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ABSTRACT. We confront model misspecification in macroeconomics by proposing an
analytic framework for merging multiple models. This framework allows us to 1)
address uncertainty about models and parameters simultaneously and 2) trace out
the historical periods in which one model dominates other models. We apply the
framework to a richly parameterized DSGE model and a corresponding BVAR model.
The merged model, fitting the data better than both individual models, substantially
alters economic inferences about the DSGE parameters and about the implied impulse

responses.

I. INTRODUCTION

A stochastic dynamic equilibrium, indexed by a parameterized model, is a likelihood
function. Given the likelihood and the prior density of model parameters, one can
simulate the posterior distribution and compute the marginal data density (MDD).
The MDD is then used to measure how well the model is fit to the data.

Consider the situation in which there are multiple models on the table. The conven-
tional procedure for model selection is to compare MDDs amongst individual models.!
Since it is not uncommon that the MDD implied by one of the models is overwhelm-
ingly higher than the MDDs implied by others, this procedure often ends up with
the selection of one model at the exclusion of others. One primary example is that a
linearized dynamic stochastic general equilibrium (DSGE) model such as Smets and

Wouters (2007) can easily trump a standard Bayesian vector autoregression (BVAR)
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model.> The implication is that the BVAR can be simply replaced by the DSGE model
for policy analysis.

Despite such overwhelming evidence presented by the posterior odds ratios in favor of
one model, economists nonetheless continue to use both the DSGE and BVAR models
in macroeconomic analysis. The tension between what the conventional procedure
concludes and what actually transpires is a mere manifestation of increasing concerns
about model misspecification by choosing a particular model (a particular likelihood)
and categorically rejecting other models. Policymakers, as well as academic researchers,
recognize that models are only approzimations (Hansen and Sargent, 2001; Brock,
Durlauf, and West, 2003; Sims, 2003). Indeed, they seldom rely on one single model
even though this model fits better than other models according to the posterior odds
criterion, because they know that

We confront model misspecification by proposing a Bayesian approach to merging
multiple models. The merged model assigns state-dependent weights to predictive
densities (conditional likelihoods) implied by different models so that the relative im-
portance of each model changes across time. This new methodology, built on Geweke
and Amisano (forthcoming), is motived by practical policy analysis dealing with situ-
ations where there are multiple competing models and each model explains (predicts)
an observed outcome better than other models but only for certain episodes. An infor-
mal way for policy analysis is to employ a different model at a different time. Unlike
the conventional model-averaging method, our Markov-switching approach not only
assigns a weight of relative importance to each model but, more importantly, allows re-
searchers to trace out the periods in which the data give the most weight to a particular
model.

We apply our analytic framework to two widely used models: a richly parameter-
ized DSGE model and a corresponding BVAR model. The MDD for the DSGE model
is much higher than the BVAR model. The conventional Bayesian model-averaging
method would imply that the BVAR model should receive nearly zero weight, a pathol-
ogy discussed in Sims (2003). Our Bayesian approach overcomes this pathology. The
merged model does not degenerate into the DSGE model or the BVAR model. To the
contrary, our estimation indicates that the BVAR model dominates the DSGE model

ZFor sensitivity analysis, we also consider a case in Section VI.4, where the BVAR model trumps
the DSGE model.
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throughout two thirds of the history. The merged model, assigning nontrivial state-
dependent weights to both models, fits the data considerably better than either the
DSGE model or the BVAR model.

The rest of the literature has often treated the BVAR model as a benchmark to gauge
how misspecified the DSGE model is. Our estimated results challenge this thinking
because both the BVAR model and the DSGE model may be potentially misspecified.
Rather than divorcing the data analysis from a particular model whose fit may not be
as good, the estimation of our merged model indicates that both DSGE and BVAR
models are operative but at different times.

Our methodology makes it econometrically implementable to establish the two-
way communication between the theoretical DSGE model and the atheoretical BVAR
model. We find that the posterior distributions of a number of key DSGE parameters
change substantially when we incorporate the BVAR model in the merged model space.
The error bands around impulse responses are predominately wider as the data imply
more uncertainty about the DSGE model when the merged model is estimated. The
relative importance of a structural shock in the DSGE model in explaining macroeco-
nomic fluctuations is influenced heavily by the presence of the BVAR model. Thus,
our approach integrates the two types of uncertainty, model uncertainty and parameter

uncertainty, in one coherent framework.

II. LITERATURE REVIEW

Our key assumption in this paper is that the true data generating process may not
be among the models whose forecasts are combined. This insight appears in Diebold
(1991), who argues that the standard Bayesian posterior-odds forecast averaging should
be re-thought. Geweke and Amisano (forthcoming) propose a method of pooling the
models by combining the predictive densities, which are consistent with out-of-sample
forecasts. Although Geweke and Amisano (forthcoming) do not take a stand on the true
data generating process, the log predictive score of pooled models tends to dominate
the score of each individual model in the pool as the sample becomes large. This
result is consistent with the extension of Geweke and Amisano (forthcoming)’s idea by
Fisher and Waggoner (2010), who assume explicitly that the data generating process
is a mixture of multiple models.

Our econometric methodology builds on these previous works. We show that state-
dependent weights not only include Fisher and Waggoner (2010) as a special case

but also gives a different interpretation about the relative importance of each model by
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estimating the probability that each model is chosen at time t.> Using the log predictive
score, Geweke and Amisano (forthcoming) estimate the weights of models while taking
the parameters in each model as given. Unlike Geweke and Amisano (forthcoming),
we estimate the weights and the parameters of all the models jointly. One of our key
findings is that the estimated parameters for the merged model are different from those
when the models are estimated separately.

Del Negro and Schorfheide (2004) address potential BVAR misspecification by in-
troducing the prior implied by a DSGE model into a BVAR model. We extend their
idea by allowing for the two-way communication between the two models. Both the
DSGE prior and the BVAR prior play an integral part of model estimation. Moreover,
the two likelihoods interact with each other in forming the merged likelihood.

Cogley and Sargent (2005) study an economy in which agents, facing model uncer-
tainty, compute the posterior odds ratios over three models and make decisions by
Bayesian model averaging. As pointed out by Sims (2003) and Geweke and Amisano
(forthcoming), one can encounter the pathology that the odds ratios lead to select-
ing only one model and rejecting all other models. By estimating the state-dependent
weights and the parameters of the models jointly, we provide an empirically operational
way to implement Sims (2003)’s idea of “filling in the gap” between DSGE and BVAR

models by overcoming the difficulties inherent in Bayesian model averaging.?

III. MARKOV-SWITCHING FRAMEWORK

To integrate model uncertainty and parameter uncertainty in one merged framework,
we propose a Bayesian approach to modeling state-dependent weights for a linear com-
bination of predictive densities produced by different models. Our key assumption is

that the observed data at time ¢, y7, is generated from the following predictive density

p (yt | Y;fo—lv(anuw) = sztp (Z/t | Yto—p@z‘,Mi) )

i=1
where

h
wiy =Y wigp (s:]Y,21,0,Q,w),

st=1

3West and Harrison (1997) present a similar idea of allowing the weights of each model time-varying

in dynamic forecasting exercises.
*Hansen and Sargent (2001) and Sims (2003) advocate a large model space. In our framework, this

advice corresponds to increasing the number of individual models in the merged model space.
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P (yt | Y, 1,®i,Mi) is the predictive density of y; conditional on the parameters of
model ¢ and the observed data up to time t — 1, Y,°, = {y‘f, e ,yf_l}, O; is a set of
parameters for model 7, and w; s, is the probability weight given to model 7 when the
state, sy, occurs at time ¢ with w;,, > 0 and Z?zl w; s, = 1. The state variable, s,
follows a Markov process with the transition matrix @), where Prob[s; = k | s,_1 = j] =
q; for k,j=1,...,h.> Note that

©={01,---,0,}, w={w;}fork=1,... hyi=1,...,n.

We use the notation “M;” in p (yt | Y2, 0, MZ) because we will compare the marginal
data density of model i, denoted by p (Y72 | M;), with the marginal data density of the
complete model, denoted by p (Y2 | M).

The log likelihood function is thus given by

T
logp (Y710, Q,w) = > logp (1 | ¥21,0,Q,w) =

t=1

T n h
S log [z (z — ml,e,@,m) p (| Y:_l,ei,Mi)] |
t=1

i=1 st=1
where the parameters ©, (), and w are to be estimated jointly.

Whether model ¢ will be preferred by the data depends on the state s;. We use the
random variable § € {1,...,n} to index the model chosen at time ¢. This random
variable obeys the conditional probability:

p (gt | St) = Wsy 845
where Y ¢ _ p (& | s:) = 1 because >/ _ ws, ¢ = 1. Although & is not a Markov-

process itself, the joint process (s;,&;) is.

Proposition 1. The joint process (s, &;) is a Markov process with the expanded transi-

tion matrix
Prob [(Smft) = (kal) | (St—lagt—l) = (j> 9)] = (kWi k,

forj,k=1,...,hand g,2=1,...,n.
Proof. The proof follows from the basic conditional probability theory by noting that
P56, &l se-1,&-1) =P (St | 80-1,&-1) P (& | St586-1,8-1) =P (¢ | 50-1) p (& | 51) -

U

%As shown in Sims, Waggoner, and Zha (2008), gr;j can also depend on the observed data Y2 ;.
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Proposition 1 formulates the way we implement our estimation strategy. Since the
restrictions imposed on the expanded transition matrix in Proposition 1 satisfy the
conditions specified in Sims, Waggoner, and Zha (2008), one can apply their estimation

method directly to our framework of merging individual models.

IV. IDENTIFICATION AND REINTERPRETATION

In this section we discuss the identification of state-dependent weights and reinterpret

what constant weights used in the literature mean from the ex ante point of view.

IV.1. General identification issue. In general, w; ; and p (st | Y2,,0,0Q, w) can be
identified separately. To see this point, consider the following case with h = 2 and

n=2:

wy,1 W12 wit
p(stzl |}/;£O_17®7Q7w) . %

Wa1 W22 o = |Woy
p(8t22|Y2_1,@,Q,lU) "

w31 W32 W3 4

For any given w;, and p (st | Y2,,0,0Q, w), there are three equations but four unre-
stricted weights w;  and it appears that we always have more than one solution. This
conclusion is not true, however. Since both w;, and p (st |Y2,,0,0, w) change over
time but w;; are constant, we do not have more than one solution and may indeed
have no solution at all for some ¢ or s;. This results means that we cannot arbitrarily
change w}, and p (st |Y?2,,0,0Q, w) while keeping w; j, the same across time. Thus, we

can in general identify w; q,.

IV.2. Strengthening identification. As the number of models or the number of
states increases, the number of free parameters in the expanded transition matrix
increases at an even faster speed, making it necessary to impose further restrictions to
avoid overfitting and at the same time strengthen the identification of w; 5,. To achieve
this goal, we let h = n, w; 5, = 1 when s; = 4, and w;,, = 0 when s; # j . Thus, when
the state s; is realized, only one of the models is operative. Since one can never be
sure of which state is realized, one can never be sure of which model is operative, even
after observing all the data. One can, however, compute the smoothed probability of
the state, p (st | Y2, @, Q, 111), where the superscript ~ denotes the posterior estimate.
The probability enables one to gauge how likely a particular model is selected. In our

application, we will report this posterior probability throughout the history.
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IV.3. Reinterpretation. Although we know which model is operative given the cur-
rent state s;, there is uncertainty about models ex ante (i.e., at time t—1) and forecasts
of economic variables will in general depend on multiple models through the transition
matrix. Thus, for the purpose of policy forecasts, it is ex ante uncertainty that matters.
Moreover, this uncertainty presents a different interpretation of constant weights used

in the literature, as shown in the following proposition.
Proposition 2. If q;; = q;,, = g; for ¢, 5,k = 1,...,n, it must be true that w;, = ¢;.

Proof. Because ¢;; = ¢; 1, the probability of switching to the current state s; is the
same no matter what the state at time ¢ — 1 is. This result means that all the past
data are irrelevant in inferring about the probability of the current state. It follows
that

p(st =1 | Y;fo—lv(%)uva) = G-

From the definition of w¥,, we have

1t

h
w;'k,t - Z Wi, s, P (St | tho—b 67 Qa w) = Wjqip (St =1 | Y;fo—b 67 Qa w) = dq;.

st=1

O

It is, perhaps, not surprising that constant weights are a special case of our Markov-
switching framework. What is new from Proposition 2 is that a constant weight is
about the relative importance of the model only at time ¢ — 1 and the model’s weight
will change once we have the data beyond time ¢t — 1. Given all the data, moreover,
our Markov-switching framework enables us to reinterpret this history by tracing out
the periods in which a particular model is more relevant than others, even when all the

weights are constant.

V. APPLICATION

We apply the framework presented in Section III to two widely used models: a
medium-scale DSGE model and a BVAR model. The DSGE model is based on Liu,
Waggoner, and Zha (2010). The large part of the model is the same as Altig, Chris-
tiano, Eichenbaum, and Linde (2004) and Smets and Wouters (2007) with the notable
exceptions that (1) some real rigidity is introduced, as in Chari, Kehoe, and McGrat-
tan (2000), by assuming the existence of firm-specific factors (such as land) such that

the sum of cost shares of capital and labor inputs is less or equal to one and (2) a
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shock to the depreciation in physical capital is introduced as a stand-in for economic
obsolescence of capital (see Appendix B for some details of the model).

The DSGE model is fit to eight quarterly variables: quarterly growth of real per
capita GDP (A log Y;P#2) quarterly growth of real per capita consumption (A log CP#2),
quarterly growth of real per capita investment in capital goods unit (A log IP#2), quar-
terly growth of the real wage (AlogwP®?), the quarterly GDP-deflator inflation rate
(mP*2), quarterly growth of per capita hours (Alog LP?), the federal funds rate
(FFRP*%), and quarterly growth of investment-specific technology (Alog@QP*?*) as
measured by the inverse of the relative price of investment. A detailed description of
the data is given in Appendix A. The data in the initial four quarters from 1960:I to
1960:1V are used to obtain the initial condition at 1961:1 for the Kalman filter. Thus,
the effective sample used for model evaluation is from 1961:I to 2010:11.

The BVAR model has the same eight variables as the DSGE model; and it has four
lags from 1960:1 to 1960:1V so that the effective sample is also from 1961:I to 2010:11.
To make our BVAR model comparable with the DSGE literature, we follow Smets and
Wouters (2007) and use the standard “Minnesota-like” prior with the hyperparameter
values 17 = pe = ps = 1.5, and py = 1.3 where p; controls overall tightness of
the random walk prior, po controls relative tightness of the random walk prior on
the lagged coefficients, p3 controls relative tightness of the random walk prior on the
constant term, and p4 controls tightness of the prior that dampens the erratic sampling
effects on lag coefficients (lag decay).

The prior for the DSGE model is reported in Tables 1 and 2. Instead of specifying
the mean and the standard deviation, we use the 90% probability interval to back
out the hyperparameter values of the prior distribution. The intervals are generally
set, wide enough to allow for the possibility that the posterior mode is close to or on
the boundary of the parameter space. It also allows for multiple local posterior peaks
(Del Negro and Schorfheide, 2008). Our approach is necessary to deal with skewed
distributions and allows for reasonable hyperparameter values in certain distributions,
such as the Inverse-Gamma, where the first two moments may not exist.

For many parameters with the Beta prior distribution, such as the habit parameter
and the persistence parameters in shock processes, we insist on a positive probability
density at the value 0 to allow for the possibility of no habit and no persistence at all;

we also insist on zero probability density at the value 1 to maintain the assumption that

6In Section V1.4, we study another standard prior proposed by Sims and Zha (1998).
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the economy is on the balanced growth path. Consequently, the two hyperparameter
values for the Beta prior are set at 1.0 and 2.0.

The prior for the labor share and capital share is the Beta distribution with the
restriction a; + ay < 1 such that the production technology requires firm-specific
factors (Chari, Kehoe, and McGrattan, 2000). The bounds for the «; values in the
90% probability interval are 0.3 and 0.4 and those for ay are 0.5 and 0.7. With the
restriction a; + ap < 1, however, the joint 90% probability region would be somewhat
different.

The prior for the inverse Frisch elasticity n follows the Gamma distribution. We
choose the 2 hyper-parameters of the Gamma distribution such that the lower bound
(0.2) and the upper bound (10.0) of 5 correspond to the 90% probability interval. This
prior range for n implies that the Frisch elasticity lies between 0.1 and 5.

The lower and upper bounds of prior distributions are specified in Table 1 for the
parameters A, A, 3, 0, S”, 0, &, Vps Ews Vs Or, @y, and 7. Using these wide bounds,
we back out the two hyperparameter values for the corresponding prior distributions.

The Gamma prior for the average net price markup g, —1 is the same as the Gamma
prior for the average net wage markup u,, — 1. By setting the first hyperparameter of
this prior to be 1.0, we allow for a positive probability that the net markups may be
zero. This generality (a less stringent prior) turns out to be critical as our posterior
estimates of p, — 1 and p,, — 1 are nearly zero. We set the second hyperparameter of
the Gamma prior at 5.5 such that the implied 90% probability bounds are wide enough
(from 0.0094 to 0.5446).

The prior for the parameter p,., capturing the impact of technological improvement
on government spending, is the Gamma distribution with the 90% probability bounds
given by [0.2,3.0].

The standard deviation of each of the 8 shocks has the Inverse Gamma prior dis-
tribution with the 90% probability bounds given by [0.0005, 1.0]. These wide bounds
are necessary to take account of the possibility that some shocks may have very small
variances while others may have very large variances. With these bounds, there exist
no moments for the Inverse Gamma prior. One can still, however, back out the two
hyperparameter values as reported in Table 2.

The transition from one model to the other has the following matrix form:

qi11  qi12
Q= :
q21 422
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where Zle ¢;; = 1 for j = 1,2. Following Sims, Waggoner, and Zha (2008), we express
a prior belief that the average duration for a model to remain dominant is between six
and seven quarters. The belief implies that the hyperparameter in the exponent of ¢;;
in the Dirichlet prior density is 5.6667 and the other hyperparameter is 1.0. This prior
setting allows for the possibility that model ¢ dominates other models all the time (i.e.,

¢;; = 1). Table 2 reports the corresponding 90% probability interval.

VI. MEASURING MISSPECIFICATION

In this section we quantify the degree of DSGE model misspecification by 1) com-
puting the MDDs for the DSGE and BVAR models against the MDD for the merged
model and 2) tracing out the posterior probabilities of each model across time. We
then discuss a variety of economic implications of this misspecification. Although both
BVAR and DSGE models are misspecified, we focus on the DSGE model by comparing
the estimated results of the merged model to those of the DSGE model alone.

VI.1. Model fit. We compute the MDDs for the merged model, the DSGE model
alone, and the BVAR model alone. Table 5 reports log values of these MDDs. For
the BVAR model, there is an analytical solution for calculating the MDD so that the
reported log value of MDD has negligible numerical errors. For the DSGE model and
the merged model, however, numerical errors are nontrivial. We use two different Monte
Carlo methods to compute MDDs. One method is the truncated modified harmonic
mean (MHM) method proposed by Sims, Waggoner, and Zha (2008); the other method,
called the “Miieller method,” is developed by Ulrich Miieller at Princeton University.”
The two methods can give different results due to numerical errors and we report the
range of estimates of the MDDs in Table 5.5

The log value of the MDD for the DSGE model is about 50 above log MDD for
the BVAR. The conventional Bayesian averaging procedure would give the BVAR es-
sentially zero weight. The merged model, unlike the conventional Bayesian averaging
procedure, not just combines the two distinct models but also expands the parameter
space by estimating the parameters of both models and the weights jointly. Conse-

quently, both models are operative as discussed in Section VI.2. The resulting MDD

"See Liu, Waggoner, and Zha (2010) for a detailed description of the Miieller method.
8To ensure the accuracy, 20 million posterior draws and 2 million proposal draws are simulated.

For the merged model, the simulation takes about 30 days or two full days by availing itself to

computational parallelism on a cluster of 15 modern computers.
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for the merged model is about 100 in log value above the MDD for the DSGE model.

This magnitude gives a sense of how misspecified both models are.

VI.2. Posterior estimates. The prior specified for the DSGE model is looser and
more agnostic than most priors in the DSGE literature. The agnostic prior comes
also with the price: since the likelihood function for the merged model is complicated
and full of multiple local peaks, the resulting posterior density function is complicated
as well. The non-Gaussian nature of the posterior density implies that the posterior
mean may have a very low (joint) probability and thus cannot represent the most likely
outcome for the model. The posterior mode is, by definition, the most probable point
in the parameter space, regardless of how non-Gaussian and complicated the shape of
the posterior probability density is. Moreover, using a point in the neighborhood of
the posterior mode as a starting point for the MCMC algorithm avoids the situation
where a long sequence of posterior draws gets stuck in the low probability region due
to a poor starting point.

To find the posterior mode, we combine the hill-climbing quasi-Newton (Broyden-
Fletcher-Goldfarb-Shanno — BFGS) algorithm with occasional downhill movements
generated by MCMC draws. Tables 3 and 4 report the posterior-mode estimates of
the DSGE model parameters along with the 90% marginal probability intervals. In
these tables we contrast the estimated results for the merged model to those for the
DSGE model alone. There are a few instances in which the estimated results from the
merged model are similar to those from the DSGE model when estimated alone. The
probability interval of § is actually smaller in the merged model than in the DSGE
model alone. The estimate of the average price markup is close to zero, similar to the
estimate in the DSGE model when treated alone. This result implies that the demand
curve for differentiated goods is very flat. Thus, a small increase in the relative price
can lead to large declines in relative output demand. Even if firms can re-optimize
their pricing decisions frequently, they choose not to adjust their relative prices too
much. In other words, the small average markup and thus the large demand elasticity
become a source of strategic complementarity in firms’ pricing decisions.

The general pattern, as indicated by the 90% probability intervals, is that the merged
model exposes more uncertainty about the estimated DSGE parameters than what is
implied when the DSGE model is treated as the truth and estimated alone. In many
cases, such as the inverse Frisch elasticity of labor supply (n) and the curvature of
the capital utilization cost function evaluated at the steady state (o,), the probability

distributions have changed so much that the posterior estimates are very different.



CONFRONTING MODEL MISSPECIFICATION 12

The inflation target (7*) is another example in point. Our prior on this parameter is
very loose, covering the range from 1% to 8% for the annualized rates (Table 1). The
marginal posterior distribution for 7* is very wide for both the DSGE model and for
the merged model, but the distribution for the merged shifts to the left and gives a
substantial probability (more than 45%) to the target below 4%.” The estimate of the
capital share o has increased and the estimate of the labor share as has decreased
so that the sum a; 4+ a5 in the merged model is considerably smaller than that in the
DSGE model, implying that this source of real rigidity is strong.

Perhaps most notable changes pertain to some persistence parameters. As shown in
Table 4, the 90% probability intervals for the parameters p,, ¢, and p, are much wider
in the merged model than in the DSGE model alone. The posterior distributions for
persistence parameters tend to have a long fat tail toward zero, indicating much more
uncertainty about the highly persistent shock processes than the DSGE model would
recommend.

Remember that a combined number of parameters from the two models is very large
and the shape of the posterior probability density over this high-dimensional parameter
space is extremely non-Gaussiann full of skewness and fat-tails. When we compute the
marginal 90% probability interval of one parameter by integrating out all the rest of
the parameters, it is not uncommon that some posterior mode estimates fall outside
the 90% probability intervals as indicated in Tables 3 and 4. Take the two parameters
n and ¢, as an example. The posterior-mode estimates of these two parameters are
outside the corresponding marginal 90% probability intervals. Figure 1 plots the two-
dimensional joint probability density function of n and ¢,. It can be seen from the
figure that the shape of this distribution has a mass probability density around the
boundary defined by n = 0 and ¢, = 0 coupled with fat long tails. Since this two-
dimensional probability density has already been marginalized by integrating out the
other hundreds of parameters in the merged model, it gives us only a glimpse of the
complexity of the shape of the high-dimensional joint probability density, which is
beyond visualization.

The resultant disagreement between the joint distribution and a marginal distribu-
tion also shows up in the estimate and inference of ¢11, which measures the duration in
which the DSGE model dominates the BVAR model. The posterior-mode estimate of
¢1,1 is outside the 90% probability interval and the marginal distribution of ¢;; is clearly

90ur sample covers the several high inflation periods. The estimated target is much lower if we use

only the sample after 1987.
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skewed to the right. The estimate of ¢; ; is 0.309, implying that the duration in which
the DSGE model dominates the BVAR model is about 1.5 quarters. As judged by the
90% probability interval, the duration is unlikely to last for more than 3 quarters. On
the other hand, the estimate of g9 is 0.72 and thus the most likely duration in which
the BVAR model dominates the DSGE model is about 3.5 quarters. The duration can
last as long as 7 quarters, as determined by the upper bound of the 90% interval (Table
4).

VI.3. A historical perspective of the role of a model. The transition probability,
¢ii, measures the average (unconditional) importance of model i. Often one is inter-
ested in knowing how important model 7 is at a particular time of the history. Figure
2 displays the posterior probabilities of the DSGE model. Clearly, the DSGE model is
operative throughout the history, but for the most part, the probability of the DSGE
model being near one lasts no more than one quarter at a time, consistent with the
estimate reported in Table 4. Moreover, the estimated DSGE model performs poorly
during the recessions, as indicated by the shaded bars in Figure 2.

In contrast, the probability of the BVAR model near one (i.e., the probability of the
DSGE model near zero in Figure 2) tends to last for a few quarters at a time.

The result that the DSGE model is operative sporadically throughout the history
can be partially explained by Figure 3, which displays the log values of predictive
densities of the merged model, the DSGE model, and the BVAR model. Clearly the
merged model has higher predictive densities than both the DSGE and BVAR models
throughout the entire history. The times when the predictive density of the DSGE
model is higher than the BVAR model are irregular and scattered without much dura-
tion. Although the MDD for the DSGE model is much higher than the MDD for the
BVAR model, the data prefers the DSGE model only intermittently throughout the

sample.

VI.4. Prior sensitivity. The MDD of a particular model is very sensitive to prior
specifications. In particular, the BVAR model has hundreds of parameters and the
MDD varies wildly with different priors. The “Minnesota-like” prior used in Smets
and Wouters (2007) ignores cross effects among variables and the correlation between
the constant term and other coefficients. Sims and Zha (1998) introduces additional
dummy-observation components of the prior that incorporate correlations in prior be-
liefs about all coefficients (including the constant term) in every equation. Thus, the

model is pulled toward a form in which either all variables are stationary with means
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equal to the sample averages of the initial conditions or there are cointegration rela-
tionships.

The Sims and Zha (1998) prior has been found to improve out-of-sample forecasts
in a variety of contexts with economic time series. Indeed, when we use the exact
prior recommended by Sims and Zha (1998), the log MDD of the BVAR is increased to
5894.6, as compared to 5685.7 in Table 5. This MDD is about 150 in log value higher
than the DSGE counterpart (Table 5). Given this stark fact, one might conclude that
the DSGE model must play no or little role in the merged model space. This conclusion
would be incorrect. The resultant merged model has the log value of MDD being in
the range from 6039.0 to 6044.4. The MDD of the merged model is much higher than
the MDD of the BVAR, because the DSGE model continues to form an integral part
of the model space in fitting the data. The posterior estimate of ¢, ; rises to 0.473,
while the posterior estimate of g, 5 rises to 0.833. Moreover, the posterior probabilities
of the DSGE model throughout the history have a pattern similar to Figure 2.

In general, when the prior specification for an individual model changes, the MDD
can change drastically. But our extensive experiments indicate that the merged model
pooling together the two models is insensitive to changes in prior specifications, in the
sense that it dominates individual models by allowing both models to form an integral

part of the data generating process.

VII. ECONOMIC IMPLICATIONS

We are now in a position to discuss economic implications when one takes explicit
account, of both model uncertainty and parameter uncertainty in our merged frame-

work.

VIL.1. Output fluctuations. A shock to capital or investment, such as a capital
depreciation shock, plays an important role in output fluctuations. Table 6 shows
that contributions from the capital depreciation shock account for close to 50% of
fluctuations in output in the short run (within two years) and about 40% of output
fluctuations in the longer run (for three to five years). The DSGE model, if it is
treated in isolation, would underestimate the magnitude of the contributions from the
capital depreciation shock in output fluctuations. The underestimation is at least by

10 percentage points for most forecast horizons, as reported in Table 6.

VIIL.2. Posterior distributions. Figure 4 displays the marginal posterior distribu-

tions of four key structural parameters from the merged model (left hand column)
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and the DSGE model alone (right hand column). The posterior distributions from
the merged model uncover considerably more uncertainty about the parameters than
what is implied by the DSGE model alone. Moreover, the posterior distributions shift,

giving more probability to the untrodden regions.

e For the inflation coefficient in the Taylor rule (¢,), the merged model puts
almost zero probability on the value below 1.5 , while the DSGE model in
isolation would put mass probability around 1.5 with a considerably tighter
90% probability interval.

e For the Calvo price parameter (§,), the posterior distribution from the merged
model shifts to the right, giving substantial probability to the values between
0.6 and 0.8 as well as between 0.1 and 0.4.

e For the Calvo wage parameter (§,), the posterior distribution from the merged
model shifts to the left, giving considerable probability to the values between
between 0.1 and 0.6, whereas the posterior distribution from the DSGE model
estimated in isolation concentrates around 0.4 with a much tighter 90% prob-
ability interval.

e For the parameter (S”) measuring investment adjustment costs, the posterior
distribution from the merged model spreads out to the values beyond 2, indicat-

ing that the higher investment adjustment costs (between 2 and 4) is probable.

Our estimates show that the estimation of the DSGE model utilizes roughly one
third of the data points in the sample. It is unsurprising that the error bands of DSGE
parameters are wider for the merged model. What is new in our findings, however, is
that the error bands in the merged model are much more than 1.73 (a square root of
three) times those when the DSGE model is estimated alone with all the data points.
Figure 2 provides an insight of our findings. Since the DSGE model dominates the
BVAR model only for the periods in which the data have more similarity than the
data in other periods, the data that experience large fluctuations (as in the recession
periods) are excluded in the estimation of DSGE parameters. This exclusion results
in considerably more uncertainty about the estimates than what the number of data

points would suggest.

VIL.3. Dynamic responses. Figure 5 shows the impulse responses of output, con-
sumption, real wage, and inflation to a one-standard-deviation shock to capital de-
preciation. The left hand column shows the responses generated from the estimated

merged model and the right hand column shows the responses from the DSGE model
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when it is estimated in isolation. Comparing the two columns side by side, one can see
the notable differences between the merged model and the DSGE model.

e Output responses in the merged model are very persistent, while the corre-
sponding responses in the DSGE model alone return to the steady state after
two and a half years.

e The magnitude of consumption and real wage responses in the merged model
is considerably larger than that in the DSGE model when it is estimated sepa-
rately.

e A shock to capital depreciation is a negative shock to the capital stock and
thus the agent’s wealth. As a result, consumption falls due to the wealth effect,
but the marginal cost of capital rises due to the decline in the capital stock.
When the DSGE model is estimated in isolation, the rise in the marginal cost
of capital slightly dominates the fall in the real wage. Thus, the increase in
inflation responses is significant statistically but the magnitude is insignificant
economically. In the merged model, however, the fall in the real wage over-
weighs the rise in the marginal cost of capital so that inflation fall. In contrast
to the results generated from the DSGE model alone, inflation responses are
predominantly negative in the short run (within the two years) before they rise

in the longer run (after the third year).

Similar to the findings discussed in previous sections, the error bands of impulse re-
sponses in the merged model (left hand column in Figure 5) are considerably wider
than those generated by giving the DSGE model all the weight. These results empha-
size the underlying uncertainty ignored by discarding the BVAR model in the model

space.

VIII. CONCLUSION

When a particular model is usable for policy prescriptions, economists understand
that the model is an approximation at best and should be used only with a grain of salt.
A positive question is how to quantify the degree to which the model is misspecified.
Using a structural DSGE model and a reduced-form BVAR model as an economic
laboratory, we demonstrate that a merger of the two models exposes how misspecified
both models are. In particular, we show that even though the MDD for the DSGE
model is much higher than the MDD for the BVAR model, the DSGE model dominates
the BVAR model sporadically for only one third of the history. The estimated results
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from the merged model significantly alter the economic implications derived from the
DSGE parameters and their impulse responses.

The framework studied in this paper is general enough to be applicable to a variety
of economic questions beyond the particular application used in this paper. One can,
for example, study a structural BVAR model by identifying economic shocks such as
a monetary policy shock, a credit shock, an oil price shock, and a technology shock.
One can then merge this structural BVAR model with the DSGE model that has the
same set of economic shocks. The formal communication between these two structural
models, facilitated by our framework, allows the researcher to reconcile the differences
between impulse responses implied by two isolated models when they are estimated
separately. Moreover, the approach explored in this paper allows for more than two

models, and the models included in the merged framework need not be nested.

APPENDIX A. DETAILED DATA DESCRIPTION

All data are constructed from the original data in the Haver Analytics Database.

The constructed data, the original data identifiers, and the data sources are described

below.
Data __ GDPH
° Y, ~ INI6NQUSECON*
o ('Data _ (CNGUSECON + CSQUSECON - CSRUGUSECON)+100/JCXFEQUSNA
= LN16NQUSECON :
o [Data _ (CDGUSECON + FNEQUSECON)<100/JCXFEGUSNA
£ = LN16N@QUSECON .
o yData — LXNFCQUSECON/100
t = T JOXFEQUSNA
o rData _ _JCXFEQUSNA,
t JCXFEQUSNA; 1

LData _ LXNFHQUSECON

t ~ LN16NQUSECON -
° FFR,?ata _ FFED@4[0JOSECON‘

° QData _ JCXFEQUSNA
t " GordonPriceCDplusES *

LN16N@QUSECON: Civilian noninstitutional population: 16 years and over.

Breaks in population are eliminated from 10-year censuses and post 2000 Amer-

ican Community Surveys using “error of closure” method. This fairly simple
method was used by the Census Bureau to get a smooth population monthly
population series. This smooth series reduces the unusual influence of drastic
demographic changes. Source: BLS.

GDPH: Real gross domestic product (2005 dollars). Source: BEA.

CN@USECON: Nominal personal consumption expenditures: nondurable goods.
Source: BEA.

CS@QUSECON: Nominal consumption expenditures: services. Source: BEA.



CONFRONTING MODEL MISSPECIFICATION 18

CSRUQUSECON: Nominal personal consumption expenditures: housing and
utilities. Source: BEA.

CDQUSECON: Nominal personal consumption expenditures: durable goods.
Source: BEA.

FNEQUSECON: Nominal private nonresidential investment: equipment & soft-
ware. Source: BEA.

JCXFEQUSNA: PCE excluding Food and Energy: Chain Price Index (2005=100).
Source: BEA.

LXNFC@QUSECON: Nonfarm business sector: compensation per hour (1992=100).
Source: BLS.

LXNFH@QUSECON: Nonfarm business sector: hours of all persons (1992=100).
Source: BLS.

FFEDQ@QUSECON: Nnnualized federal funds effective rate. Source: FRB.

GordonPriceCDplusES: Investment deflator. The Tornquist procedure is used
to construct this deflator as a weighted aggregate index from the four quality-
adjusted price indexes: private nonresidential structures investment, private
residential investment, private nonresidential equipment & software investment,
and personal consumption expenditures on durable goods. Each price index is a
weighted one from a number of individual price series within this categories. For
each individual price series from 1947 to 1983, we use Gordon (1990)’s quality-
adjusted price index. Following Cummins and Violante (2002), we estimate an
econometric model of Gordon’s price series as a function of a time trend and a
few NIPA indicators (including the current and lagged values of the correspond-
ing NIPA price series); the estimated coefficients are then used to extrapolate
the quality-adjusted price index for each individual price series for the sample
from 1984 to 2007. These constructed price series are annual. Denton (1971)’s
method is used to interpolate these annual series on a quarterly frequency. The
Tornquist procedure is then used to construct each quality-adjusted price index

from the appropriate interpolated quarterly price series.

APPENDIX B. DSGE EQUILIBRIUM DYNAMICS

We introduce the notation Az; = x; — x;_1. We use the hat variable, z;, to denote
the log deviation of the stationary variable X; from its steady state value (i.e., T, =
log(X;/X)). The log-linearized equilibrium conditions for our DSGE mode, below,

summarize the equilibrium dynamics.
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Kp

T —Yphi—1 = ————(fipt + micy) + BE[T41 — vp7], (price-Phillips curve) (A1)
1+ ab,
~ ~ ~ ~ Rw ~ ~ ~
Wy — W1+ T — Yolt1 = m(ﬂwt +mirsy — ) +
BE[e41 — W + Treyp1 — YwTt), (wage-Phillips curve) (A2)
A 1
th = S”A? {Alt + (A(jt + OéQAét)
1— (651
A 1
—BE; [Az’tH + 1 (Ady1 + 062A2t+1):| } , (investment decision) (A3)
"
. . - 1 . .
awe = E {Aat-i-l + AUc i1 — T [2AZi11 + Adit1]
p [ N 2 - . . A
+ Iy (1 = 0)dr.t+1 — 00441 + Tiip 41| ¢, (capital decision) (A4)
Tre = o404, (capacity utilization) (A5)
0 = E {Adthl + AU, 41
1 R
— 1 o [CMQA?:‘tJrl + alA(jt+1] + Rt — ﬁ't+1:| s (bOIld decision) (AG)
— o
k L-01; (2% + Agy)
= - 2
t Y t—1 - oAz qt
0 - 1-0)\ - . .
——6 + |1 — —— | t, (capital law of motion) (A7)
A7 A7
Gt = ¢yl + iyit + uyls + gyge, (resource constraint) (A8)
. 1 .
7% = o {kt_l + Uy — 1 (e AZ: + A(jt)] + awly, (production function)  (A9)
— o
Wy = P+ ko1 + g — T (a2A% + AG;) — Iy, (labor & capital demand) (A10)
— o
R, = pTRtfl + (1 = pr) [@nTte + GyYt] + 0rere, (interest rate rule) (A11)
where
2 ! [a1 7k + aoty] + Y (A12)
me, = ot o
t a1 + o 1Tkt 2Wy Y,
’ITLAT'St = 7’][15 - Uctu (A13)
: Bb(L — pa) . A R X .
c = — A>i< - b -1 AA*
Uet VTR s vy o vy LA R G 2l
Bb . < .
AE AN ) — béy], Al4
PO B0 gy G ) 08 iy

Note that 7; is inflation, w, is real wage, ¢y is the shadow price of existing capital
(Tobin’s q), iy 1S investment, ¢; is the biased technology shock process, z; is the neutral
technology shock process, a; is the risk premium (preference) shock process, ; is

the utilization rate of capital, 7, is the real rental price of capital, &, is the capital
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depreciation shock process, R, is the nominal rate of interest, k, is the capital stock,
y; is output, ¢; is consumption, g, is government spending, and l, is hours worked.
The steady-state variables are given by
_ AL

o= -(-9), (A15)
’Fkk (651

Uy = —=— = —, Al6

y N (A16)
. a1

= [AM—(1-96)]—, A17

o= - (-0 (A17)

ey = 1—iy—gy. (A18)

The new parameters introduced in the above equilibrium conditions are
Ar = (AA22) =T,
A= (A T

o 1 . .
A)\z< = 1 . (ozlAqt + CYQAZt),

p ,up _ 17
(1-8&)0 - &)
&p 7

1—041—0(2

:‘ﬂ?p:

d =
a1 + a2
Hoaw
M — 1
(1 = B&w)(1 = &u)

w = fw

Note that g, is the average ratio of government spending to output, ¢, is the average

O

3

ratio of consumption to output, i, is the average ratio of investment to output, 1, is
the average price markup, f,: is the average wage markup, )\, is the growth rate of
investment-specific technology, A, is the growth rate of neutral technology, «; is the
cost share of capital input, «s is the cost share of labor input, d is the average capital
depreciation rate, b is internal habit, S” represents the investment adjustment costs,
o, represents the curvature of the cost function of variable capital utilization, &, is
the probability that a firm cannot adjust its price, <, measures the degree of price
indexation, &, is a fraction of households who cannot reoptimize their wage decisions,
and -, measures the degree of wage indexation.
In addition to all the equilibrium conditions, we have 7 shock processes:
log piwt = (1 — pw) 10g pryy + pu 108 frw t—1 + TwEwt — PwOwEw t—1, (price markup)
log pipt = (1 — pp)log iy + ppl0g pp,t—1 + Opept — Ppopept—1, (Wage markup)
logzy = (1 — py)logz+ p,logzi_1 + 0.€.4, (neutral technology)
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logq, = (1 — pg)logq + pglogqi—1 + o4eq, (embodied technology)
log A; = (1 — pa)log A+ palog Ai—1 + 04cat, (risk premium)
logd; = (1 — pa)logd + palogdi—1 + oycar, (capital depreciation)
log Gy = (1 — py)log G + pylog G 1 + 0yegt + pg=0-€21, (spending)

where € represents an i.i.d. normal shock and o represents the corresponding standard
deviation.

To compute the equilibrium, we eliminate both 4, and 74, by using (A5) and (A8),
leaving 9 equations and 9 variables 7, w;, i, ity Cry l%t, Ut, l;, and R,. Out of these
9 variables, we have 7 corresponding observable variables (except s and l%t) for our
estimation. Finally, we have one additional observable variable, the biased technology
shock ¢;, used in our estimation.

In addition to the 9 equilibrium conditions, we have 7 equations describing the AR
processes for the 7 structural shocks, 4 equations describing the 2 MA processes, and
7 equations concerning the 7 expectational terms in the system. Thus, there are 27
DSGE equations in total.



CONFRONTING MODEL MISSPECIFICATION 22

TABLE 1. Prior distributions of structural parameters

Parameters

Description

Prior

Distributions  @pyior Bprior 5% 95%

General parameters

b

aq

Qg

n

100(A, — 1)
100(A — 1)

Habit

Capital share
Labor share
1/(Frisch elasticity)
Biased tech growth
Output growth

100 (8! — 1) Discount factor

Firm parameters

Oy
g
pp — 1
fh — 1
44
&
o
&uw
Yw

Utilization cost
Adjustment cost
Price markup
Wage markup
Depreciation
Calvo pricing
Price indexation
Calvo wage

Wage indexation

Policy parameters

Pr
Or
Py
400 log 7*

Interest persistence
Inflation coef
Output coef

Inflation target

Beta 1.0 2.0 0.025 0.776
Beta 85.9869 159.4377 0.3 0.4
Beta 38.4721  25.4535 0.5 0.7
Gamma 1.0576  0.3106 0.2 10
Gamma 1.8611  3.0112 0.1 1.5
Gamma 1.8611  3.0112 0.1 1.5
Gamma 1.5832  1.0126 0.2 4.0
Gamma 3.7790  2.4791 0.5 3.0
Gamma 1.0576  0.6213 0.5 5.0
Gamma 1.0 2.5 0.0094 0.5446
Gamma 1.0 2.5 0.0094 0.5446
Beta 0.4257 41.4890  0.05 0.2
Beta 2.0384  3.0426 0.1 0.75
Beta 1.0 1.0 0.05 0.95
Beta 2.0384  3.0426 0.1 0.75
Beta 1.0 1.0 0.05 0.95
Beta 1.0 2.0 0.025 0.776
Gamma 24373  1.0876 0.5 5.0
Gamma 1.0 1.0 0.05 3.0
Gamma 2.9043  0.7690 1.0 8.0

Note: “5%” and “95%” demarcate the low and high bounds of the 90% probability

interval.
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TABLE 2. Prior distributions of shock parameters
Prior
Parameters Description Distributions Oprior  Bprior 5% 95%
Persistence parameters
Pp Price markup AR Beta 1.0 2.0 0.025 0.776
op Price markup MA Beta 1.0 2.0 0.025 0.776
Pw Wage markup AR Beta 1.0 20 0.025 0.776
Ow Wage markup MA Beta 1.0 2.0 0.025 0.776
Pgz Spending on tech ~ Gamma 1.8611 1.5056 0.2 3.0
Pa Preference Beta 1.0 2.0 0.025 0.776
Pq Biased tech Beta 1.0 1.0 0.05 0.95
P2 Neutral tech Beta 1.0 1.0 0.05 0.95
Pd Depreciation Beta 1.0 2.0 0.025 0.776
Standard deviations
oy Monetary policy  Inverse Gamma 0.4436 0.0009 0.0005 1.0
Op Price markup Inverse Gamma 0.4436 0.0009 0.0005 1.0
Ow Wage markup Inverse Gamma 0.4436 0.0009 0.0005 1.0
o Gov spending Inverse Gamma 0.4436 0.0009 0.0005 1.0
o, Neutral tech Inverse Gamma 0.4436 0.0009 0.0005 1.0
Oq Preference Inverse Gamma 0.4436 0.0009 0.0005 1.0
o Biased tech Inverse Gamma 0.4436 0.0009 0.0005 1.0
0q Depreciation Inverse Gamma 0.4436 0.0009 0.0005 1.0
Transition matrix parameters
q11 DSGE model Dirichlet 5.6667 1.0  0.5905 0.9911
Q22 BVAR model Dirichlet 5.6667 1.0  0.5905 0.9911

Note: “5%” and “95%” demarcate the low and high bounds of the 90% probability

interval.
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TABLE 3. Posterior distributions of structural parameters

DSGE model alone

Merged model

Parameters  Description Mode 5%  95% Mode 5%  95%
General parameters

b Habit 0.544 0.493 0.624 0.528 0.597 0.954
aq Capital share 0.177 0.151 0.203 0.250 0.212 0.290
Qo Labor share 0.804 0.747 0.818 0.679 0.614 0.740
n 1/(Frisch elasticity) 0.005 0.003 0.167 0.399 0.578 6.801
100(A\, —1)  Biased tech growth 1.507 1.215 1.911 1.438 1.145 1.700
100(A. — 1)  Output growth 0.483 0.400 0.569 0.519 0.221 0.576
100 (3~* — 1) Discount factor 0.228 0.081 0.909 0.222 0.113 0.781
Firm parameters

Oy Utilization cost 2.018 1.404 3.787 0.654 0.672 3.947
S” Adjustment cost 0.800 0.608 1.278 0.710 0.495 3.032
fp — 1 Price markup 0.000 0.000 0.001 0.000 0.000 0.017
My — 1 Wage markup 0.003 0.015 0.176 0.109 0.043 0.965
44 Depreciation 0.145 0.064 0.204 0.111 0.013 0.170
&p Calvo pricing 0.372 0.308 0.760 0.540 0.211 0.839
Yp Price indexation 0.121 0.028 0.408 0.394 0.024 0.721
Ew Calvo wage 0.303 0.269 0.606 0.069 0.096 0.604
Ve Wage indexation 0.790 0.088 0.954 0.040 0.081 0.957
Policy parameters

Pr Interest persistence 0.618 0.572 0.687 0.477 0.490 0.744
O Inflation coef 1.480 1.392 1.693 2.008 1.820 3.230
Oy Output coef 0.066 0.052 0.101 0.141 0.099 0.228
400 log * Inflation target 5.576 3.863 10.109 5.764 1.693 8.583

Note: “5%” and “95%” demarcate the low and high bounds of the 90% probability

interval.
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TABLE 4. Posterior distributions of shock parameters

DSGE model alone

Merged model

Parameters Description Mode 5%  95% Mode 5%  95%
Persistence parameters

Pp Price markup AR 0.786 0.587 0.878 0.188 0.037 0.972
op Price markup MA  0.627 0.276 0.820 0.168 0.060 0.802
Puw Wage markup AR 0.992 0.987 0.997 0.990 0.815 0.988
Ow Wage markup MA 0.530 0.305 0.827 0.000 0.040 0.695
Pg= Spending on tech  0.947 0.490 1.348 1.690 0.490 2.138
Pa Preference 0.988 0.973 0.995 0.988 0.242 0.953
Pq Biased tech 0.994 0.988 0.997 0.989 0.971 0.993
Jon Neutral tech 0.942 0.927 0.961 0.903 0.910 0.989
Pd Depreciation 0.915 0.854 0.975 0.888 0.869 0.990
Standard deviations

oy Monetary policy 0.003 0.002 0.003 0.002 0.002 0.003
op Price markup 1.012 0.593 2.109 1.348 0.014 1.095
Ow Wage markup 0.023 0.017 0.065 0.009 0.016 0.404
o Gov spending 0.029 0.026 0.031 0.023 0.022 0.033
o, Neutral tech 0.008 0.007 0.009 0.007 0.007 0.010
Oq Preference 0.061 0.035 0.137 0.030 0.013 0.075
o Biased tech 0.006 0.006 0.007 0.004 0.004 0.007
0q Depreciation 0.096 0.065 0.261 0.098 0.069 1.008
Transition matrix parameters

qi,1 DSGE model 0.309 0.415 0.684
42,2 BVAR model 0.720 0.689 0.861

Note: “5%” and “95%” demarcate the low and high bounds of the 90% probability

interval.
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TABLE 5. Marginal data densities

Merged model DSGE BVAR
5848.90 - 5854.03 5735.49 - 5736.39 5685.74

TABLE 6. Output variance decompositions: contributions from a capital

depreciation shock (%)

Quarters 4 8 12 16 20
Merged 48.60 47.89 43.77 40.54 38.58
DSGE alone 39.75 35.91 30.18 27.41 26.25
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FIGURE 1. The joint posterior probability density of n and ¢,,, after all

the other parameters are integrated out through the posterior distribu-
tion. Note that n represents the inverse Frisch elasticity of labor supply
and ¢,, is the moving-average (MA) coefficient in the wage markup shock

process.
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FIGURE 2. The posterior probabilities that the DSGE model is selected
by the data. The shaded bars mark the NBER recession dates.
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FIGURE 3. Log values of predictive densities from the three models.
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Inflation coefficient in Taylor rule Inflation coefficient in Taylor rule
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Price stickness parameter Price stickness parameter
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Wage stickness parameter Wage stickness parameter
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Investment adjustment costs Investment adjustment costs

FIGURE 4. Marginal posterior distributions of some key structural pa-
rameters for the merged model (left column) and for the DSGE model

when it is estimated in isolation (right column).
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FIGURE 5. Impulse responses to a capital depreciation shock for the
merged model (left column) and for the DSGE model when estimated
in isolation (right column). The shaded area represents 90% posterior

probability bands and the thick line represents the median estimate.
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