal to 0.09, whereas the true value is equal to 0.19. The figure also
documents that a large number of estimates are clustered at the imposed lower bound. That
is, by imposing bounds we limited the distortions due to misspecification. For «, the leftward
shift is so large, that there is little overlap between the distribution of the estimates based on
the misspecified model and the other two empirical models. Bunching at the lower or upper

bound is more pervasive for the first experiment, but also observed for the second.
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For the parameters considered in these figures, the distribution of estimates for the ag-
nostic and the fully-specified SW specification are almost always centered around the true
parameter value. In principle, there could be a small sample bias, since this is a complex
nonlinear estimation problem. The full set of results, discussed in do indeed
indicate that there is a bias for some parameters. In those cases, the bias is similar for the
estimator based on the fully-specified specification and the agnostic one. An example of a
parameter that is estimated with bias is the labor supply elasticity with respect to the real
wage, ;. Its true value is equal to 1.92. In the first experiment, the average estimate across
the Monte Carlo replications is equal to 1.84 for the SW and 1.71 for the agnostic specifica-
tion. By contrast, the associated average estimate is equal to 0.27 for the misspecified model,

which indicates a bias of a much larger magnitude.

4. Are the SW disturbances the right ones for US data?

In this section, we first apply the ASD procedure to test the restrictions imposed by the
SW structural disturbances with the US postwar data used by SW. We document that the
restrictions imposed by the risk premium and the investment-specific technology disturbance
are rejected by the ASD procedure. Next, we use model selection procedures to determine
the number of ASDs to include and to construct a more concise specification that excludes
the agnostic disturbances from some model equations. To conclude, we interpret the nature
of the agnostic structural disturbances by examining the sign and magnitude of their asso-
ciated coefficients in model equations and their IRFs. provides more detailed

information on our empirical analysis and additional results.

4.1. Testing the Smets-Wouters disturbance restrictions

Since SW use a Bayesian estimation procedure, we do the same. Implementing the ASD
procedure only requires a minor modification of the Dynare program that estimates the model
for the original SW specification. Replacing an SW regular structural disturbance with an

ASD introduces a 13 x 1 T vector but only twelve additional parameters to estimate, since
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the standard deviation of the ASD innovation is normalized to 1.

Suppose an original SW disturbance enters the j* equation with coefficient TJ(\I/) When
it is replaced with an ASD, then we set the prior for the ASD coefficient in the j** equation to
a Normal with a mean equal to :f](\If) with ¥ evaluated at SW prior means. By centering the
priors of the agnostic coefficients around the SW restrictions, we favor the SW specification.
However, the means of these priors hardly matter and our results are robust to setting the
prior mean equal to zero for all coefficients. The standard deviations of the prior distributions
for the T coefficients are set equal to 0.5. This implies very uninformed priors, since the model
is linear in log variables. As a robustness check we also consider a standard deviation equal
to 0.1 and we find very similar results.

The specification that replaces a regular disturbance with an agnostic one encompasses
the original specification which gives it an advantage in terms of achieving a better fit. The
additional parameters, however, act as a penalty term in the marginal data density. Table
reports the marginal data densities for the original SW specification and for specifications
in which the indicated regular structural disturbances is replaced by an ASD. Overall, these
outcomes are quite supportive of the original SW specification as the SW restrictions are
preferred for five of the seven structural disturbances. But the results for the risk-premium

and the investment specific disturbance indicate that improvement is possible.

4.2. Obtaining our preferred model with ASDs

These results do not necessarily imply that we should exclude the structural risk-premium
and investment disturbance. After all, it is possible that a model that includes agnostic dis-
turbances as well as these two SW structural disturbances has an even higher marginal data
density. Moreover, ASDs add quite a few extra parameters which may make interpretation
more difficult. The next step of the ASD procedure is to use a model selection procedure.

There are different model selection procedures one can use to obtain a preferred specifi-

cation. Our procedure is described in detail in [Appendix E.2| The chosen model is one that

excludes the SW risk premium as well as the SW investment disturbance, it includes three
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ASDs, and imposes several zero restrictions on the ASD coefficients.

4.3. Giving the ASDs an economic interpretation

ASDs are agnostic by nature. The model selection procedure also does not use any eco-
nomic reasoning. Here we will show how the estimation results, such as parameter estimates
of ASD coefficients and IRFs, can be used to give a meaningful interpretation to the ASDs.
We will argue that one of the three selected ASDs can be interpreted as an investment-specific
disturbance, but with some quite striking differences from the regular one used in the lit-
erature and in SW. We will refer to this ASD as the agnostic “investment-modernization
disturbance.” The second ASD has features in common with the SW risk-premium distur-
bance and with a preference disturbance, but is different from both. We will refer to this
ASD as the agnostic “Euler disturbance.” The role of the third ASD is quantitatively less
important than the other two. It mainly affects wage growth and is associated with a more
efficient use of capital. We will refer to this ASD as the “capital-efficiency wage mark-up
disturbance.” By assigning names to agnostic disturbances, we may open ourselves to criti-
cism. Our main reason for assigning these names is that we want to make clear that agnostic
disturbances are in principle theory-free, and yet allow the researcher to go one step further,

towards giving an economic interpretation to them.

4.3.1. The agnostic investment-modernization disturbance, 5,

In the SW model, the investment-specific technology disturbance shows up in the in-
vestment Euler equation and in the capital accumulation equation. One of our agnostic
disturbances, €54, also shows up in these two equationsf_g] The only other equation in which
£p: appears is the equation that relates capacity utilization to the rental rate of capital.

These findings indicate that €5, could be interpreted as an investment-specific productivity

8In our computer programs, the ASDs are referred to as agnA, agnB, and agnC. The interpretation for
agnB is the most straightforward so we discuss this one first. We could have relabeled it as €4, but chose
not to do so to emphasize that labels for ASDs are arbitrary.
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disturbance. Furthermore, as documented in Table , €4, plays an important role for the
volatility of investment. Specifically, it explains 70% of the volatility of investment growth
compared to 82.1% for the investment-specific disturbance in the SW model. Interestingly,
€p, is not important for the volatility of capital. Specifically it only explains 2.37% of the
volatility of the capital stock, whereas the SW investment disturbance explains 32.5%. Thus,
if €4 is an investment-specific disturbance, then it is not a typical one.

Figure 3| plots the IRF's of our agnostic disturbance and the SW investment-specific dis-
turbance. This graph documents there are some remarkable differences. The SW investment
disturbance generates a typical business cycle with key aggregates moving in the same direc-
tion. A positive agnostic investment disturbance also leads to a strong comovement between
output and investment, but leads to a reduction in consumption and capital@ Also, whereas
capacity utilization decreases in the SW model, our specification indicates an increase.

To understand these differences and to explain why we still think that £ ; is an investment-
specific disturbance, we have to take a closer look at the relevant equations and how £p;
affects these equations differently than the SW investment specific disturbance, €;;. The

three relevant equations are the following?|
Smets-Wouters investment-specific disturbance, ¢;;

Investment Euler: i, =43 (V) i1 + (1 — i1 (V) Eq [i41] + €igs (13)
Utilization: 2z, = 2, (¥)rF, (14)

Capital: k’t = k’l (\D) kt—l + (1 - ]{?1 (\II)) it + k2 (‘I’) Ei,ta k2 (‘I’) > 0. (15)

19 Justiano et al| (2010) also report a negative consumption response to an investment disturbance, but
only for the first five periods. As discussed in |[Ascari et al.| (2016]), most models would predict a counter-
cyclical consumption response to an investment disturbance. The SW model overturns this property due to
a sufficiently high degree of price and wage stickiness. Our agnostic approach implies similar estimates for
price and wage stickiness, but still indicates that the data prefer a countercyclical consumption response.

20The subscripts of the coefficients of the agnostic disturbance refer to the SW equation number. For
example, T3 g is the term added to Equation (3) of SW. i, is the investment level, 7 the rental rate of
capital, z; the utilization rate, €; ; the SW investment-specific investment disturbance, and ¥ is the vector
with structural parameters.
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Agnostic investment-modernization disturbance, 5,

Investment Buler: 4, = iy (0) iy + (1 — iy (V) By [iye1] + Y3585, Tsp >0, (16)
Utilization: 2, = 21 () 7F + Y7585, Y75 <0, (17)

Capital: k= k1 (O) ki + (1 — ky (V) i, + Tepfne, Tsp<0.  (18)

The reason for the striking differences between the IRFs of our ASD and the SW in-
vestment disturbance is that our unrestricted approach lets the agnostic investment-specific
disturbance appear in the capital accumulation equation without restrictions. That is, the
sign of the coefficient of £, :f& B, is unrestricted, but the coefficient of €;; in the SW spec-
ification, ky(W) is restricted by the values of the structural parameters, U. The outcome is
that the posterior mean of T&B has the opposite sign relative to ko(V) and the 90% HPD
does not include 0.

This means that a reduction in the cost of transforming current investment into capital
goes together with increased depreciation of the existing capital stock in our specification.
In the SW model, an investment-specific disturbance does not affect the economic viability
of the existing capital stock. Our agnostic approach questions this assumption and suggests
that the investment-specific productivity disturbance goes together with scrapping of older
vintages. This is the reason why we refer to it as an agnostic investment-modernization
disturbance.

In the SW model, capacity utilization is proportional to the rental rate and there are
no shocks that can affect this relationship. An accelerated depreciation of the capital stock
increases the rental rate, which in turn would induce an increase in the utilization rate. In
our agnostic specification, this relationship is dampened somewhat, since a positive agnostic
disturbance has a direct negative impact on capacity utilization, since it enters the capacity
utilization with a negative coefficient. The overall effect is still an increase in capacity uti-
lization. It seems plausible that scraping of old vintages goes together with higher utilization

of the remaining capital stock.
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4.3.2. The agnostic Euler disturbance, 4,

The agnostic disturbance €4, appears in eight equations. The key equation is the Euler
equation for bonds, because excluding the disturbance from this equation leads to by far the
largest drop in the marginal data density. This suggests that it could have key characteristics
in common with a preference or a risk-premium disturbance. This view is also supported by
Tablewhich documents that €4, is important for the same variables as the SW risk-premium
disturbance. However, this agnostic disturbance also has some quite different characteristics
from both. Therefore, we will adopt an alternative name and refer to it as the agnostic Euler
disturbance. For the interpretation of €44, it is important to understand the differences in

impact of a regular preference and a regular (bond) risk-premium disturbance.

Difference between a preference and (bond) risk-premium disturbance. |[Smets
and Wouters| (2003) include a preference disturbance which affects current utility. This
means it affects the marginal rate of substitution and, thus, all Euler equations. By contrast,
Smets and Wouters (2007)) include instead a (bond) risk premium that introduces a wedge
between the policy rate and the required rate of return on bonds without affecting other Euler
equationsEr] Both disturbances have a strong impact on current consumption when prices
are sticky. A positive preference disturbance reduces the attractiveness of all types of saving
including investment. A positive risk-premium disturbance only makes savings in bonds less
attractive. That is, it induces a desire to substitute out of bonds and into investment, in
addition to an increase in consumption. Thus, a preference disturbance leads to a negative
comovement of consumption and investment, whereas a (bond) risk-premium disturbance
leads to a positive comovement.

Also, a preference disturbance affects output in both the flexible-price and the sticky-price
part of the model, whereas a risk-premium disturbance has no affect on key aggregates such

as consumption and output in the flexible price part of the SW model.

211f a preference disturbance is added to the specification of |Smets and Wouters| (2007), then the marginal
data density drops from -922.40 to -923.57 and the preference disturbance plays virtually no role.
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Is €4, a preference, a risk-premium, or another type of disturbance? F igure plots
the IRF's of the SW risk-premium and our agnostic disturbance. The figure documents that
both generate a regular business cycle with positive comovement for output, consumption,
investment, and hours. The positive comovement suggest that the agnostic disturbance is
a bond risk-premium disturbance and not a preference disturbance. However, the agnostic
disturbance has a strong impact on flexible-price output which is inconsistent with it being
a (bond) risk-premium disturbance and consistent with it being a preference disturbance.
Since this ASD differs from both a preference and a risk-premium disturbance, we come up
with a new term, namely the Euler disturbance.

To better understand the nature of the agnostic Euler disturbance, we take a closer look
at the equations in which €4, enters. It appears in the aggregate budget constraint, the bond
Euler equation, the investment Euler equation, the capital value equation, the utilization rate
equation, the price mark-up equation, the rental rate of capital equation, and the Taylor rule.
Although €4, affects quite a few different aspects of the model, the interpretation is eased
by the fact that its role is minor in most of the eight equations in the sense that allowing
it to enter these equations only has a minor quantitative impact on the behavior of model
variables or only affects the qualitative behavior of one or two variables without affecting the
behavior of the key macroeconomic variables.

Specifically, to understand the role of €4, on key macroeconomic aggregates we can re-
strict ourselves to the Taylor rule and the three model equations that are relevant for the
savings/investment decisions, which are the bond Euler equation, the investment Euler equa-
tion, and the capital value equation. Asin SW, we use the bond Euler equation to substitute
the marginal rate of substitution out of the capital valuation equation. While the SW bond
risk-premium disturbance, €, does not appear in the original capital valuation equation, it
does show up after this substitution has taken place. Moreover, it appears in these two equa-
tions with the exact same coefficient as the nominal interest rate for bonds, r;. By contrast,
after substituting out the marginal rate of substitution in the capital value equation, a pref-
erence disturbance would no longer appear in the capital valuation equation. The following

set of equations documents how the SW risk-premium and our agnostic Euler disturbance
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si2 enter these equations:@

Smets-Wouters risk premium, &?

Bond Euler: cc=c1 (W1 + (11— (V) Ey [era] + o (V) (I — Ey [li44])
—c3 (V) (ry — By [mea] + €pt), c3(V) > 0, (19)
Inv. Euler: i =11 (V)1 + (1 — i1 (V) Eq [ig41] + €t (20)
Valuation: @ = G [ge] + (1 — q)Ee [ ]
— (1t — B¢ [Te11] + €b,), (21)
Policy rate:  ry = prio1 + (1 — p){rr + v (v — v7)}

+rayl(ye —y1) — W1 — yi1)] + En- (22)

Agnostic Euler disturbance, ¢4,

Bond Euler: ce=c1 (V)1 + (1 —c (0)Ey [eopr] + 2 (V) (I — By [le41])
—c3 (V) (ry — By [meq1]) — To,48 44, Toa > 0, (23)
Inv. Buler: 4, =iy (0)ip_y + (1 — i1 (0)) By [igg1] + €10 — TaaBas, L34 >0, (24)
Valuation: @ = G [ge] + (1 — q)Ee [r)4]
—(re — By [meqa]) — TaaBas, Taa >0, (25)
Policy rate:  ry = prioqy + (1 — p){re +rv(y —y7)}

Frayl(ve — y7) — (Y—1 — yi_1)] +ere + T14,AgA,t, T144 > 0. (26)

513 Our ASD appears in the bond Euler equation and the capital valuation equation and it
s shows up with the same sign as the SW risk-premium disturbance. This supports the view

si5 that our ASD is similar to a risk-premium disturbance. Nevertheless, one could argue that

22In these equations, ¢; is consumption, I; is hours worked, r; is the nominal policy rate, 7; is the inflation
rate, g; is the price of capital, y; is output, and y! is output in the flexible-price economy. Also see the
information given in footnote
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the ASD is a preference and not a bond risk-premium disturbance for the following reasons.
Although T4’ 4 has the right sign for a risk-premium coefficient, its magnitude, evaluated
using the posterior mean, is way too smallﬂ The 90% HPD interval of the coefficient of €4,
in the capital valuation equation, :f47 4, includes zero and setting the coefficient equal to zero
has very little impact on model properties and virtually none on the marginal data density.

As pointed out above, a preference disturbance generates consumption and investment
responses that move in opposite directions. Our ASD predicts responses in the same direction
even if we impose that the ASD does not enter the capital valuation equation (after substi-
tuting out the MRS). The reason for the positive comovement is that our ASD also enters
the investment Euler equation. The investment Euler equation is a dynamic equation, but
its dynamic aspects are due solely to investment adjustment costs@ Our agnostic approach
indicates that the structural disturbance that plays a key role in the bond Euler equation
should also appear in the investment Euler equation. In fact, it is the first equation chosen
in our specific-to-general model selection procedure.

What could this agnostic disturbance represent? A simple explanation is that it is a
preference disturbance that is correlated with an investment-specific disturbance. This dis-
turbance appears directly in the Taylor rule with a negative coefficient. This means that the
central bank responds more aggressively to business cycle fluctuations induced by this Euler
disturbance. Without this effect on the Taylor rule this disturbance would have a stronger

impact on economic aggregates and inflation would no longer be procyclical.

4.3.3. The agnostic capital-efficiency wage mark-up disturbance, ¢,

The third ASD chosen by our model selection criterion increases the total number of
structural disturbances to eight, that is, one more than the number in the SW specification.

Thus, this ASD cannot be interpreted as a replacement of a SW disturbance.

Z1f our ASD is a risk-premium disturbance, then T47A/T2’A should be equal to 1/¢5(¥), but using
posterior means, we find that Y4,A/T2,A = 3.3, whereas 1/c3(¥) = 7.27, substantially higher.

24 Adjustment costs are zero in the steady state, which implies that neither a preference disturbance nor a
risk-premium disturbance appear in a linearized investment Euler equation. A preference disturbance would
appear in the original nonlinear equation.
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This third ASD, £¢,, appears in five equations and the most important one (in terms
of impact on the marginal data density) is the wage-adjustment equation. It also shows
up into three equations related to capital, namely the capital accumulation equation, the
capital utilization equation, and the capital-valuation equation. Finally, it appears in the
economy-wide budget constraint, although the impact on the latter is minor.

Given its impact on the wage equation, this ASD could very well also be a wage distur-
bance. Figure || plots its IRFs for £-, and for €, in the SW and in our specification with
three ASDs and the SW risk premium and investment disturbance excluded. The IRFs of
e+ in the two specifications generate a similar business cycle, also quantitatively. A positive
shock to £¢ also induces a recession with a reduction in output, investment, and employ-
ment. However, it leads to an increase in installed capital and capital services although the
latter less than the first. In contrast to the SW ¢,,, shock it goes together with a decrease
in the price of capital.

£c+ is an AR(1) process, and the posterior mean of the auto-regressive coefficient is equal
to 0.19. The SW ¢, disturbance is a very persistent ARMA(1,1) process. The presence of
£c in the empirical model strongly reduces the coefficient of the MA component of €, ¢, but
has little impact on the AR component.@

Including ¢, in the empirical specification does not reduce the role of ¢,,; for fluctuations
of key variables. €, ; remains the most important disturbance for key economic aggregates.
The only exception is the wage growth rate. In the SW specification &,,; explains 61.6% of
the volatility of wage growth, whereas it only explains 13.3% in our preferred specification.
This role is clearly taken over by £¢; which explains 53.5% of wage growth volatility. £c,
also plays a nontrivial role for fluctuations in the capital stock, capacity utilization, and the
rental rate of capital, explaining 9.8%, 14.7%, and 13.1%, of total variability respectively.

The results indicate that this agnostic disturbance increases the wage mark-up and is

associated with a lower price of capital and an increased (use of the) capital stock. One

Z5Specifically, with £¢ ¢+ included in the empirical specification the posterior means of the AR and the MA
coeflicients of €,, + are equal to 0.97 and 0.59, respectively. Estimates with the SW specification for these two
numbers are 0.97 and 0.85.
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possible explanation is that the increase in the level of used capital (possibly induced by
lower prices) comes at the cost of higher wage rates. That is, to operate this larger capital
stock, firms have to pay a higher wage rate, perhaps in terms of an overtime premium. The

relevant equations are the following:@
Agnostic capital-efficiency-wage-mark-up disturbance, ¢,

Valuation: @ = qEy [C]t+1] +(1—q)E, [Tf—f—l}

—(re — E¢ [me4a]) — T4,C’gC',t; T4,C <0, (27)

Utilization: 2 =2 () rF + Trcéey, Yo >0, (28)

Capital: k= ki (U) kg + (1 — ky (9)) 4, + Ts ooy, Yse >0, (29)
Wage: wy = wiwg—q + (1 — wq) (Byfweyr + mpp4]

—WaT + W3T—1 — Wyl t + T13,Cgc,t, T&C > 0. (30)

4.4. Correlation estimated innovations

Estimated innovations are supposed to be orthogonal to each other and display no auto-

correlation. In practice this is often not the case. Asshown in[Appendix E.3| the ASD system

does a substantially better job than the SW system regarding cross-correlations. Both 14,
and 7p, are less correlated with other innovations than their SW counterparts n,; and ;.
Moreover, the cross-correlations of the regular structural disturbances that are present in
both specifications are also less correlated. Specifically, whereas the SW has nine correlation
coefficients that are significantly different from zero at the 10% level for its seven innovations,
the ASD system has four significant correlation coefficients for its eight innovations and only
two if we exclude the eighth innovation of the ASD system that is associated with £¢ .

The ASD specification also does better regarding the auto-correlation of the innovations.

26We leave out the overall budget constraint since the role of the disturbance in this equation is very
minor, but its impact in this equation is like a contractionary fiscal expenditure shock. w; is the real wage
rate and i, is the real wage mark-up, i.e., the difference between the wage rate and the marginal rate of
substitution between consumption and leisure. Also see footnote 20| for additional information.
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In the SW system, four of the estimated innovations display significant auto-correlation at
the 10% level. That number reduces to two in the ASD system and one of the significant
coefficients is for the innovation associated with the additional disturbance, £¢, for which

there is no counterpart in the SW system.

5. Concluding comments

Structural disturbances play a key role in modern business cycles models. Thus, it is
important to introduce them correctly. Having wrong formulations will lead to the wrong
inference on what type of disturbances matter most for the fluctuations of key economic
variables. One of the main objectives of structural models is to do policy analysis. Deriving
optimal fiscal and monetary policy correctly also depends crucially on formulating structural
disturbances correctly since these are important ingredients of optimal policy rules.

This paper shows that misspecifications can also lead to substantial distortions in param-
eter estimates and implied model properties. Obviously, the analysis of government policies
will be flawed if parameter estimates are incorrect. For example, the impact of monetary pol-
icy on economic aggregates in New Keynesian models depend crucially on getting parameters
related to the degree of price and wage stickiness right.

The development of MCMC techniques has made it possible to estimate larger models
with a larger set of observables. To avoid singularity issues this also requires including more
disturbances which enhances the challenge to model them all correctly. ASDs can help.
First, they can be used to test whether the specification of a regular structural disturbance
is correct and if found problematic can provide insights on how to improve its specification.
Researchers can also simply add ASDs to the set of structural disturbances without having
any concern about these introducing misspecification.

Focusing on the misspecification of disturbances is only a first step in a proper evaluation
of a structural model. Moreover, economists are often more interested in how the model itself
magnifies and propagates shocks than in what created the initial disruption. Our procedure

is helpful in this regard. By being more agnostic about the nature of structural disturbances
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ss one is less likely to distort the analysis of what one is ultimately interested in.
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« 0. Tables and figures

Table 1: Parameter explanations

«  Capital share
o. Inverse IES of consumption
®  Fixed cost in production
¢  Elasticity of adjustment cost function
A Degree of consumption habits
&w  Degree of wage rigidity
oy Inverse IES of leisure
&, Degree of price rigidity
tw  Degree of indexation for wages
tp  Degree of indexation for prices
1 Elasticity of capital utilization adj. cost function
rr  Taylor rule coefficient on inflation
p  Degree of interest rate smoothing in Taylor rule
ry  Taylor rule coefficient on output gap
ray Taylor rule coefficient on change in output gap

for j € {a,b,g,i,r,p,w} :

p;  Persistence of exogenous disturbance j

o;  Standard deviation of exogenous disturbance j
for j € {p,w} :

t;  MA coefficient of exogenous disturbance j

Notes. The table reports the parameters of the SW model that are estimated
and their interpretation. The list of exogenous disturbances is given in the
text.
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Table 2: Average absolute errors across Monte Carlo experiments

true average error first MC average error second MC
value | misspecified agnostic SW misspecified agnostic SW
@ 0.19 0.098 0.035 0.028 0.056 0.048 0.037
o. 1.39 0.384 0.246 0.191 0.540 0.288 0.226
P 1.61 0.217 0.212 0.191 0.192 0.212 0.164
1) 5.48 1.793 1.326 0.899 1.429 1.269 0.896
h 0.71 0.096 0.069 0.052 0.083 0.077 0.057
&w 073 0.082 0.090 0.076 0.092 0.095 0.081
or  1.92 1.652 0.640 0.532 1.506 0.939 0.831
& 0.6 0.130 0.074 0.068 0.090 0.080 0.070
tw 059 0.205 0.165 0.159 0.190 0.168 0.160
lp 0.22 0.142 0.109 0.101 0.128 0.112 0.100
P 0.54 0.182 0.128 0.109 0.150 0.134 0.118
rr  2.03 0.295 0.277 0.241 0.347 0.380 0.333
p 0.81 0.031 0.025 0.022 0.034 0.038 0.030
ry  0.08 0.051 0.025 0.021 0.055 0.034 0.029
ray  0.22 0.058 0.014 0.012 0.057 0.039 0.033
pa  0.95 0.071 0.028 0.020 - - -
pp  0.18 0.161 0.078 0.073 0.133 0.079 0.071
pg 097 0.020 0.016 0.013 0.018 0.016 0.014
0i 0.71 - - - - -
pr 0.12 - - - 0.089 0.072 0.067
pp 090 0.181 0.090 0.067 0.188 0.070 0.053
pw  0.97 0.031 0.030 0.019 0.022 0.029 0.021
wp  0.74 0.246 0.188 0.161 0.250 0.173 0.139
tw  0.88 0.071 0.072 0.056 0.069 0.071 0.057
oq  0.45 0.441 0.061 0.052 - - -
op 0.24 0.050 0.021 0.021 0.040 0.023 0.021
og 0.52 0.035 0.027 0.026 0.026 0.027 0.025
g; 0.45 - - - - -
or 0.24 - - - 0.013 0.015 0.014
op, 0.14 0.022 0.017 0.015 0.019 0.017 0.015
ow 024 0.026 0.021 0.020 0.022 0.023 0.021

Notes. This table reports the average absolute error across Monte Carlo replications for the indicated parameter
and empirical specification. See Table [I| for the definitions of the parameters. The first (second) Monte Carlo
experiment corresponds to the case when the true dgp does not include the monetary policy (TFP) disturbance,
but the empirical model leaves out the investment disturbance instead.
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Table 3: Misspecification tests for the original Smets-Wouters empirical model

structural SW
disturbance excluded

ASD added marginal data density

None (original SW) no -922.40
TFP, €44 yes -931.21
Risk premium, &, yes -908.79
Government expenditure, e yes -934.14
Investment-specific, €; + yes -919.81
Monetary policy,e, yes -926.88
Price mark-up, €, ¢ yes -938.85
Wage mark-up, €, ¢ yes -947.31

Notes. The table reports the marginal data density for different empirical specifications. The first
row reports the value for the original SW specification. The specifications considered in subsequent
rows replace the indicated structural disturbance with an agnostic structural disturbance. The bold
numbers indicate the cases for which the MDD is higher when the indicated structural disturbance is
replaced by an ASD.

Table 4: Role of structural disturbances for variance

risk /preference investment wage
SW e, agnosticea; SW e;; agnosticep; agnostic ec

output 1.53 1.14 7.34 2.17 0.28
flex. price output 0 2.08 5.39 1.02 0.36
consumption 2.18 1.51 2.83 0.49 0.25
investment 0.22 1.06 44.2 29.3 1.00
hours 2.52 1.29 8.15 4.97 2.03
capital 0.04 0.12 32.5 2.37 9.75
utilization 0.86 4.14 35.4 9.46 14.7
price of capital 454 18.6 36.0 31.6 7.21
marginal cost 0.87 15.2 3.11 2.61 5.13
policy rate 7.40 17.2 18.3 12.5 0.65
inflation 0.58 0.68 3.18 3.96 0.91
output growth 22.1 21.3 15.8 8.04 1.82
consumption growth 61.2 61.7 0.95 2.03 0.10
investment growth 2.46 12.6 82.1 70.0 0.81

Notes. The table reports the percentage of total variability explained by the SW versus the agnostic
risk-premium disturbance, the SW versus the agnostic investment disturbance, and the agnostic wage
disturbance. The numbers for the SW disturbance are from estimation of the original SW model. The
numbers for the agnostic disturbance are from our preferred empirical model with three ASDs.
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Figure 1: Histograms for parameter estimates: First Monte Carlo experiment
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Figure 2: Histograms for parameter estimates: Second Monte Carlo experiment
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Figure 3: IRFs of the SW investment and the agnostic investment-modernization disturbance
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Notes. These panels plot the IRFs of the SW investment-specific productivity disturbance and the agnostic disturbance
€B,+ that we interpret as an investment-modernization disturbance.
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Figure 4: IRFs of the SW risk-premium and the agnostic Euler disturbance
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Figure 5: IRFs of the agnostic capital-efficiency wage mark-up disturbance
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disturbance. They also plot the SW wage disturbance for the original SW specification and ours.
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Appendix A. The ASD procedure: General setup

Using a simple model, Section [2lmade clear that adding an agnostic structural disturbance
(ASD) is as simple as adding an exogenous random variable multiplied by a coefficient to each
model equation. The coefficients are unrestricted and not related to any of the structural
parameters of the model. It also shows how the ASD coefficients appear in the model’s policy
functions and that an alternative way to incorporate ASDs consists of adding them directly
to the policy functions. In this appendix, we generalize the discussion.

Appendix A.1l. Adding ASDs to model equations

Consider the following linearized model:

Onxt =E¢ [Ao (V) sp1 + A1 (W) s+ Ao (V) 54— + T (W) g0 + T (V) &, (A.1a)
g, = Peyq + Qny, (A.1b)

Ee [141] = 0, (A.lc)

E: [Mee1in) = Dy (A.1d)

where W is the vector containing the structural parameters, s; is the N x 1 vector of en-
dogenous variables, and ¢; is the M x 1 vector of exogenous random variables. All variables
are defined relative to their steady state values. Most linearized DSGE models can be rep-
resented with such a system of equations. The literature typically assumes that innovations
are assumed to be orthogonal to each other, that is, {2 is assumed to be a diagonal matrix.
We make the same assumption ']

We first discuss the case for which s; includes only state variables and all N state variables
are observables. Suppose that the researcher is only sure about M; structural disturbances.
These are part of the vector, e;,. If M; < N and there are no other disturbances, then there
is a singularity problem. One option would be to add measurement error. But structural
disturbances and measurement errors are very different. Structural disturbances affect eco-
nomic variables and propagate through the system according to the economic mechanisms of
the model. As discussed in the main text, measurement error disturbances do not. Moreover,
most researchers would find it undesirable if measurement error “explains” a large part of
the data. Another option is to make a best guess and to add a vector e, with M, additional

2TThe literature typically also assumes that P is diagonal. An exception is |Ciirdia and Reis| (2012).
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structural disturbances with My > N — M;. Equation (A.1)) can then be written as

0N><l = ]Et [AQ (\D) St+1 + Al (\D) St + AO (\D) St—1 + F (\Ij) Ett1 + T (\I’) Et]
AQ (\Ij) St+1 + Al (\Ij) St + AO (l:[]) St—1

=K A2

e | 2 o | 2] | B
E2,t+1 €9,
E1t Pi1 Pro E1,t-1 Q1 Oanxr Mt }

it ; + 1 XAz o, A.2b
[ €2t } [ P21 P ] [ €2,t—1 } l Ons Qoo } [ M2, ( )
E{"”ﬂ}:o, (A.2c)

M2,t4+1
E, H M+ } [ Mt+1 72,641 }] = Iyxm- (A.2d)
M2,t+1

The column vectors I's(¥) and To(¥) capture the restrictions imposed by the M, additional
structural disturbances.

Introducing ASDs. With ASDs the system of equations is modified as follows:

Aﬂm&H+AM®&+AM@%A}, (A.3)

0 =E 2o
e ' { +I (W) €141 + Lo (W) €14 + Yooy

As in the main text, all ASD variables and their associated coefficients are denoted with a
tilde. As long as P9y = 0, then one can exclude €541 from the system, since what matters is
Et[€2.441) = P22y and the reduced-form coefficient T, captures this forward looking aspect
of ASDs as well as the contemporaneous impact of the ASD on the model equations.@
Thus, adding an agnostic disturbance introduces one additional parameter for each model
equation@ﬂ Replacing regular structural disturbances with agnostic structural disturbances
may make it harder to identify W, the structural parameters of the model. As discussed in
[Appendix C.2] this turned out to be not an issue for the experiments discussed in this paper.

Appendix A.2. Adding ASDs to model solutions

We start this section with a proposition that will be helpful with the second formulation
of the ASD procedure. Consider again the model given in Equation (A.2)), which divides the
vector with exogenous disturbances, ¢;, into two parts, the M; x 1 vector, ¢; 4, and the My x 1

281f Py 1 # 0, then additional reduced-form coefficients would be needed to capture the predictive power
of €1+ for future values of €5 ;. The assumption that Py = 0 is weak given that the standard assumption in
the literature is that structural disturbances are independent random variables.

29Without loss of generality one can set the standard deviations of the innovation of the ASDs equal to 1,
which in this case is a normalization of the diagonal elements of 25 5. As with regular structural disturbances,
one would need to estimate the parameters of the time series specification contained in G.

30 As discussed in one could choose to leave the agnostic disturbance out of some equations.
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vector, 9. A recursive solution to Equation (A.2]) has the following form:
St — A (\Ij) Si—1 + B(\Ij)gt
£
= AW)s;+ [ Bi(¥) By (7) ] { b ] : (A.4)

€2t

The following proposition states that the properties of €5, do not affect the coefficients
of the policy rule related to s;—; and ey, that is, they do not affect A(V) and B;(¥). Thus,
it does not matter whether 9, is a regular or an agnostic structural disturbances and the
time series properties of €5; do not matter either. The only assumption needed is that the
elements of Py; are equal to zero, which corresponds to the case when e;; has no effect on
future values of €4;. This is not very restrictive given that the literature usually sets all
elements of Py equal to zero (and also all elements of P, Q19, and 95 as well as the
off-diagonal elements of Py, Pao, Q11 and Qs5).

Proposition 1. If the model is given by equation (A.2) and all elements of Pyy are equal to
zero, then (i) A(V) and B (V) do not depend on T's(W) and Yo(V), which characterize the
nature of the additional disturbances, and (ii) A(V) and B1(¥) do not depend on P, oy,

and a2, which characterize the time series properties of €a;.

Proof. Substitution of the policy rule as given in Equation ({A.4)) into the system of Equa-

tions (A.2)) gives,

ON><1 ( A + AlA + Ao) S¢—1 + (AQAB + AQBP + AlB +I'P+ T) Et, <A5>

& = [5115 €t } ) (A.6)

B = [ B B ], (A7)
Pll P12

_ A8

[ Pa1 Po } ’ (4.8)

where we have suppressed the dependence of coefficients on W. The first equation has to hold
for all values of s;_; and ;. This implies that a solution must satisfy

Ao A2+ Ay A+ Ay = Oxn (A.9)

and
A AB 4+ AyBG + M B +TP + 7T = Ony(ay4M)- (A.10)

A does not depend on the time series properties of €1, and €9, since B, P, and {2 do not
appear in Equation (A.9). Equation (A.10]) can be written as follows

- Py P Py, P
8B B )em( B B[P e[ er] 0 PR T = ovnen), (A1)
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where A = Ay A+ A;. This is a system of N x (M, + M) equations to solve for the elements
of B. It can be split into the following two sets of systems:

— P

AB; + AyBiPyy + Ay BoPoy + T { P“ ] +7T1 = Onwas, (A.12)
21

_ P

ABs 4 Ay B1P1y + Ay ByPos + Ty { P” ] +7 Ty = Onxis (A.13)
22

If Py; = 0, then Equation (A.12)) contains N x M; equations to solve for all the elements
of By. The solution cannot depend on Pgs or (255 since these matrices do not appear in this
equation.ll

It is intuitive that the elements of Py; have to be equal to zero, that is, €1, should not
affect future values of €. If current values of €1, do affect future values of €5, and therefore
future values of s;, then one has to know how ¢5, affects model outcomes to determine how
g1, affects current outcomes for s;.

Introducing ASDs. The solution to a linearized model can be written as:

M
s = Z (A.14)
™= AW) sI™ + By (9) e, (A.15)
where s,[fm] represents the outcome of the state variable if the only disturbance in the economy
is the m'P-disturbance, &,,;, and B.,, is the m"™ column of B. Thus, one can think of the s;
variables as the sum of the outcomes in “one-disturbance” economies. The linearity of the
model is important for this additive property. According to Proposition[l the coefficients
on the lagged state variable, A (¥), do not depend on the particular disturbance considered.
That is, whereas B.,,(V) is indexed by m because it depends on what kind of disturbance
is the driving force of the economy, A(V¥) does not. This property greatly increases the
efficiency of our procedure. .
Our proposed procedure consists of including M, agnostic structural disturbances. This
results in the following time series representation of the policy functions:ﬂ

M
s = Zsl[fm], (A.16a)
M= A () st L4+ B (W) £,y for m < M, (A.16D)

s™= A(W)s™ 4 BBy for My +1<m <M +M=M (Al6c)

31Proposition [1| indicates that this specification is valid as long as the elements of P15 are equal to zero,
which is usually the case.
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In terms of notation, B.,, (V) contains coefficients associated with a regular structural dis-
turbance which are a function of ¥ and ém contains reduced-form coefficients associated
with a structural agnostic disturbance. The only difference between this specification and the
standard DSGE specification with only regular structural disturbances is that the B.,, coef-
ficients are unrestricted reduced-form coefficients. Since our agnostic disturbances are struc-
tural disturbances, their impact propagates through the system exactly as regular structural
disturbances do, that is, as described by A(W¥). The property of linear models that A(¥) does
not depend at all on what is the nature of the structural disturbances nor on their time series
properties makes it possible to efficiently add structural disturbances to the specification
without having to be specific on what they are.

The dimension of B.,, is equal to N, the number of state variables. This means that
adding an agnostic disturbance means estimating an additional N parameters. The number
of additional parameters to be estimated is limited because structural disturbances differ
in their initial impact, but their propagation through time is the same for all disturbances
and controlled by A(V¥). Moreover, an increase in the standard deviation of an agnostic
structural disturbance affects the model variables in exactly the same way as an identical
proportional increase of the elements of B.,,. Consequently, the standard deviation of an
agnostic disturbance can be normalized to equal 1@

Adding observation equations. If there are observables that are not state variables,
then one also needs additional equations for these y; variables, which for our set-up is given

by

M
Ye = Z " (A.17a)
m=1
™ = C (V)" + Dy (V) epy for m < My, (A-17D)
g o= C(O) s+ DBy for Mi+1<m < M+ My=M, (A17c)

where 7, is the (N x 1) vector with observables that are not state variables. Each additional
observable used in the estimation will introduce one more coefficient related to the agnostic
structural disturbances.

Unobserved components. The system represented in Equation (A.16)) makes clear that
ASDs can be interpreted simply as unobserved components that are added to a theoretical
block. Using reduced-form systems with unobserved components is common practice in
macroeconomic time-series models. The data will provide information about the B.,, (and

D.,,) coefficients. If one mainly cares about getting good time-series representations of

32Tf the time series processes of the two disturbances have the same number of parameters, then replacing
a regular structural disturbance by an agnostic disturbance typically means estimating an additional N — 1
g Y g YP Yy g
parameters.
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macroeconomic variables, then can just use this way of incorporating ASDs. However, as
shown in our empirical applications, ASDs become much more interesting if one knows the
Y5, coefficients. Then one can much better understand how these unobserved components
affect the model economy.

Appendix B. Misspecification: Literature review

Most empirical papers that estimate a dynamic macroeconomic model do not raise the
issue of model uncertainty or misspecification, except possibly with some robustness exer-
cises ¥ This does — of course — not mean that the profession is not aware that misspecification
is a serious concern. In fact, some of the most prominent researchers in this research area have
drawn attention to the risk of misspecification. The first subsection discusses evidence that
indicates that misspecification of DSGE models is a serious concern. The second subsection
discusses approaches proposed in the literature to deal with misspecfication. See Paccagnini
(2017)) for a more detailed survey.

Appendix B.1. Indications of DSGE misspecification

Del Negro et al| (2007)) develop a procedure that allows the data to determine the use-
fulness of a DSGE model relative to a much less restricted VAR. Using a model very similar
to the DSGE model of |[Smets and Wouters| (2003), they find that their procedure does put
some weight on the DSGE model, which implies that the restrictions of the DSGE model are
of some value. However, they also argue that misspecification is a concern that “.. is not
small enough to be ignored.” Using the same methodology, Del Negro and Schortheide| (2009)
also find “.. strong evidence of DSGE model misspecification.”

There is also more indirect evidence that misspecification of estimated DSGE models is
substantive. Using the [Smets and Wouters| (2003) model for the Euro Area, Beltran and
Draper| (2015) find that the data prefer implausible estimates for several parameters. For
example, most of the mass of the marginal likelihood for the parameter of relative risk aversion
is above 200, way above the range of values considered reasonable. This information provided
by the likelihood is typically not revealed in empirical studies, since only properties of the
posterior are reported and the choice of prior ensures that these aspects of the empirical
likelihood have little or no weight in the posterior. A similar conclusion can be drawn from
Onatski and Williams (2010). They estimate the same model using uniform priors over
bounded ranges. These ranges are such that the priors are less informative than the ones
typically used in the literature. Consistent with the results in Beltran and Draper| (2015),
several of the point estimates in (Onatski and Williams| (2010) are at the prior bounds. Using
a new algorithm to deal with the complexity of estimating likelihood functions, Mickelsson
(2015) re-estimates the model of |[Smets and Wouters (2007) and he also finds that several

33Interestingly, there are quite a few macroeconomic models in which agents — especially agents setting
fiscal and monetary policy — face model uncertainty. If policy makers face model uncertainty about the
correct model, then researchers are likely to do so as well.

46



789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

parameter estimates are significantly different from the ones reported in |[Smets and Wouters
(2007)).

Another possible reason for misspecification is the assumption that parameters are con-
stant. To get efficient estimates we would like to use long time-series data, but the longer
the time series the less likely that all parameters are constant. (Canova et al. (2015]) address
this issue and document that this is important for the model of |Gertler and Karadi (2010) ]

Appendix B.2. Dealing with misspecification: Other approaches

Richer models. Exogenous random disturbances are typically assumed not to be corre-
lated with each other. This is a convenient assumption, because allowing for interaction
between the different exogenous disturbances would substantially increase the number of pa-
rameters to be estimated given that DSGE typically have a several exogenous disturbances.
However, it seems quite plausible that such disturbances are correlated. |Del Negro and
Schortheide (2009) and |Cirdia and Reis| (2012)) deal with this possible misspecification and
allow for more general processes to describe the behavior of the exogenous random distur-
bances.

Curdia and Reis (2012) find that this generalization has nontrivial consequences for the
properties of the model. For example, the impact of a monetary policy shock on output
is only half as big when the exogenous random variables are allowed to be correlated and
the medium-term impact of a government spending shock switches from being positive to
negative |

Enriching a model by allowing for additional features and more general specifications is
likely to reduce misspecification. However, richer models typically have more parameters,
which will reduce the efficiency of the estimation by reducing the number of degrees of
freedom.

Multiple models. Another way to deal with potential misspecification is to consider a
set of different DSGE models. These could be compared informally or formally using, for
example, relative marginal likelihoods or model averagingﬁ] However, given the difficulty
of modeling macroeconomic phenomena, it seems likely that all models in a set of DSGE
models are subject to at least some type of misspecification.

Combining structural and reduced-form models. [reland (2004) is an early paper that
proposes a more general procedure to deal with possible misspecification when estimating a
DSGE model even though the word misspecification is not used in the paper. Specifically,
Ireland| (2004) “.. augments the DSGE model so that its residuals — meaning the movements

34The literature cited in (Canova et al.| (2015 documents that this is an issue in a variety of DSGE models.

39Cirdia and Reis (2012) still impose the standard assumption that the innovations of the shocks are
uncorrelated.

36See chapter 5 in |An and Schorfheide (2007) for a detailed discussion.
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i the data that the theory cannot explain — are described by a VAR.” To understand this
procedure, consider the following representation of the linearized solution of a DSGE model:

St = A8t71+B?7t, (Bl)
y¢ = Csi1+ Dy, (B.2)

where s; is a vector containing (endogenous and exogenous) state variables, y; is a vector
containing the observables, and 7, is a vector containing the innovations of the exogenous
random variables. |Ireland| (2004) proposes to augment the observation Equation (B.2) as
follows:

Yr = Cspo1 + Dy + (B.3a)
U = F’Ut,1 -+ ft (ng)

where u; captures the misspecification or incompleteness of the DSGE model. In his appli-
cation, the structural equations are the policy rules from a standard Real Business Cycle
(RBC) model with total factor productivity (TFP) as the only driving process. If the stan-
dard deviation of 7, is equal to 0, then this procedure boils down to estimating a standard
VAR.

Note that the presence of the “missing elements” that are captured by u; is assumed to
have no effect on that part of agents’ behavior that is described by the DSGE model, that is,
the matrices A, B, C, and D. For this to be correct it must be true that the response of the
economy to a TFP shock does not depend on the presence of other disturbances. One might
think that such independence of a DSGE’s policy rule to the presence of other disturbances
is only correct if the additional disturbances represent measurement errorﬂ However, this
“independence” property is correct in linear(ized) models in the sense that the specification
of the structural part given in Equations and does not depend on the presence of
not included structural disturbances. It must be noted that the assumption that u; follows a
first-order (or even a finite-order) VAR could very well be restrictive. Thus the reduced-form
specification for u; could be misspecified as well.

The most comprehensive methodology to deal with misspecified DSGE models is put for-
ward in |Del Negro et al.| (2007)). Their starting point is a VAR specification of the observables.
That is,

K
v = Fuy1 + G& (B.4a)
k=1
E&&] = 1. (B.4b)

The key idea of the DSGE-VAR estimation proposed in Del Negro et al.[ (2007) is to estimate

37 Although [Ireland| (2004) does not refer to the residual between model and data as measurement error,
other papers in the literature describing his procedure do. Examples are [Del Negro and Schorfheide| (2009)
and [Curdia and Reis| (2012]).

48



840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

this time series process with the prior distribution for F' and €2 that is centered at the values
implied by a DSGE model, F'(V) and G(V), where ¥ is the vector containing the parameters
of the DSGE model. The estimation procedure consists of jointly estimating W, the structural
parameters of the DSGE model, which pin down the prior for the VAR coefficients, and the
VAR coefficients themselves.

The precision of the prior of the VAR coefficients is controlled with a scalar parameter,
A. If X\ is equal to oo, then one estimates an unrestricted VAR and if \ is equal to 0, then
the procedure boils down to estimating a DSGE without allowing for misspecification. The
estimation is executed for different values of A\. To determine the optimal value for A, the
authors propose using the marginal data density, which compares in-sample fit with model
complexity. If the restrictions imposed by the DSGE model are incorrect, then the procedure
will put more weight on the VAR.

As pointed out in (Chari et al.| (2008), DSGE models often do not imply a VAR represen-
tation with a finite number of lags, unless all state variables are included. Thus, not only the
DSGE, but also the VAR component of the DSGE-VAR procedure could be misspecified.

Wedges. Yet another approach to deal with misspecification is to add “wedges” to specific
model equations. This procedure was introduced in |Chari et al.| (2007). Inoue et al.| (2015)
use this setup to formally test for model misspecfication. A wedge may have different inter-
pretations or possibly no simple interpretation. From an econometric point a view, wedges
are not different from regular structural disturbances in how they affect time series proper-
ties of the model. That is, they impose restrictions on the policy functions just as regular
structural disturbances do and it matters crucially how one enters wedges. For example,
the assumption that a wedge only enters one and not all model equations is a restriction.
Although some wedges can enter more than one equation, wedges used in the literature only
enter a few specific model equations chosen by the researcher a priori and — as pointed out
in Inoue et al.| (2015) — wedges can be introduced in many different ways. By contrast, ASDs
appear in all equations. If one prefers a more concise specification, then the idea of our ag-
nostic procedure indicates involves using a statistical model selection criterion not economic
arguments@

Appendix C. Additional discussion for Monte Carlo experiments

This appendix starts by giving some additional information about our experiments and
continues by providing additional results.

38There may be valid economic or other reasoning to make additional restrictions. For example, in our
empirical application we give such motivation for our assumption that the ASDs appear in the flexible-price
block of the SW with the same coefficient as in the corresponding equation of the actual model. However,
such restrictions make the procedure less agnostic.
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Appendix C.1. Details

We follow SW and do not estimate the depreciation rate, d, the steady-state wage mark-
up, i, the steady-state level of government expenditures, g, the curvature in the Kimball
goods-market aggregator, ¢,, and the curvature in the Kimball labor-market aggregator, €,,.
Since we use demeaned data, we also fix the trend growth rate, 7, the parameter controlling
steady state hours, [, the parameter controlling steady state inflation, 7, and the discount
factor, f.

We deviate in one aspect from SW and that is related to the parameter p,,, which
captures the impact of the TFP structural disturbance on the government expenditures
structural disturbance. We set this coefficient equal to zero in both the true dgp and in
the empirical model. This implies that all structural disturbances are uncorrelated. This
is a typical assumption and makes our misspecification experiment more transparent. As
discussed below, the misspecification considered is related to the specification of the set of
structural disturbances. If pgy, # 0, then we would have to make additional choices whenever
the misspecification involves either the TFP or the government spending shock. We explored
some alternative cases in which pg, # 0 and found similar results.

We adopt Maximum Likelihood estimation. This involves a nontrivial optimization given
the complexity of the model and number of parameters to be estimated. However, our
optimization problem is relatively well defined. The empirical model is very close to the true
dgp. Moreover, we use the true parameter values as the initial conditions for the optimization
routine and we specify bounds for the parameter values. These choices decrease computing
time and also give a misspecified model the best possible chance to deliver estimates that
are close to the truth. The innovation standard deviations of the disturbances are restricted
to be in the interval [0, 10] and the coefficients of their time series process in the interval
[0,99]. Given our focus on misspecified disturbances, we want these intervals to be large.
For the structural parameters we set the lower bound and the upper bound to the first and
ninety-ninth percentile according to the SW prior, centered at the parameter values of the
true dgp.

Although the Monte Carlo experiments focus on ML estimation, we used a Bayesian model
comparison for the exercise where we answered whether a researcher would n practice reject
the wrong empirical specification when compared with the true one. We used a Bayesian ap-
proach because Bayesian estimation is the dominant strategy to estimate DSGE models. For
this comparison we restricted ourselves to 100 Monte Carlo replication, since each replication
involves a computationally intensive MCMC procedure to trace the posterior.

Our analysis has some features in common with |Ferroni et al. (2015), but there are
important differences. They only consider one specific misspecified empirical model whereas
we consider a total of forty-two. Although they consider a limited Monte Carlo experiment
(with 100 replications), the main discussion focuses on particular sample of 200 observations.
Most importantly, their main focus is on the consequences of using an inverse gamma prior
for parameters that could well be zero. Our focus is on the misspecification of the empirical
model, not the specification of the prior.
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Appendix C.2. Identification of structural parameters

To properly evaluate the misspecification experiments of this paper, it is important that
the estimated parameters are identified. If not, then any detected distortions of parameter
estimates and implied model properties could be due to lack of identification and not mis-
specification. We use the test proposed in Komunjer and Ng (2011) to check whether the
parameters of the empirical specifications used in our experiments are identified. We will
refer to this test as the KN test. This test provides both necessary and sufficient conditions
for local identification under a set of weak conditions.@ It focuses on the state-space repre-
sentation of the model and — in contrast to earlier identification tests — does not require the
user to specify a set of particular autocovariances[?’] The results document that parameters
are identified in all experiments. In|[Appendix D.3| we document that weak identification is
not an issue either.

Identification of original Smets-Wouters estimation exercise. SW fix the values
of five parameters: depreciation, d, steady-state wage mark-up, 77, steady-state exogenous
spending, g, curvature in the Kimball goods-market aggregator, ¢,, and curvature in the
Kimball labor-market aggregator, £,,. Komunjer and Ng (2011]) consider the identification of
the SW model, but their empirical specification is slightly different from the one of SW in
that all variables are demeaned. By contrast, the data in the SW estimation exercise does
contain information about the level, since the inflation rate and the nominal interest rate are
in levels. [Komunjer and Ng (2011)) show that several subsets of the five parameter restrictions
mentioned above are sufficient to obtain identification if the parameter controlling steady
state hours, [, and the parameter controlling steady state inflation, 7, are fixed as well. It
makes sense that identification requires more restrictions when information about the levels
is not used in the estimation.

Identification of our specifications. The empirical and true specifications used in our
Monte Carlo experiments have six structural disturbances, whereas the original SW empirical
model has seven. This may imply that less parameters are identified. It is important that
the parameters that we try to estimate are identified. If parameters are not identified, then
different parameter combinations lead to the same criterion of fit used in the estimation, so it
would not be surprising if parameter estimates are different for slightly different specifications.

Consequently, we adopt the following conservative strategy to ensure identification. The
KN test checks rank conditions of matrices and to see whether there is a singularity one
needs to choose a tolerance criterion. We set the criterion at a level that is more strict than
the one chosen by KN [fT] We follow SW and fix the values of the five parameters mentioned
above. In addition, we fix all parameters that have a direct effect on the means of variables,
since we use demeaned variables in the estimation. The associated parameters are the trend

39These are a stability condition and regularity conditions on the innovations.
40An example of such an earlier test is Iskrev (2010).
41 We set “Tol” equal to le-2 instead of le-3 (a higher number means that the test is more difficult to pass).
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Table C.5: Komunjer and NG identification test.

required number 41 225 36 302 -

n Zi Zi Zg A° pass?
€aq,t €xcluded 12 41 225 36 302 yes
ept excluded 12 41 225 36 302 yes
g+ excluded 12 41 225 36 302 yes
gt excluded 12 41 225 36 302 yes
ert excluded 12 41 225 36 302 yes
Ew,y excluded 13 41 225 36 302 yes
ept excluded 13 41 225 36 302 yes

Notes. Here, n is the number of restrictions, which includes the number of coefficients fixed in all experiments and the number

. . . . -5 . .
of coefficients in the law of motion of the excluded exogenous random variable that are all set to zero. A}y is a matrix that
contains the derivatives of all the vectorized elements in the state-space representation of the model (the A, B, C, D matrices
and the variance-covariance matrices) evaluated at the true parameter values. It is intuitive that this matrix needs to have full

rank for identification. But it is not sufficient. Zi and Zg are matrices with particular elements related to the state-space
representation. The matrix A° = [Z,S\ Zi ZZ] needs to have full rank to pass the KN test.

growth rate, ¥, the parameter controlling steady state hours, I, the parameter controlling
steady state inflation, 7, and the discount factor, BE Finally, as discussed in Section
we fix the spillover from the productivity disturbance to exogenous spending and set it equal
to zero.

The results of the KN test are reported in Table[C.5and it indicates that the identification
test is passed in all cases. That is, lack of identification is not driving the results in this paper.

Appendix C.3. Additional results

Figures and plot the histograms of the estimated x? statistics across Monte Carlo
replications for the two experiments of Section |3|together with the theoretical (large-sample)
x? distribution. The number of degrees of freedom is equal to 10. They document that the
distribution of test statistics across Monte Carlo replications is quite close to the theoretical
one.

Tables and [C.7] document detailed information on the distribution of parameter esti-
mates for the two Monte Carlo experiments.

42Tt is a conservative choice to fix all four, since identification only requires that two parameters are fixed
according to the test of Komunjer and Ng| (2011)).
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Figure C.6: Likelihood ratio test agnostic versus fully-specified model: First experiment
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Notes. The figure plots the distribution of x? statistics of the first Monte Carlo experiment and the theoretical distribution
according to large sample theory. This Monte Carlo experiment corresponds to the case when the true dgp does not include a
monetary policy disturbance, but the empirical model leaves out the investment disturbance instead.
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Figure C.7: Likelihood ratio test agnostic versus fully-specified model: Second experiment
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Notes. The figure plots the distribution of x? statistics of the first Monte Carlo experiment and the theoretical distribution
according to large sample theory. This Monte Carlo experiment corresponds to the case when the true dgp does not include a
TFP disturbance, but the empirical model leaves out the investment disturbance instead.

o4



qq

Table C.6: Parameter estimates across Monte Carlo replications: First experiment

misspecified estimation ASD procedure SW specification

Truth LB UB | 10% 25% 50% 75% 90% 10% 25% 50% 75% 90% 10% 25% 50% 75% 90%
a 019 0.07 0.31 0.07 0.0r 0.08 010 0.14 015 0.18 021 023 026 015 0.17 020 0.22 0.24
O¢ 1.39 0.53 2.25 1.35 144 166 216 224 116 129 147 169 195 119 129 142 158 1.81
d 1.61 1.33 1.89 146 169 18 1.89 18 133 134 157 18 18 133 138 160 1.83 1.89
¢
A

5.48 1.99 897 3.42 5.03 648 805 887 318 3.78 459 563 6.74 380 427 491 555 6.24
0.71 0.45 0.90 0.62 0.71 079 084 086 0.57 062 066 071 076 061 064 0.68 0.72 0.76
Ew 0.73 0.47 092 0.58 0.65 071 078 086 0.57 062 068 07 082 058 0.63 069 0.7 0381
oy 1.92 0.18  3.66 0.18 0.18 0.18 0.19 054 089 116 155 217 277 107 136 1.76 224 2.71
& 0.65 0.40  0.86 069 074 079 083 08 050 056 063 069 073 052 057 063 068 0.73
Ly 0.59 0.24 0.89 024 028 038 053 068 032 044 060 07 088 034 047 061 0.76 0.88
Lp 0.22 0.01  0.65 0.04 013 025 038 051 002 008 016 025 034 003 008 016 024 0.31
P 0.54 0.20 0.86 026 038 059 075 084 038 047 057 069 081 041 048 0.57 0.66 0.77
T 2.03 1.45 2.61 1.58 1.78 2.05 2.33 2.55 1.71 1.88 2.10 2.41 2.60 1.76 1.91 2.09 2.35 2.57
p 081 0.53 097 0.74 0.7r 08 082 083 0.78 0.8 082 084 08 078 0.80 0.8 084 0.85
Ty 0.08 -0.04 0.20 0.06 0.0r 011 0.17 020 0.05 0.0r 0.08 011 013 0.06 0.07 0.08 010 0.12
Ay 0.22 0.10 0.34 0.11 0.15 0.17 0.18 019 019 0.21 022 023 024 020 021 022 023 0.24
Pa 0.95 0.00  0.99 0.60 093 095 09 09 088 092 094 095 09 090 093 094 096 0.96
Db 0.18 0.00 0.99 0.03 0.08 016 027 075 0.03 0.08 014 020 026 004 0.09 015 021 0.26
Pg 0.97 0.00 0.99 099 099 099 099 099 094 096 097 098 098 094 096 097 098 0.98
Pp 0.90 0.00 0.99 0.50 0.66 0.78 091 097 068 08 087 092 095 074 082 088 092 094
Pw 0.97 0.00 0.99 093 097 099 099 099 093 095 097 098 099 094 096 097 098 0.99
M 0.74 0.00  0.99 021 038 064 08 094 031 048 062 073 080 038 051 064 0.73 0.80
Lt 0.88 0.00 0.99 072 081 087 091 094 073 08 08 08 092 076 082 0.8 0.89 0.92
Oq 0.45 0.00 10.00 | 062 070 085 1.05 122 035 038 042 048 053 037 039 044 048 0.53
Op 0.24 0.00 10.00 0.06 0.20 0.24 0.26 0.28 0.21 0.22 0.24 0.26 0.28 0.21 0.23 0.24 0.26 0.28
o4 0.52 0.00 10.00 | 051 053 055 0.57 059 048 049 052 054 056 048 050 052 054 0.56
Op 0.14 0.00 10.00 | 0.12 0.14 0.15 0.17 0.18 0.11 0.12 0.14 0.15 0.17 0.11 0.12 0.14 0.15 0.16
Ow 0.24 0.00 10.00 | 0.19 0.20 0.22 024 025 021 023 024 026 028 021 023 025 026 0.28
Notes. The table provides information on the distribution of the indicated parameter across the Monte Carlo replications. See Table [T|for the definitions of the parameters. This

Monte Carlo experiment corresponds to the case when the true dgp does not include a monetary policy disturbance, but the empirical model leaves out the investment disturbance
instead.
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Table C.7: Parameter estimates across Monte Carlo replications: Second experiment

misspecified estimation ASD procedure SW specification

Truth LB UB | 10% 25% 50% 75% 90% 10% 25% 50% 75% 90% 10% 25% 50% 75% 90%
a 019 0.07 0.31 0.09 0.12 0.16 021 026 014 018 021 025 029 014 017 020 0.23 0.26
Oc 1.39 0.53 2.25 1.39 157 207 224 225 1.14 127 145 1.75 214 116 126 141 1.63 1.93
P 1.61 1.33 1.89 1.39 1.58 1.79 1.87 1.89 1.33 1.35 1.58 1.85 1.89 1.34 1.43 1.61 1.78 1.87
¢
A

5.48 1.99 8.97 4.09 499 6.23 743 848 329 3.85 457 543 654 385 434 498 564 644

0.71 0.45 0.90 0.54 061 069 076 0.8 055 061 066 072 077 060 064 068 073 0.77

&w 0.73 0.47  0.92 0.55 0.61 0.67 072 078 055 060 067 074 081 058 062 069 0.7 0.80
o 1.92 0.18  3.66 0.18 0.18 020 055 1.03 046 089 156 258 354 0.67 107 1.78 264 3.38
& 0.65 0.40  0.86 0.62 0.68 0.73 078 083 049 054 062 068 073 051 056 062 0.68 0.72
L 0.59 0.24 0.89 024 030 042 057 069 032 046 061 078 089 034 047 062 0.77 0.88
lp 0.22 0.01  0.65 0.04 011 024 034 046 001 007 015 024 032 003 008 016 0.24 0.32
Y 0.54 0.20  0.86 0.30 0.40 053 0.67 080 037 045 057 070 081 040 048 058 0.68 0.79
Tr 2.03 145  2.61 174 204 232 254 260 159 186 228 259 261 168 189 222 252 2.60
p 081 0.53  0.97 079 081 084 08 087 073 077 081 084 08 07 078 081 084 0.85
Ty 0.08 -0.04 0.20 0.08 0.10 0.13 016 019 004 006 010 0.12 014 005 0.07 0.09 0.12 0.13
TAy 0.22 0.10  0.34 0.11 0.13 0.17 020 022 017 019 023 026 029 017 020 0.22 025 0.28
Pb 0.18 0.00  0.99 0.07 014 022 033 053 002 008 014 021 026 0.04 009 015 021 0.26
Pg 0.97 0.00  0.99 098 099 099 099 099 094 096 097 098 098 094 096 097 098 0.98
Pr 0.12 0.00  0.99 0.00 0.00 0.02 0.06 010 000 004 o011 018 023 001 005 0.11 0.17 0.22
Pp 0.90 0.00  0.99 048 065 0.78 091 097 074 082 089 092 095 078 084 089 092 0.95
Puw 0.97 0.00  0.99 094 096 097 098 099 093 095 097 098 099 094 096 097 098 0.98
p 0.74 0.00  0.99 017 037 061 084 092 036 050 062 072 081 044 055 065 0.73 0.80
o 0.88 0.00  0.99 073 079 084 08 091 073 079 084 08 091 07 081 08 0.89 0.92
op 0.24 0.00 10.00 | 0.14 0.19 022 024 026 020 022 024 026 028 021 023 024 026 0.28
o4 0.52 0.00 10.00 | 0.49 0.51 053 0.55 057 047 049 051 054 056 048 050 052 0.54 0.56
or 0.24 0.00 10.00 | 0.22 0.23 0.24 025 026 022 023 024 025 026 022 023 024 025 0.26
Op 0.14 0.00 10.00 | 0.12 0.14 0.15 0.6 0.18 011 012 014 015 017 011 0.12 0.14 0.15 0.16
Ow 0.24 0.00 10.00 | 0.20 0.21 023 024 026 021 023 025 027 028 022 023 025 027 0.28

Notes. The table provides information on the distribution of the indicated parameter across the Monte Carlo replications. See Table for the definitions of the parameters. This
Monte Carlo experiment corresponds to the case when the true dgp does not include a TFP disturbance, but the empirical model leaves out the investment disturbance instead.
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Appendix D. Large sample consequences of misspecification

ASDs are designed to deal with the misspecification of structural disturbances. In Section
Bl we used Monte Carlo experiments to document that the consequences of such misspecifi-
cation for parameter estimates can be quite severe.

The analysis of that section has some drawbacks. First, the results are subject to sampling
variation, since the sample size was chosen to resemble the length of data series available
to macroeconomists in practice. Consequently, the documented deviations from the truth
may not be due to misspecification solely but also to small sample issues such as bias and,
or course, sampling uncertainty. Second, the analysis only focused on the consequences
for parameter estimates whereas it also would be interesting to look at model properties
as implied by parameter estimates. Examples are impulse response functions (IRFs) and
moments of model variables. Third, we only discussed the results for two representative
experiments, whereas there are forty-two possible experiments.

In this appendix, we study the consequences of misspecification in greater detail. First,
by using samples of 100,000 observations we reduce sampling variation to negligible levels.
Thus, all deviations from the true values are due to misspecification. Second, in addition to
parameter estimates we also look at implied moments of model variables and implied IRFs.
Third, we consider all possible forty-two experiments. In all other aspects, the experiment is
identical to the one described in Section [3

Appendix D.1. Consequences for parameter values

Table reports some key percentiles (across experiments) to characterize the range of
the estimated parameter values. When constructing percentiles, we only consider parameters
that are in both the true and empirical specification[®] All parameter estimates are affected
by misspecification to some extent. Moreover, the minor misspecifications considered in these
forty-two experiments lead to massive distortions for several parameters.

The median parameter estimates (across experiments) are relatively close to the true pa-
rameter values. Thus, our choice of experiments does not favor bias in a particular direction.
There is one exception. The median value of the estimated standard deviation of the pro-
ductivity disturbance innovation, o, is equal to 0.92 compared to a true value of 0.45. The
reason is that this disturbance often “absorbs” the variation of the disturbance that is not
included in the empirical specification. Thus, the disturbance that is wrongly included in the
empirical specification does not necessarily fulfill this role.

Even if we exclude cases for which the estimates fall in the bottom or top 10%, then we
find that estimates are substantially different from their true value for many parameters. For
example, for the labor supply elasticity with respect to the real wage, o;, the 10" percentile
is equal to 0.18 and the 90" percentile is equal to 3.66, compared with a true value of

438pecifically, for the parameters of the exogenous random processes, the experiments in which the dis-
turbance is part of the empirical model — but not part of the true dgp — are excluded from the calculations
of the percentiles.
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Table D.8: Parameter values: Point estimates across misspecification experiments

Imposed Imposed
Truth Min Min 10% 25% Median 75% 90% Max Max
@ 0.19 0.07 0.07 0.11 0.17 0.19 0.20 0.23 0.31 0.31
O 1.39 0.53 0.53 0.78 1.14 1.35 1.60 1.82 225 2.25
P 1.61 1.33 1.33 133 1.53 1.77 1.89 1.89 1.89 1.89
10 5.48 1.99 2.71 3.9 547 7.38 8.97 897 8.97 8.97
A 0.71 0.45 0.45 0.59 0.71 0.74 0.84 0.89 0.90 0.90
Ew 0.73 0.47 0.50 0.67 0.73 0.75 0.82 0.87 091 0.92
oy 1.92 0.18 0.18 0.18 0.52 1.87 2.71  3.66 3.66 3.66
& 0.65 0.40 0.53 0.60 0.65 0.78 0.86 0.86 0.86 0.86
L 0.59 0.24 0.24 0.27 0.38 0.58 0.61 0.80 0.89 0.89
lp 0.22 0.01 0.01 0.01 0.10 0.22 0.32 048 0.63 0.65
) 0.54 0.20 0.20 0.20 0.42 0.54 0.68 0.86 0.86 0.86
Tr 2.03 1.45 145 145 1.71 2.07 2.39 261 261 2.61
P 0.81 0.53 0.62 0.73 0.79 0.81 0.85 0.88 0.92 0.97
Ty 0.08 -0.04 -0.04 0.01 0.05 0.09 0.16 0.20 0.20 0.20
TAy 0.22 0.10 0.10 0.10 0.10 0.20 024 034 034 0.34
Pa 0.95 0.00 0.50 0.82 0.92 0.96 0.98 099 0.99 0.99
Db 0.18 0.00 0.04 0.09 0.13 0.17 0.26 0.36 0.80 0.99
Pg 0.97 0.00 0.94 096 0.97 0.97 0.99 0.99 0.99 0.99
Jole 0.71 0.00 0.57 0.60 0.68 0.71 0.78 0.84 0.95 0.99
Or 0.12 0.00 0.01 0.06 0.11 0.13 0.18 0.33 0.50 0.99
Pp 0.90 0.00 0.70 0.77 0.84 0.89 0.93 096 0.98 0.99
Puw 0.97 0.00 0.93 095 097 0.97 098 0.99 0.99 0.99
Lp 0.74 0.00 0.08 0.22 043 0.73 0.82 091 0.95 0.99
Lo 0.88 0.00 0.00 0.00 0.87 0.89 0.92 096 0.98 0.99
Oa 0.45 0.00 0.42 0.47 0.67 0.92 1.49 2,57  3.20 10
op 0.24 0.00 0.07 0.20 0.23 0.24 0.26 0.27 0.29 10
o 0.52 0.00 0.52 0.52 0.52 0.53 0.55 0.56 0.57 10
or 0.45 0.00 0.14 0.25 0.39 0.44 0.46 0.48 0.54 10
oy 0.24 0.00 0.22 0.23 0.23 0.24 0.26 0.28 0.31 10
Op 0.14 0.00 0.04 0.09 0.12 0.14 0.15 0.16 0.17 10
Ow 0.24 0.00 0.18 0.20 0.21 0.24 0.25 0.29 0.31 10

Notes. This table gives information about the parameter estimates across the forty-two misspecification experiments. For
the parameters of the laws of motion of the disturbances, we exclude an experiment from the calculations of the percentiles
when the disturbance is part of the empirical model, but not part of the true dgp. The table also reports the bounds imposed
on parameter estimates. See Table [1] for the definitions of the parameters.
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1.92. For the parameter capturing the indexation of wages t,, the same two percentiles
are 0.27 and 0.80, compared with a true value of 0.59. For the parameter capturing the
indexation of prices, ¢,, the two numbers are 0.01 and 0.48, compared with a true value of
0.22. When the two 10% tails are not excluded and the full range of estimates is considered,
then the range substantially increases. Specifically, the largest values are 0.89 and 0.63 for
the indexation of wages and prices, respectively.@ Recall that these distortions are solely
due to misspecification, not to small-sample variation.

For several parameters, the results remain bad when we narrow the range of outcomes
considered. For example, when we exclude the bottom and the top 25%, then the values for
oy, vary between 0.52 and 2.71 compared with a true value of 1.92. The results are also quite
bad for ¢, the elasticity in the capital adjustment cost function, for which the 25" percentile
is equal to 5.47 and the 75" percentile is equal to 8.97.

Appendix D.2. Consequences for model properties

The previous section documents that misspecification can lead to large distortions in
parameter values. Parameter estimates are often of interest in themselves. At least as
important are the properties of the estimated structural model. It could be that different
parameter configurations lead to similar model properties. In this section, we address this
by looking at implied moments and IRFs.

Appendix D.2.1. Implied model moments

We begin by documenting the consequences of model misspecification for implied model
moments using the misspecification setup described above. Table reports the range of
values for typical business cycle properties as implied by the estimated parameter values of the
forty-two experiments considered. Specifically, it reports standard deviations and correlation
coefficients relative to their true values. Thus, a value equal to 1 means that there is no
distortion. The column labeled “true value” reports the range of values the corresponding
moment has according to the true dgp.ﬁ

Misspecification implies an upward bias for volatility in our experiments@ This upward
bias could be specific to our particular type of misspecification. However, the observed
upward bias is consistent with the simple analytical example discussed in |[Appendix D.5|.E|

44Parameter estimates are constrained to be in a range, and the largest estimate of the wage indexation
parameter is constrained by the imposed upper bound.

45Moments are not the same across experiments, since we adjust the standard deviations of the structural
disturbances to ensure that the wrongly omitted disturbance does not play an important role.

4‘GSectiondocumen‘cs an upward bias for o, the standard deviation of the TFP disturbance.
Since one disturbance is missing from the empirical model, it is not surprising that there is a shift towards
some of the other disturbances. By contrast, here we find an upward bias for total variability.

4Tn we discuss a simple example which documents analytically how maximum likelihood
estimation of a misspecified model can lead to an arbitrarily large upward bias in the implied variance of an
observable.
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Table D.9: Moments: Ratio of implied value to truth across experiments with misspecification

True value Min 10% 25% Median 75% 90% Max
(across experiments) (estimates, scaled by true value)

Std(yy) [3.48,5.12] 0.51 078 092 103  1.64 446 6.03
Std(ct) [3.30, 5.58 ] 045 076 092 103 181 412 6.62
Std (i) [9.73, 12.94 ] 0.70 0.87 0.99 1.11 1.71  3.81 647
Std(r) [0.52,0.61 ] 0.76 090 0.94 1.00 1.36  2.28 2.78
Std () [0.37,0.54 ] 0.64 0.72 094 1.01 1.25 221 298
Std(wy) [2.13,2.70 ] 0.73 083 0.92 1.08 2.28 557 10.87
Corr(yt, ¢t) [0.65,0.94 ] 0.28 0.68 0.93 0.99 1.07  1.15 152
Corr(yy, ir) [0.74 , 0.87 ] 069 083 095 100 110 116 1.29
Corr(ct,it) [0.63,0.89 ] -0.68 0.60 0.92 1.00 1.19 134 1.57
Corr(ct, m¢) [-0.65 ,-0.35 ] -0.71  0.54 0.86 0.99 111 152 213
Corr (i, wy) [0.29 , 0.69 | -1.52  0.10 0.64 1.07 149 199 3.28
Corr(iy, Tw) [0.51,0.80 ] 036 084 097 1.02 117 1.34  1.75

Notes. This table reports the outcomes across experiments for the indicated moment as implied by parameter estimates
relative to its true value. Thus a value equal to 1 indicates that there is no distortion due to misspecification. Each row
reports percentiles across our forty-two experiments. It also reports the range of values of the true moments across the
experiments. All moments considered are related to variables that are used in the estimation as observables.

The results are solely due to misspecification, since we use very large samples and our ML
estimator is consistent when the empirical model is correctly specified.

The overestimation of volatility is enormous in some cases. Even if we exclude the top
25%, then standard deviations can be multiples of the true standard deviation. For example,
the 75" percentile for the standard deviation of wages is 2.28 times its true value. This ratio
increases to 5.57 when we only exclude the top 10%. The 90" percentiles for the consumption
and output standard deviation ratios are 4.12 and 4.46, which also indicates massive over-
prediction. The 90" percentile for investment is equal to 3.81 and in the worst experiment the
implied standard deviation is 6.47 times as big as the true value. By contrast, the values in
the lower tail are less drastic. Excluding the bottom 10%, we find that the largest distortions
are found for inflation for which the 10" percentile is 0.72, that is, implied volatility is 28%
below its true value. If we consider all experiments, then the smallest ratio is equal to 0.45,
which is found for the implied standard deviation of consumption.

Misspecification also has large quantitative implications for correlation coefficients. In
fact, the sign of the correlation coefficient as implied by parameter estimates turns out to be
different from its sample analogue in several cases. This would not be a big deal if the two
correlation coefficients are both close to zero. But there are also cases in which the implied
correlation coefficient according to the estimated empirical model and the true correlation
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coefficient are both large in absolute value and differ in sign@@

Appendix D.2.2. Impulse response functions (IRFs)

To conclude the discussion on the consequences of misspecification, we document that
misspecification can also have a large impact on impulse response functions. There are many
IRFs to consider. Figure plots for three IRF's the outcomes across the experiments and
documents that the distortions can be large. We exclude the cases when the disturbance
of interest is in the empirical specification, but not part of the true dgp. It would not be
surprising if these are differentm Thus, the disturbance of interest is part of the true dgp as
well as the empirical model for all three cases considered.

Figure plots the response of output to a TFP disturbance. This is obviously a key
characteristic of the model. The black line plots the true IRF and the grey lines plot the
IRF's as implied by the empirical model for the different experiments. All IRFs are based the
same size shock.ﬂ If the grey lines are close to the black line, then misspecification of the
empirical model has only minor consequences for the IRF considered. The sign of the IRF
is virtually always correct and TFP disturbances always have a noticeable positive impact
on aggregate output@ Nevertheless, the figure documents that there are large differences in
terms of initial impact, overall magnitude, shape, and persistence.

Figure plots the response of the real wage to a monetary policy shock. This is clearly
the kind of model property one would want to get right when analyzing monetary policy. The
figure shows again a wide variety of responses across the different empirical specifications.
Whereas the true response is substantial, there are several empirical specifications that pre-
dict a very small change. There are also a few specifications that give a much larger response.
We want to reemphasize that the plotted IRF's are for a disturbance that is correctly included
in the empirical model.

Figure reports the results for the inflation IRF of an investment-specific shock. For
most experiments the IRFs display a similar pattern, but there are important differences in
terms of magnitude. For three experiments, however, the IRFs are completely at odds with
the true IRF. Whereas the true IRF is positive and has reverted back to zero after twenty
periods, the IRFs implied by these three misspecified empirical models are negative and
indicate larger volatility and more persistence. Again, relatively small changes in parameter

48 A striking example is the experiment in which the government disturbance is not present in the true
dgp and the empirical model excludes the risk-premium disturbance instead. The true correlation between
consumption and investment is equal to 0.67 whereas the one implied by the estimated model is equal to
-0.41.

49The smallest correlation coefficient (in absolute value) according to the true model is 0.29, so any sign
change implies a nontrivial change in the correlation coefficient.

50 Also, we cannot calculate IRF's for a particular disturbance if that disturbance is not part of the empirical
specification. This means that each figure plots IRFs for thirty-two cases.

51That is, one standard deviation according to the original SW model. Differences across IRFs are bigger
if we use the estimated standard deviations for the different experiments.

52In some experiments, the initial response is negative. However, its value is then very small.
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(b) Wage response to monetary policy shock
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Notes. The figure plots the true IRF (black)and the IRFs implied by the misspecified (grey) empirical models considered. The
results are based on a very large sample, so results are not due to small sample variation. These IRFs are for shocks that are

Figure D.8: IRFs according to true (black) and misspecified (grey) empirical models
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correctly included in the model. Also, we do not use estimated standard deviations, but use the same size shock for all IRF's.

values can change these IRFs such that they are much closer to the true IRF [

53Specifically, if 0., the parameter controlling curvature in the utility function and ), the parameter
indicating the habit component in the utility function, are set equal to their true values, then these three
IRFs have a shape that is similar to the true IRF, that is, also predict a hump-shaped positive response.
The responses still differ somewhat from the truth in having a more delayed response and a more persistent
effect. The estimated values for . in the three experiments are 0.65, 0.53, and 0.53, whereas the true value
if equal to 1.39. The estimated values for A\ are equal to 0.86, 0.87, and 0.85, whereas the true value is equal

to 0.71.
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Appendix D.3. Is weak identification the cause?

In [Appendix C.2] it was shown that all parameters are identified in all models consid-
ered Y] Moreover, we use a very large sample to estimate the parameters so the large range of
values for parameter estimates cannot be caused by samples being too short to be informa-
tive. Also, the finding that the different parameter values are associated with quite different
model properties indicates that the results discussed in this section are not due to parame-
ters not being identified. As a final check, we compare the values of the likelihood function
according to the misspecified model at the estimated values and the true values. When using
the true values, we do re-estimate the parameters of the exogenous random variables[”| The
smallest difference between the two log likelihood values is equal to 14.5 and there are only
four experiments for which the difference is less than 100. The mean (median) difference is
equal to 10,371 (5501) Y

Appendix D.4. Choosing Monte Carlo experiments

A careful Monte Carlo experiment requires a sufficiently large number of replications. We
use 1,000. Each replication involves a computationally intensive optimization routine. This
means we would not be able to do a small-sample version of all 42 experiments in this ap-
pendix. The two we use in section [3| were chosen as follows. We ranked all experiments by the
likelihood value obtained with the misspecified specification relative to the likelihood value
obtained with the correct specification. The idea is that misspecification is less severe if the
difference in likelihood values is smaller. The first experiment chosen is the one correspond-
ing to the sixty-sixth percentile and the second is the one corresponding to the thirty-third
percentileE] Thus, our experiments are neither the least nor the most problematic in terms
of misspecification.

Appendix D.5. An analytical example

In this section, we give a very simple example to indicate that misspecification can have
large distortive effects in the sense that implied properties of the model using the parameter
estimates can be at odds with the actual corresponding properties of the data that are used to

54 All true specifications have one structural disturbance less than the original SW model. This turns out
not to matter for identification. In fact, estimated parameters remain identified when we do the identification
test for specifications with five disturbances that exclude the disturbance that is not part of the true dgp as
well as the one that is erroneously omitted from the empirical specification.

55This is a conservative choice, since differences in the likelihoods would be larger if these parameters are
not re-estimated.

561t is not surprising that across experiments, there are some for which the misspecification is smaller than
for others resulting in smaller differences between the two likelihood values. After all, our experiments are
not designed to find large misspecification. Our set is constructed using a simple variation in the set of the
original structural disturbances.

5TThe first (second) Monte Carlo experiment corresponds to the case when the true dgp does not include a
monetary policy (TFP) disturbance, but the empirical model leaves out the investment disturbance instead.
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estimate the parameters. The model is linear, and all variables have a Normal distribution.
Throughout this section, parameter estimates are based on population moments. Thus,
the results are not due to small sample variation. The estimation procedure is Maximum
Likelihood (ML).

More specifically, this example demonstrates that there can be massive differences between
the variances of observables as implied by the model using estimated parameter values and
the actual variances in the data set. This result is surprising since the ML estimator of
the variance of a given time series is the sample variance when the variable has a Normal
distribution. We will show that this is not necessarily true for implied variances when the
empirical model is misspeciﬁed.@

True model. The true model is given by the following set of equations:

Y1t A1 A2 €1t
= ' = ' =A D.1
v [ Yot } [ Ao Mgz } [ €t ] “ ( )
o? 0
E [5155;] = |: 01 0_% :| ) (DQ)

and we make the following assumption about the distribution of the error terms:

g1y~ N(0,07) and ey ~ N(0,03). (D.3)

Misspecification. The objective is to estimate the standard deviations of the structural
disturbances, o7 and o3. The researcher takes the value of A as given. The empirical model
is misspecified, because A # A is used instead of the true value.

Empirical specifications. We consider the following two empirical specifications:

Case 1: Empirical model given by

Yot 019 [

— _2 .
ytz{ylvt}ﬂet, E[Eteé]:[al ‘i] (D.4)

58 As a byproduct of this paper, we learned that there also can be large gaps between actual properties
of the data used and the corresponding implied properties according to the Maximum Likelihood estimates
of the model parameters when the DSGE model is correctly specified, but a data sample with finite length
is used. Since the objective of Maximum Likelihood is not to match moments, there is no reason why there
should be a close match, but we were surprised by the large magnitudes of the differences. For example,
using a sample of 1,000 observations generated by the SW model with seven disturbances and the correct
empirical specification, it is not unusual to find implied standard deviations for the observables that are three
to five times their data counterpart. Such differences will disappear as the sample size increases, since the
estimator is consistent, but such asymptotic results do not provide much assurance if there is a small sample
bias even at a relatively large sample size of 1,000 observations.
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Case 2: Empirical model given by

_ , 72 0
Yt = [ YLt ] = A&y, Elag] = [ (61 =2 } : (D.5)

Yot 03
Both empirical models are misspecified, because they use the wrong value of A. In the
first case, the empirical model allows the correlation between the two innovations to be non-
zero even though it is equal to zero according to the true data generating process. In the

second case, the empirical model imposes that the correlation is equal to zero, just as it is in
the true model.

Case 1: Wrong A and allow for wrong oi. Since the model is linear and the shocks
have a normal distribution, the ML estimator of the variance-covariance matrix E [e:¢}], X,
is given by

a 1, U

Y. = A XA (D.6)
As mentioned above, we abstract from sampling variation and i; is estimated using popula-
tion moments. This means that the ML estimator of i’s is given by

-——1

5. = A Elyyl]A (D.7)

= N 'ANRTY
True versus implied variance. The purpose of this section is to document the conse-

quences of misspecification for the implied variance of the observable g, according to the
estimated model. The true variance-covariance matrix is given by:

E;}me = E [yy;] = AN (D.9)

The implied variance of y, according the researcher’s (misspecified) model, iy, is given by

5, = ASA (D.10)
= AA ANATN (D.11)
= AN =3 (D.12)

Thus, the procedure actually generates the correct answer even though an incorrect empirical
specification is used. In this case, the estimated empirical model is misspecified for two
reasons, namely it has the wrong A and the estimated value of 015 is not equal to its true value.
These have exactly offsetting effects in terms of their impact on the implied variance. Another
way to look at this result is the following. By allowing for a more flexible specification, i.e.,
a non-zero value for oy,, the researcher would get a better answer for the implied variance of
y; even though the flexibility implies that the estimated model is wrong in more dimensions.
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Case 2: Wrong A and correct o15. Obtaining the estimate for ig is just as easy as in
the previous case. Given A and data for y,;, one can calculate the values for ¢; and use these
to calculate the variance of ¢; and the implied variance of y;. The following is a complicated,
but useful way to express the outcome:

1 0|51,,~1v|10
oo || ]

- 00
S = + (D.13)
0 0]51,,~u[00
0 0] 0].

True versus implied variance. The implied variance of y; is equal to

11 0|1, ,,~v|1 0|

X A_OO_A ANA _oo_A

5, = + # AN =¥ (D.14)
[0 0]~1,,~v[0 0]
A_Ol_A ANA _01_/\

The reason iy #* thfue is that the A terms do not cancel out. In our Monte Carlo
experiments with misspecified models, we find that there often are large gaps between the
variances of the observables used in the estimation and the corresponding variances as implied
by the model using the estimated parameters. Moreover, there is a bias. That is, the implied
variance is typically larger than the actual variance. Our Monte Carlo experiments are a lot
more complicated than this example, but this example may shed light on the coincidence of
high implied variances. Specifically, because the As do not cancel out, the expression for ¥,
contains terms like the following:

A [ 10 } K_l 1 X11X22 _X11X12 (D.15)

0 0 a XllXQQ — X12X21 X21X22 _X12X21 ‘

This equation documents that the ratio of the implied variance relative to the true variance
could be arbitrarily large if the term in the denominator goes to zero[”] For a correctly
specified model this would not matter, since the small term in the denominator would then
be offset by an equally small term in the numerator. But this is not necessarily the case for
an incorrectly specified model.

9The opposite is less likely, since it would require values for the \;; coefficients such that the combinations
appearing in square brackets are small, but the particular combination in the denominator is not. For example,
one cannot accomplish this by simply choosing small values for the A;; terms.
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Appendix E. ASD procedure for the Smets-Wouters model

In this appendix, we provide further details on how the ASD procedure is implemented
in Section 4| and we provide additional results.

Appendix E.1. Including ASDs in SW equations

To apply the ASD procedure to the SW model, we adapt the Dynare program provided
by the authors/”¥| Adapting a Dynare program to add an agnostic disturbance is easy. Specif-
ically, for the first ASD, €4, we do the following.

1. In the model block, we add Tj, A€y to the 5 equation, where €4, 1s the agnostic

disturbance and ij 4 the coefficient associated with the agnostic disturbance in the j*
equation. Details are given below ']

2. We add an equation to the model block that describes the law of motion for €4 . If the
agnostic disturbance replaces a regular structural disturbance, then this disturbance
should be taken out of the program.

3. Declare €4, as a variable and declare the elements of ij 4 and the coefficients of the
law of motion for €4, as parameters.

4. Specify a prior for the elements of Tj, A-

We do not add the agnostic disturbance to Equations (6) and (12) of the SW model,
because these equations just contain definitions for capacity utilization and the wage mark-
up, respectively[’] The set of equations for the SW model consists of two parts. The first
part models the flexible price economy and the second part models the actual economy with
sticky prices. One needs to model the flexible-price economy, because the flexible-price output
level is used to define the output gap, which is one of the arguments in the monetary policy
rule. In principle, one could let the agnostic disturbance enter the equations of the sticky-
price economy and the associated equations in the flexible-price economy with a different
coefﬁcient.ﬁ Given the minor role played by the flexible-price block, it doesn’t quite make
sense to introduce so many additional parameters. Moreover, structural disturbances would
enter the associated pair of equations in the same way in most economic models. Therefore,
we also restrict the agnostic disturbance to enter the associated equations in the same way.

80The program is available at https://www.aeaweb.org/articles?id=10.1257/aer.97.3.586/ under the
“Download Data Set” link.

61The other two ASDs are added using the same procedure.

62Equation numbers refer to those in Smets and Wouters| (2007). We do allow the agnostic disturbances to
affect the utilization rate and the wage mark-up directly by including it in the model equations that specify
their relationship with other model variables.

63The sticky-price block contains some equations, such as the monetary policy rule, that do not have a
counterpart in the flexible-price economy.
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The exception is SW Equation (13) because it captures both potential stickiness in wages
and the relationship between the wage rate and its mark-up.

Specifically, we add the agnostic disturbance to Equations (1), (2), (3), (4), (5), (7), (8),
(9), and (11) of the SW model and the associated equations of the flexible-price economy. We
also add it to Equation (13) in both the flexible and the sticky-price part of the model, but
here we allow coefficients to differ. In addition, we add the agnostic disturbance to Equations
(10) and (14) which do not have a counterpart in the flexible-price economy. This means
that T A has thirteen elements. The last coefficient associated with the agnostic disturbance
is the autoregressive coefficient of its law of motion. The standard deviation of the agnostic
disturbance is normalized to be equal to 1.

Additional information. The SW specification uses consumption growth as an observable
and has an equation that defines consumption growth. Allowing an agnostic disturbance
to affect this equation would capture measurement error (which would be correlated with
structural disturbances if this ASD also appears in other model equations with a non-zero
coefficient). We do not explore this possibility to keep the analysis parsimonious and to stay
close the SW approach, which does not allow for measurement error.

As pointed out in the main text, the prior mean of €4, and g, are set equal to associated
values of e, and €;;. For example, suppose we use the ASD procedure to test the restrictions
of the risk-premium disturbance by replacing it with an ASD. The risk-premium disturbance
appears in two equations, namely the consumption/bond Euler equation and the capital-
valuation equation. The prior means of the reduced-form agnostic coefficients for these
two equations are set equal to the values according to the SW restrictions with structural
parameters evaluated at their prior means. The reduced-form coefficients associated with
the other equations have a prior mean equal to zero. Having a non-zero prior has a practical
advantage. The signs of the coefficients of an agnostic disturbance are not identified. That is,
one can switch the signs of the coefficients of an ASD as long as one does it for all coefficients.
A necessary consequence of its agnostic nature is that the sign of an ASD has no a priori
meaning. If the prior means of all ASD coefficients are zero, then the ASD coefficients can
flip sign for different runs of the MCMC procedure.

Appendix E.2. Model selection procedures

Which structural disturbances to include? The first stage of the model selection pro-
cedure is to decide which regular and agnostic structural disturbances to include. Specifically,
we compare a set of models that do or do not include the risk-premium disturbance, that do
or do not include the investment disturbance, and that include one, two, or three ASDS.@ We
still allow the risk-premium and the investment-specific disturbance to appear in the final set
even though replacement by an ASD improved model fit. The reason is that a specification

64To estimate the model with all seven observables, an empirical specification with only one ASD would
need either the risk-premium or the investment disturbance to avoid a singularity.
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with both ASDs and these regular disturbances could perform even better.

Table E.10: Model selection procedure for SW model: Step 1

regular structural agnostic marginal
byt it €At €pt Ecp data density
no no yes yes  no -906.85
no no yes yes  yes -925.55
no yes yes  1no no -908.79
no yes yes yes  no -907.46
no yes yes yes  yes -922.94
yes no no yes 1o -919.81
yes no yes yes  no -907.32
yes no yes yes  yes -921.71
yes yes no no no -922.40
yes yes yes 1o no -909.35
yes yes no yes 1o -920.26
yes yes yes yes  no -908.09
yes yes yes yes  yes -922.82

Notes. The table reports the marginal data density for different empiri-
cal specifications regarding three agnostic disturbances and the two distur-
bances that are misspecified, that is, the risk-premium disturbance, € ¢, and
the investment disturbance, £; ;. The number in bold indicates the highest
outcome.

Table reports the results. It shows that the model with the highest marginal data
density is one with two agnostic disturbances, without the SW risk-premium, and without
the SW investment-specific disturbance. Another indication that there is no need for these
two SW structural disturbances is that their role in terms of explaining variation in the data
is very small when agnostic disturbances are included. According to the (unconditional)
variance decomposition of the estimated SW model, the risk-premium disturbance is espe-
cially important for the price of capital, consumption growth, and output growth explaining
45.4%, 61.2%, and 22.1% of total variability, respectively. It only plays a minor role for other
variables. When agnostic disturbances are added, then these three numbers drop to 3.88%,
3.88%, and 2.05%, respectivelyﬁ The reduction in the role of the investment disturbance is
even stronger. In the SW model, the investment disturbance plays a quantitatively important
role for many variables. For investment growth it even explains 82.1% of the volatility. With
agnostic disturbances added, its role becomes minuscule. Even for investment growth it only
explains 0.31%.

Obtaining a concise ASD specification. To interpret ASDs, we could use the best
specification found so far. However, interpretation of an ASD is easier when the specification
is more concise. To determine whether an agnostic disturbance should be excluded from

65These numbers are based on the specification with two ASDs and all seven SW structural disturbances
using posterior mode estimates.
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some equations, we implement model selection procedures using the marginal data density
as the criterion of fit. This statistic increases when fit improves, but also penalizes additional
parameters.

We consider both a specific-to-general procedure and a general-to-specific procedure and
we apply the procedure for the specifications with two and three ASDS.@ The details of these
procedures are described further below. The specific-to-general procedure with three ASDs
leads to the highest MDD and the selected outcome will be our preferred empirical model. The
specific-to-general procedure with two ASDs and the general-to-specific procedure with two
ASDs lead to slightly lower MDDSE Moreover, the models selected by these three procedures
are very similar. Specifically, the additional ASD in the specification with three ASDs only
plays a minor role. The zero restrictions imposed for the other two ASDs are not exactly the
same, but the differences are due to coefficients that turn out to be small. As documented in
|Appendix E.3| the estimates of the parameters are similar and the estimates obtained with
these three empirical specifications imply similar model properties. The general-to-specific
procedure with three ASDs leads to a specification that has a much lower MDD@

In our preferred specification, the first agnostic disturbance enters eight of the thirteen
equations, the second in three, and the third in five. By contrast, the original SW risk-
premium and the investment-specific disturbance appear in only two.

Details of the model selection procedures. The general-to-specific model selection
procedure starts with the specification in which the agnostic disturbances are allowed to
enter each model equation. It then calculates the marginal data densities for all possible
specifications in which the ASD is not allowed to enter one of the model equations. Thus, we
estimate a set of models, each having one less coefficient. If none of the specifications lead
to a better fit, then the procedure stops. If improvements are found, then the procedure is
repeated using the specification that led to the biggest improvement as the benchmark.
The specific-to-general procedure starts with the specifications in which each of the two
ASDs are allowed to enter only one model equation. To avoid a singularity, one cannot

66 An informal alternative selection procedure would be the following. One starts at the same point as
the general-to-specific procedure, that is, with ASDs included in every equation. The marginal posteriors of
the agnostic coefficients provides information on the lack of importance of different agnostic coefficients and
may provide the researcher promising combinations of zero restrictions to impose. In fact, the posteriors for
the coefficients with the fully unrestricted ASD specifications are very predictive of the equations selected by
the specific-to-general procedures for this application. Of course, there are good reasons why this informal
procedure is not a generally accepted model selection procedure and we cannot expect this to always work
well.

67The specific-to-general procedure generates an MDD equal to —892.92 with two ASDs and —890.76 with
three. The general-to-specific with two ASDs results in an MDD of —894.94.

68 Namely, -909.48. The general-to-specific procedure already stops after two steps. That is, the procedure
does not detect that imposing multiple restrictions simultaneously does lead to substantial improvements.
One has to impose some structure on any model selection procedure, because it would be impossible to
consider all possible combinations. That is, one has to give instructions on what paths to follow and which
ones to ignore. But this means that the model selection procedure may not find the best model. This
motivates our use of different model selection criteria.
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start with a more parsimonious model.@ In the next step, we estimate a set of models in
which one of the ASDs is added to one equation and, thus, one additional parameter is
estimated. The procedure stops if none of the specifications leads to an improvement. If
there is an improvement, then the specification with the largest improvement becomes the
next benchmark and the procedure is repeated.

Why not consider even more general specifications? Although our model selection
procedures consider a rich set of models, they are not the most general. Unfortunately, there
are practical limitations to what is feasible. Five SW disturbance are always included in
our specifications. The most ideal setup would be flexible in this dimension as well and not
safeguard any of the seven SW regular disturbances and allow for the possibility of including
seven ASDs (or more). With such a setup all SW disturbances could be replaced by an ASD.
The first problem one would have to deal with is that identification of structural parameters
is likely to limit the number of regular structural disturbances one can replace with ASDs.
Let us consider a simple setup in which there are seven equations for seven state variables
and all state variables are observables. Moreover, each equation has one regular structural
disturbance. A general-to-specific procedure would be complicated since the first-stage model
would have a large number of coefficients to estimate. Specifically, if all seven ASDs appear in
all equations, then one needs to estimate forty-nine reduced-form coefficients. One may need
a rich data set to identify all of them. In our application, the number of coefficients would be
equal to ninety-one, since we have thirteen equations. The specific-to-general procedure faces
the problem that each specification needs at least seven disturbances to avoid singularities.
This means that there are a large number of different models one can start with. For the
simple setup with seven equations described above, this would mean that there are already
27 = 128 different models to consider in the first round alone.

Different prior for ASD coefficients. When we narrow the prior of the agnostic coeffi-
cients by reducing the standard deviation to 0.1, then the restrictions of the monetary policy
disturbance are also rejected. But the increase in the marginal data density is relatively
small, namely from -922.40 to -920.82. The less informed prior of the main text is more
consistent with the idea of the ASDs being agnostic disturbances.

Appendix E.3. Additional results

Correlation of the estimated innovations. Tables [E.11] and [E.12| report the contem-
poraneous correlation coefficients of the estimated innovations for the ASD and SW specifi-
cation, respectively. We use the posterior mean estimates to construct the smoothed shocks.
For the SW specification with seven innovations, nine correlation coefficients are significantly

69The posteriors of the ASD coefficients in the fully agnostic model provide clear evidence that one of the
ASDs is very important for the bond Euler equation and one for the investment Euler equation. So these are
natural choices.
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w7 different from zero at the 10% or lower level. For the ASD specification with eight innova-
s tions, four coefficients are significant and only two when we exclude the eighth innovation

120 associated with ¢ .

Table E.11: Cross-correlation of innovations: SW

Na Mg Ui Ty Thw My i
Na 0.010 -0.024 -0.135%  0.150 0.116 -0.260**
Mg 0.166** 0.218** -0.160** -0.262** -0.074
N -0.056 -0.048 0.186* 0.037
Mp -0.098 -0.221*%*  0.070
N -0.019 -0.189**
M 0.152

Notes. * (**) indicates significant at the 10% (5%) level. Standard errors are calculated using
the VARHAC estimator of |Den Haan and Levin| (1997)) which corrects for serial correlation.

Table E.12: Cross-correlation of innovations: ASD
ﬁa ﬁg 777' ﬁp ﬁw ﬁA ﬁB 770
Ma 0.027 0.010 0.006 0.103 0.009 -0.088 0.066
Mg 0.150 0.073  0.189** 0.041 -0.049 -0.116
My -0.054 -0.014  -0.029 -0.043 -0.047
Mp 0.260** -0.021 0.011 -0.176**
Tho -0.051 0.038  0.629**
Na 0.062 0.003
o -0.153

Notes. * (**) indicates significant at the 10% (5%) level. Standard errors are calculated using
the VARHAC estimator of |Den Haan and Levin| (1997)) which corrects for serial correlation.

1290

Table E.13: Auto-correlation of innovations

ASD SW

e -0.060 7, -0.040
B, -0.024 g, -0.182%
7. -0.170  n, -0.013
W, -0.121 o, -0.077*
e 0.069  n, -0.043
A -0.069  m, -0.071*
i -0.155%F p;  -0.148%*
e -0.245%

Notes. * (**) indicates significant at the 10% (5%) level. Stan-
dard errors are calculated using the VARHAC estimator of
Den Haan and Levin| (1997) which corrects for serial correlation.

Table |E.13| reports the auto-correlation coefficients for both empirical specifications.

o1 Again the ASD specification does quite a bit better with only two significant coefficients
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(at the 10% level) for its eight innovations compared to four of the seven for the SW specifi-
cation.

Impact on parameter estimates and model properties. Table [E.14] documents there
are several differences between the estimated values of the structural parameters obtained
with the fully structural SW specification and our preferred agnostic specification with three
ASDs. For example, the inflation coefficient in the Taylor rule is equal to 2.05 in the SW
specification and 1.77 in ours[”] The SW estimate is right at the upper bound of our 90%
highest posterior density (HPD) interval. The SW mean estimate for the parameter charac-
terizing the share of fixed cost in production is equal to 1.61 which is quite a bit higher than
our mean estimate of 1.47 and outside our 90% HPD interval. Also, the mean posterior value
of the MA coefficient of the wage mark-up disturbance is equal to 0.85 according to the SW
specification and 0.59 according to ours. Our mean estimate for the standard deviation of
this disturbance is roughly a third of the SW estimate.

Although there are some nontrivial differences, they are relatively small and the IRF's
of the five regular structural disturbances that are included in both specifications are very
similar for the two empirical models. The same is true when we consider the role of these
five disturbances for the variance decomposition. Details are given in Tables [E.15] and [E.16]
One nontrivial change is the role of the productivity disturbance for output growth, which is
16.1% according to SW and 22.2% according to ours. Although the differences seem minor
if we consider the five structural disturbances in isolation, the combined role changes quite a
bit for some variables. For example, the combined role of these five structural disturbances
for investment (amount of capital used) is equal to 55.5% (74.1%) for the SW specification
and 68.7% (92.6%) for our preferred specification.

"OWe report posterior mean estimates unless indicated otherwise.
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Table E.14: Posterior Means

Parameter Original SW Agnostic: 2 ASDs Agnostic: 3 ASDs
concise unrestricted concise unrestricted

a 0.1903 0.2044 0.1878 0.1877 0.2089
o. 1.3889 1.4657 1.4535 1.4618 1.4772
o 1.6083 1.5211 1.5242 1.4741 1.4762
¢ 5.7405 5.3843 4.4031 5.3425 4.6933
A 0.7136 0.6544 0.7055 0.6679 0.6930
Eu 0.7066 0.6660 0.6706 0.7268 0.6453
o 1.8458 1.9094 1.7733 2.0770 1.5916
& 0.6541 0.6566 0.6981 0.6412 0.6902
Lo 0.5783 0.5556 0.5432 0.5077 0.5557
L 0.2389 0.2010 0.1997 0.1871 0.1891
b 0.5426 0.5345 0.5049 0.5283 0.3176
- 2.0469 1.7676 1.7797 1.7746 1.7438
p 0.8105 0.7933 0.8082 0.8018 0.8032
r, 0.0887 0.0725 0.0860 0.0787 0.0819
ray 0.2237 0.1903 0.1703 0.1941 0.1608
Da 0.9572 0.9555 0.9433 0.9532 0.9510
Py 0.9764 0.9719 0.9710 0.9702 0.9018
o, 0.1464 0.1376 0.1219 0.1286 0.1227
X 0.8893 0.8975 0.8899 0.9262 0.9080
Puo 0.9630 0.9751 0.9790 0.9747 0.9822
oy | pa 0.2165 0.3344 0.6386 0.3239 0.4527
pi | ps 0.7116 0.6087 0.1660 0.6069 0.7232
pe ; _ : 0.1865 0.1577
1 0.6977 0.6764 0.6923 0.7166 0.7172
lhw 0.8466 0.8241 0.8368 0.5945 0.8168
Pa 0.5184 0.6438 0.6525 0.6709 0.5448
o 0.4536 0.4436 0.4421 0.4524 0.4411
o, 0.5299 0.4702 0.4689 0.4428 0.2285
o, 0.2449 0.2180 0.2171 0.2171 0.2114
o, 0.1403 0.1346 0.1299 0.1308 0.1311
Ow 0.2427 0.2384 0.2361 0.0763 0.2249
o 0.2398 ; : . ;
o; 0.4525 : - - ;
100(3~ T — 1) 0.164% 0.1635 0.1326 0.1656 0.2038
5 0.4316 0.4349 0.4386 0.4367 0.4352
- 0.7845 0.7483 0.7443 0.7391 0.7534
‘ 0.5617 0.1263 0.5216 0.1303 1.0360
MDD 2922.40 2892.92 2906.85 7890.73 2025.50

Notes. MDD stands for marginal data density. The “concise” ASD specifications are the ones chosen by the specific-to-general
model selection procedure. The “unrestricted” ASD specifications are the fully agnostic with no zero restrictions. See Table
for the definitions of the parameters.
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Table E.15: Variance decomposition for observables across model specifications

€4 Eg Er Ep Ew  Eb/Ea €i/EB  Ec
Ay  Original SW 16.10 28.88 6.17 455 6.39 22.12 15.79 -
Agnostic: 2 ASDs  20.29 27.01 7.15 6.04 812 20.53 10.85 -
Agnostic: 3 ASDs 22.21 24.60 7.04 4.66 10.30 21.33 8.04 1.82

Ac  Original SW 0.29 210 11.56 4.40 14.54 61.17 0.95 -
Agnostic: 2 ASDs  3.26  1.62 11.29 4.56 15.33 62.34 1.61 -
Agnostic: 3 ASDs 295 1.28 10.69 3.37 1790 61.67 2.03 0.1

Ai  Original SW 6.01 084 247 3.80 237 246 82.05 -
Agnostic: 2 ASDs  4.86 091 219 424 276 12.25 72.80 -
Agnostic: 3 ASDs 549 1.02 238 3.80 394 1255 70.01 0.81

¢ Original SW 1.94 10.34 3.15 6.23 67.66 252 8.15 -
Agnostic: 2 ASDs  1.29 6.84 247 6.04 7123 1.56 10.57 -
Agnostic: 3 ASDs  1.08 4.33 2.15 444 79.70 129 497 2.03

Aw  Original SW 453 0.09 1.48 2947 61.61 0.79 2.03 -
Agnostic: 2 ASDs  3.82 0.22 243 30.84 54.34 3.02 534 -
Agnostic: 3 ASDs  4.09 0.11 1.25 2518 13.32 223 0.38 53.45

m  Original SW 3.92  1.00 425 2764 5943 0.58 3.18 -
Agnostic: 2 ASDs  3.16 1.28 443 2491 61.96 0.79 3.46 -
Agnostic: 3 ASDs  2.95 0.90 3.28 16.87 70.46 0.68 3.96 0.91

r  Original SW 10.09 3.90 14.67 7.17 3842 740 18.34 -
Agnostic: 2 ASDs  6.50 349 9.77 5.79 38.96 21.49 14.02 -
Agnostic: 3 ASDs  5.70  2.77 818 4.33 48.61 1729 1247 0.65

Notes. The table provides the contributions (in percent) of the different structural disturbances to the variance of the observable
variables, across different model specifications. The ASD specifications are the ones chosen by our model selection procedure.
y stands for log output; c for log consumption; ¢ for log investment; [ for hours; w for log wage rate; 7 for inflation; and r for
nominal interest rate. Structural disturbances are defined as follows. €4: TFP; €4: government expenditures; €;-: monetary policy;
ep:price mark-up; €4 : wage mark-up; €;: risk premium; €;: investment; € 4: agnostic Euler; €g: agnostic investment-modernization;
and £¢: capital-efficiency wage mark-up.
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Table E.16: Variance decomposition for additional variables across model specifications

Eq Eq £y Ep w  Eb/Ea Ei/EB  Ec
y; Original SW 2993 4.09 216 6.37 4858 1.53 7.34 -
Agnostic: 2 ASDs 26.50 3.02 1.91 7.02 5593 1.31 4.32 -
Agnostic: 3 ASDs 21.19 2.13 1.67 547 6595 1.14 217 0.28

¢; Original SW 11.06 842 208 4.19 69.25 218 283 -
Agnostic: 2 ASDs  6.60 6.60 1.78 4.23 7876 181 0.22 -
Agnostic: 3 ASDs 429 430 1.52 3.16 84.48 151 049 0.25

7  Original SW 2037 541 1.27 6.93 21.56 0.22 44.23 -
Agnostic: 2 ASDs 17.22 6.35 1.14 825 29.78 121 36.04 -
Agnostic: 3 ASDs 1531 579 1.13 7.75 3872 1.06 29.25 1.00

7k Original SW 1486 1747 1.63 10.58 19.21 0.86 35.39 -
Agnostic: 2 ASDs  12.28 20.44 2.65 19.09 29.73 0.92 14.88 -
Agnostic: 3 ASDs 841 14.66 1.73 13.16 30.17 0.67 18.12 13.08

¢ Original SW 465 055 9.03 311 1.20 4542 36.04 -
Agnostic: 2 ASDs  9.78  1.35 21.83 9.30 3.67 19.58 34.49 -
Agnostic: 3 ASDs  9.72  1.35 19.88 6.50 5.14 18.64 31.56 7.21

2z Original SW 1486 1747 1.63 10.58 19.21 0.86 35.39 -
Agnostic: 2 ASDs  12.23  20.36 2.64 19.02 29.61 443 11.71 -
Agnostic: 3 ASDs 886 1543 1.82 1385 31.76 4.14 9.46 14.68

w1y Original SW 11.56 029  3.27 57.02 23.87 087 3.11 -
Agnostic: 2 ASDs  8.06 0.37 3.38 53.22 1890 14.59 1.48 -
Agnostic: 3 ASDs 799 024 213 5480 11.88 1522 261 5.13

k;  Original SW 2343 392 1.23 11.37 3419 0.36 25.50 -
Agnostic: 2 ASDs  21.82 490 1.55 16.51 52.66 132 1.24 -
Agnostic: 3 ASDs 1559 3.60 1.11 14.11 5820 1.21  0.61 5.57

k;  Original SW 22.38 811 050 493 31.56 0.04 3248 -
Agnostic: 2 ASDs 22,16 11.30 0.55 7.27 55.74 0.21  2.77 -
Agnostic: 3 ASDs 14.84 8.05 042 6.18 5826 0.12 237 9.75

w;  Original SW 33.03 1.03 195 3838 1861 0.40 6.60 -
Agnostic: 2 ASDs 26.99 1.00 2.63 47.34 20.71 0.39 0.92 -
Agnostic: 3 ASDs 25.35 0.74 1.62 4934 1429 030 044 792

Notes. The table provides the contributions (in percent) of the different structural disturbances to the variance of the observable
variables, across different model specifications. The ASD specifications are the ones chosen by our model selection procedure. y
stands for log output; ¢ for log consumption; i for log investment; ! for hours; w for log wage rate; ¥ for rental rate on capital;
q for the log price of capital; z for the utilization rate; u? for the price mark-up; k° for log capital used in production; and k for
log installed capital. Structural disturbances are defined as follows. €,: TFP; €4: government expenditures; €,: monetary policy;
ep:price mark-up; €.,: wage mark-up; €;: risk premium; ¢;: investment; € 4: agnostic Euler; €g: agnostic investment-modernization;
and £¢: capital-efficiency wage mark-up.

Specifications with and without restrictions on ASDs. Table |[E.14] also compares
structural parameter estimates of concise ASD models chosen by our model selection proce-
dures with those that still allow ASDs to enter all equations. The parameter estimates are
fairly similar. IRFs for the included regular structural disturbances are also quite similar.
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That is not always the case for the IRFs of the agnostic disturbances themselves. The IRFs
for some variables do differ between the concise and the fully unrestricted ASD specification.
Given the misspecification results of [Appendix D] it is not surprising that different empirical
specifications lead to different results. Another issue with the fully unrestricted ASD spec-
ification is that it estimates a large number of coefficients which complicates generating an
accurate posterior with Monte Carlo Markov Chain algorithms. Especially, for the 3-ASD
fully unrestricted specification, the Brooks-Gelman statistics did not look particularly good
for some of the coefficients associated with the agnostic disturbances. Thus, we prefer the
concise ASD specifications.

Specifications with two and three ASDs. Tables [E.15| and [E.16| provide the role of
the regular and agnostic disturbances for the fluctuations of a wide range of variables. In
addition to the results of the SW specification, it also shows the results for the two-ASD and
three-ASD specification chosen by our specific-to-general model selection procedure. It shows
that the results are very similar for the two chosen ASD specifications. The same conclusion

can be drawn from Figures and that plot the IRFs for two agnostic disturbances.

7



Figure E.9: IRFs of the agnostic Euler disturbance: 2 versus 3 ASDs
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Notes. These panels plot the IRFs of the agnostic disturbance €4 ¢ that we interpret as a general Euler disturbance for
the empirical specifications with two and three ASDs. Both specifications are chosen with the specific-to-general model

selection procedure.
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Figure E.10: IRF's of the agnostic investment-modernization disturbance: 2 versus 3 ASDs
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Additional results for £4,. Figure m plots the IRFs associated with an innovation
in the agnostic Euler disturbance for our 3-ASD benchmark specification and also when the
coefficient of this agnostic disturbance in the capital valuation equation is equal to zero. A
preference disturbance does not show up in this equation and a bond risk-premium distur-
bance does[] The IRFs are very similar, which confirms our claim that the coefficient in the
capital valuation equation is quantitatively not very important. This does not mean that
the ASD is a preference disturbance, since the ASD shows up in the investment equation
whereas a preference disturbance does not.

Figure [E.12] plots the same IRFs when the coefficient of the agnostic Euler disturbance in
the Taylor rule is set equal to zero. The figure shows that the direct response of the policy
rate to a positive shock to this disturbance dampens the expansion and prevents an upsurge
of inflation.

Figure [E.13| plots the same IRFs when we set equal to zero the coefficients of the dis-
turbance in the four equations that we ignored in the discussion of the agnostic Euler dis-
turbance, namely, the overall budget constraint, the utilization, the price mark-up equation,
and the rental rate of capital equation. The figure documents that the role of the agnostic
disturbance through these equations is minor since the IRFs are overall quite similar to those

of our benchmark specification.

Additional results for g¢s. Figure plots the IRFs for our agnostic capital-efficiency
wage mark-up disturbance when the coefficient of this disturbance in the overall budget

constraint is set equal to zero. The figure documents that this has a minor impact on IRFs.

"IRecall that the MRS has been substituted out of the capital valuation equation using the MRS of the
bond Euler equation.
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Figure E.11: IRFs of the agnostic Euler disturbance with restrictions I
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Notes. These panels plot the IRF's of the agnostic Euler disturbance for our benchmark specification and when the impact
of this IRF through the capital valuation equation is set equal to zero.
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Figure E.12: IRFs of the agnostic Euler disturbance with restrictions IT
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Notes. These panels plot the IRF's of the agnostic Euler disturbance for our benchmark specification and when the impact
of this IRF through the Taylor rule is set equal to zero.
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Figure E.13: IRFs of the agnostic Euler disturbance with restrictions III
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Notes. These panels plot the IRF's of the agnostic Euler disturbance for our benchmark specification and when the impact
of this IRF through the overall budget constraint, the utilization, the price mark-up equation, and the rental rate of

capital equation is set equal to zero.
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Figure E.14: TRFs of the agnostic capital-efficiency wage mark-up disturbance with restrictions
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Notes. These panels plot the IRFs of the agnostic capital-efficiency wage mark-up disturbance for our benchmark speci-
fication and when the impact of this IRF through the overall budget constraint is set equal to zero.
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