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Abziract

Thi: paper employs the one-zector Keal Buaineas Cyele model 52 a testing ground for

four different procedures 1o estimate Dynamic Stochastic General Equilibrium (DSGE)
models. The procedures are: 1) Maximum Likelihood, with and without messuremeni

errora and incorporating Beyesian priors, 2) Generalized Meihod of Moments, 3) Sim-

uleied Method of Momenis, and 4) Indireci Inference. It i1z shown that siochastie
aingularny limite the number of variablez and momenia 1that can be uzed for 1he es-

timation of DSGE models and, 1n general affeciz more severely Maximum Likelhood
than other estimatiion procedures. Monie Carle analysiz indicates that all methods

deliver ressonably good estimates under the null but thst momeni-based procedures
are subaiantially more rebust to musspecification then Maximum Likelhhood.
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1 Introduction

Dyvnamic Siochasiic General Equilibrium {DSGE) models have become a standard tool in
various fields of Economics, most notably in Macroeconomics and International Economics.
DSGE models are attraciive because ihev expliciily specify the objectives and consiraints
faced by households and firms, and then determine the prices and allocations that rezult
from ibeir market interaction in an unceriain eovironment.

‘To date, calibration is by far the most commeon approach in the literature to examine the
empirical properiies of DSGE models. In calibration, the value of ibe siructural parameters is
foeed to those estimated in previous microeconometric studies and/or those computed using
long-run averages of aggregaie data. Then, the model iz simulaied uzing & synthetic zeries
of shocks, and ihe unconditional momenis of ihe simulated economic series are computed
and compared with those of actual data. The model is usually evaluated in terms of the
disiance betwesn these two zet of moments. This comparizon may be casual or based on
meazures of fit like the ones proposed, for example, by Gregorv and Smith (1991), Watison
(1993), and DeJong, Ingram, and Whiteman (1996). Impulse-rezponse analysis and vari
ance decomposition are also used io examine, respeciively, the model's behavior following
exogenous shocks and to assess the mlative importance of these shocks in explaining the
conditional and unconditional variances of the variables.

Although calibration iz a very useful iool for understanding the dynamic properiies of
DSGE modelz, there are zome advantages in ibeir fully-fledged economeiric esiimation.
Firsi, parametier estimates are obtained by imposing on the data the resirictions of the model
of inlerezi. This addresses the concern that ihe assumpiions of the DSGE model mighi be
inconsisient with the azsumptions employed by the micro studies that produced the param-
eter estimates used in calibraiion. Second. the estimation of the DSGE model allows one
to obtain estimates of parameters that might be hard to estimate using disaggregaied data
alone. Third, parameter unceriainty may be explicitly incorporated in impulse-response
snalvsiz using. for example, bootstrap techniques to construct confidence intervals for the
model's rezponse 1o a shock. Finally, siandard iools of model selection and evaluation can be
readily applied. For example, one can test the residuals for serial cormlation and neglected
Autoregressive Conditional Heteroskedasticity, compare ihe Root Mean Square Error of the
D5SGE mode]l with that of another DSGE model or a Vector Autoregression, perform tests
of parameter stabilitv or directly test some of the models idemtification aszumptions. All

thiz iz valuable information in the consiruciion of more realistic economic modelz *

132 Hensern snd Heckmsn (1096), and Browning, Hensen, snd Heekmen (1999 for additicns] disemssion
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The estimation procedures siudied here are Maximum Lilzlihood (ML), Generalized
Method of Moments {GMM), Simulated Method of Moments {SMM), and the Indirect In-
ference procedurs proposed by Smith (1993). All these procedures are siandard and their
asymptotic properties are well known. The goals of this paper ar to describe in 8 pedagogi-
cal manner their application io the estimation of DSGE models, to study their small-sampk
properties, to examine their robustness to misspecification, to compare their computational
costs, and io discuss fully ibe implications of the stochastic singularity of DSGE models for
each esiimation procedurs. The intention here is not to perform a “horse race” beiween dif
ferent esiimation sirategies. Insiead, the more consiruciive goal is to evaluate their relaiive
strength: and weaknesses in the context of a simple, but economically interesting model.

A Eature of linearized DSGE models that has imporiant implications for all estimation
methods iz their stochastic singularity. Linearized DSGE models are singular because ihey
generate predictions about more observable variables than exogenous shocks are specified
in the model? Thus, these models imply that certain linear combinations of observabk
variables should hold without noise. This implication is not satisfied by actusl data and
prises from a particular form of misspecification, namely that models aszume a smaller
number of shocks than ar present in the real world.

Stochastic singularity limits the number of variables and moments that can be used for
the estimation of ihe model, and imposes resirictions on both the order and the nmumber
of variables in the VAR representation of artificial data generated by a DSGE model. In
general, zingularity affects more severely Maximum Lilelihood than the other eztimation
methods. ML estimation is limited by the number of linearly independent variables, whilke
Method of Momenis and Indirect Inference are limited by the number of linearly independent
moments. That latter is a wesker restriction because it iz possible to find independem
momenis that incorporate information about more variables than thoss that ar linearly
independent. Forexampk, the REC model studied bere cannot be estimated by Mastimum
Likelihood wsing more than ore variable, unless measurement errors are added, but it can
be estimated by the Meihod of Moments or Indirect Inferernce using moments that imvolve
two variables. This obzervation has two implications. First, the efficiency gain of using ML
rather than Method of Moments or Indirect Inference mav be modest. Second, identification
may be sharper under either of the laiter procedures than under ML because information
on a larger et of variables can be employed.

Monte Carlo analysis iz wsed io siudy the smallzample properiies of the estimaiors

¥A lihough sirieily-spesking nonlinesr DSGE models are not singular, the disenszsion in Seeiion 3.4 makes
elear that their sgtimation may slic be affecied depending on ihe extent 1o which 1hey differ from their
linesrized coumerparis.
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