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Abstract

The open economy DSGE model of the euro area developed and estimated in Adolfson
et al. (2005) assumes the absence of feedback effects from the rest of the world to the Euro
area. This note sheds some light on the reasonableness of this simplifying assumption. It
also provides information about convergence in our estimations.
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1. Overview

In this appendix, we do two things. First, we outline and report the results of an analysis where
we allow for spillover effects from the Euro area to the rest-of-the-world, i.e. the small open
economy assumption maintained in Adolfson et al. (2005) is relaxed. The main focus of this
analysis is on the robustness of the results in the main paper. For comparison, we therefore also
report estimates from the baseline specification in Adolfson et al. (2005). As will be clear, the
analysis in this appendix will provide support for the small open economy approach adopted in
the main paper.

Second, we provide details on the convergence properties of the baseline model in Adolfson et
al. (2005). We present standard diagnostics for the single MCMC chains on which we base our
results in the main paper, but also multiple chain diagnostics based on several parallel MCMC
runs with different initial values are reported. Finally, we analyze the robustness of the results
with respect to the priors, and provide estimation results when doubling the prior standard
deviation on the model’s structural parameters and the persistence of shocks.

2. Allowing for feedback effects from the Euro area

Given that the Euro area trades with many countries for which the Euro area is perhaps the main
trading partner, the assumption that foreign (i.e., the rest of the world) variables are exogenous
in our analysis may not appear to be a satisfactory assumption. Here we provide results from
a specification of the DSGE model where we allow some of the Euro area variables to impact
the development in the rest of the world (i.e., we allow the rest-of-the-world variables in the
DSGE model to respond to Euro area variables). Specifically, we augment the VAR for the
foreign variables with a set of contemporaneous and lagged Euro area variables. An alternative
approach would have been to use a full-blown two-country model. There is no need for us to
go down that route, however, since very recent and competent work of de Walque, Smets and
Wouters (2005) find small spillover effects in a joint (structural) analysis of the business cycles
in the Euro area, the U.S. and the rest of the world. We therefore settled for a more “reduced
form”-approach, in an attempt to examine if the results in de Walque, Smets and Wouters (2005)
are driven by some structural misspecification of the international linkages.

When allowing for feedback effects from the Euro area to the rest-of-the-world variables, we
thus consider the following VAR

x̂∗t = Φc +
pX

i=1

Φix̂∗t−i +
qX

j=0

Ψjx̂t−j + εt, (1)

where x̂∗t is a three-dimensional vector of CPI inflation, Output and the short run interest rate
for the ’rest of the world’, x̂t is a four-dimensional vector of the Euro area variables that we
consider: CPI inflation, Output, the short run interest rate and the real exchange rate. The
reason for choosing these four variables is that they are arguably the most important source
of fluctuations in the rest-of-the-world economy from the point of view of the adopted model
framework. We refer to Adolfson et al. (2005) for exact variable definitions.

2.1. VAR evidence

Before analyzing the effects in the DSGE model of including feedback effects in the foreign VAR,
we start out by analyzing the VAR in isolation. Our interest here is to twofold. First, we want
to determine if we may reasonably assume the absence of feedback effects from the Euro area
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to the rest of the world, i.e. that Ψ0 = Ψ1 = ... = Ψq = 0, in equation (1). Second, we are
interested in finding out how many lags are sufficient. We consider the two cases p = q = 2 and
p = q = 4. Four lags are standard when using quarterly data, but since we want to estimate the
parameters in the VAR (1) jointly with the other parameters in the DSGE, we want to examine
if two lags are sufficient, in order to make the analysis parsimonious.

In order to investigate the hypotheses of interest by means of marginal likelihood analysis we
need a proper prior on the parameters. We use a rather standard Minnesota prior (Litterman,
1986) on Φc,Φ1, ...,Φp, with a prior mean equal to zero on all coefficients except the first lag
of the foreign interest rate in the foreign interest rate equation, which is set equal to 0.9. We
use standard values for the prior overall tightness equal to 0.2, cross-equation tightness equal
to 0.5 and geometric lag decay. The estimated residual variance from univariate AR processes
are used to scale the priors in the usual way. We use a similar prior on Ψ0, ....,Ψq, with zero
mean on all coefficients. The tightness around zero is modelled with an overall tightness prior
hyperparameter which is here denoted by λEXO. The priors are scaled to account for the differing
scales of the variables in the same way as for the Φi-coefficients. The prior tightness on Ψ0 and
Ψ1 are set to be equal. Furthermore, there is no cross-equation shrinkage on the coefficients in
Ψ0, ....,Ψq.

Figure A1 depicts the log marginal likelihood of the model as a function of λEXO. Looking
first at the model with two lags, we see that the model without feedback is preferred if λEXO >
0.46. The maximal marginal likelihood is obtained for λEXO = 0.15, which suggests that if
a feedback effect is present, it should be rather small. Turning to the model with four lags,
we see from Figure A1 that the set of λEXO’s where the model with feedback is preferred has
shrunk somewhat to λEXO < 0.37, and the peak in the marginal likelihood curve occurs again
at roughly λEXO = 0.15. Tables A1 and A2 presents information criteria and likelihood-ratio
tests of the no-feedback restrictions. In both the two and four lags cases we see that the Schwarz
(SBC) criterion favors the model with no feedback, whereas Akaike’s criterion prefers the model
with feedback effects. The likelihood ratio tests strongly rejects the hypothesis of no feedback.

Comparing the log marginal likelihood of the two lag lengths in Figure A1, we see that
p = q = 4 is preferred in the model without feedback effects. This is the lag length used in the
main paper. When feedback effects are present, however, the choice of lag length varies quite a
bit with λEXO. The overall picture, however, is that here the evidence in favor of four lags is
weaker, and for λEXO > 0.6 the log marginal likelihood is actually higher for the model with
two lags. This finding is encouraging for the subsequent analysis with an extended DSGE model
with feedback effects in the foreign VAR, where we would like to include as few lags as possible
to keep the dimensionality of the parameter space manageable (the model with p = q = 1 gave
a substantial fall in the marginal likelihood). We will only consider the case p = q = 2 in the
following.

Table A.3 displays the posterior mean and standard deviations of the coefficients in the
VAR(2) model, both when using an uninformative prior and when using the Minnesota prior.
Coefficients with Bayesian t-ratios larger than 2 in absolute values are bolded. From the table
we see that only a few of the coefficients are significant, and in particular it is the individual first
lag that has an effect on each foreign variable. Turning to the feedback effect from the domestic
variables we see that the Euro area interest rates appear to have an effect on the rest-of-the
world interest rates (i.e., the Fed funds rate). This coefficient (Ψ033) turns out significant in the
interest rate equation in all three estimations of the VAR parameters, ranging from 0.36 in the
joint estimation to 0.65 in the pre-estimation using the Minnesota prior. Also Euro area output
seems to be important in the equation for the rest-of-the world output, and its coefficient turns
out significantly both contemporaneously and with a lag. However, the collected effect seem to
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be very small (it is positive contemporaneously and negative at the first lag).

2.2. An extended DSGE model with feedback effects

Although the VAR exercise in the previous section did not present strong evidence in favor of
including any feedback effects in the foreign VAR, we nevertheless reestimate the DSGE model
when using the most preferred specification of the endogenous VAR in (1), in order to examine
the robustness of the results in the main paper.

Table A.4 shows the posterior mode estimates and approximative standard deviation of the
DSGE parameters when using the endogenous VAR model with feedback effects. For comparison
we also include the estimation results from the model specification using the exogenous VAR
model. In the table we show results when the foreign VAR is separately estimated from the DSGE
parameters (“Pre-estimated”) using either an uninformative prior or the Minnesota prior, as well
as results when estimating the DSGE and VAR parameters simultaneously (“Jointly estimated”)
using the Minnesota prior on the VAR coefficients. From Table A.4 we see that the estimates
are broadly similar, irrespective of whether a feedback effect is included in the VAR or not.
Compared to the benchmark the persistence of the unit-root shock is somewhat lower for the
specifications using the pre-estimated VARs, and higher for the specification where the VAR and
DSGE parameters are jointly estimated. An additional difference in the latter specification is
that the persistence coefficient for the asymmetric technology shock is substantially lower than
for the benchmark. The standard deviation is, however, considerably higher suggesting that it is
more difficult to pin down this parameter when the VAR coefficients are free to adjust. Turning
to the log marginal likelihoods for the various specifications, it can be seen from the last row that
the marginal densities are clearly indicative that the model specification using the exogenous
VAR model is preferred by the data. The log marginal likelihoods are about the same for
the two versions of the pre-estimated VARs (Minnesota and uninformative prior, respectively),
which is not surprising given that the parameters are so similar. For the specification where the
coefficients are jointly estimated, there is a notable drop in marginal density, suggesting that
the coefficients in the feedback VAR differ from the priors.1

To further assess the quantitative implications the endogenous VAR has on the DSGE model
we report the impulse response functions to a monetary policy shock in Figure A.2. The solid line
show responses in the DSGE model using the exogenous VAR while the dotted and dashed lines
show the responses in the specification using the endogenous VAR, pre-estimated and jointly
estimated, respectively.2 As could have been expected from the estimates in Table A.4 the
impulses are very similar, both quantitatively and qualitatively for most of the variables. Apart
from the foreign variables, export, import and the real exchange rate responses differ somewhat.
For the foreign variables, we find the interest rate response to be generally low, whereas the
foreign output and inflation responses are about the same as in the Euro area economy, which
is a surprising finding. Given that the foreign interest rate response is so low, there is obviously
a rather strong exchange rate channel at work in the feedback VAR, particularly for the jointly
estimated specification.

In Table A.5 we report the variance decomposition (using the posterior mode estimates) for
the DSGE model including the endogenous VAR (pre-estimated and jointly estimated) as well

1 It should, however, be acknowledged that we had problems in obtaining satisfactory convergence when the
VAR and DSGE parameters were jointly analyzed (recall that a joint estimation approach requires 111 parameters
to be estimated). Nevertheless, we do not believe that the log marginal density can improve by very much in any
case.

2 For the pre-estimated VAR, we only report results using the Minnesota prior henceforth, since the results
with the uninformative prior are so similar.
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as the DSGE model including the exogenous VAR. As expected, the same shocks that were
found to matter the most in the benchmark specification are also the ones that are found to
matter the most in the alternative specifications. In particular this is the case for the pre-
estimated VAR. The numbers for the jointly estimated feedback VAR differ somewhat more.
In addition, although not shown it should also be kept in mind that the uncertainty bands for
the variance decompositions are generally rather large, in particular so for the jointly estimated
feedback VAR. There is consequently not many discrepancies between the specifications that
are significant.

3. Convergence diagnostics

In this section we report some diagnostics to verify that the posterior draws have converged
to the true target posterior density. We present both convergence diagnostics from the single
MCMC chain used for the results of the baseline model in the main paper, and results from
multiple chains with widely different initial values.

3.1. Single chain diagnostics

Figures A3a to A3c report the prior density and the posterior density estimates for all estimated
parameters in the model.3 In accordance with the results in Table 1 in the main text, the
figures show that the data are generally informative about the parameters, since the posterior
distributions differ from the priors, with a few exceptions (i.e., ξw).

In Figures A4a to A4c we report the 500,000 post burn-in Metropolis draws for each para-
meter that our results in the main paper are based on. The MCMC chains in Figure A4 indicate
that the chain is mixing well and that there are no trends in the sequential draws. The behavior
of the sample paths for b and ρςc displays a few jumps (upward for b and downward for ρςc), in
particular shortly after the first 50,000 draws. This is not an artifact of the posterior sampling4;
there is indeed a genuine bimodality in this dimension of the parameter space which reflects that
the internal propagation generated by habit in consumption is to a certain extent exchangeable
with the persistence of the exogenous consumption preference shock.

3.2. Multiple chain diagnostics

To check convergence we generated 1, 000, 000 post burn-in draws run from four very different
initial values. The first MCMC chain (benchmark) is initiated using the posterior mode, another
using the prior mode, and the third and fourth using the upper and lower tails of the marginal
prior distributions (roughly two standard deviations above and below the mode, respectively).
Note that the latter two vectors of initial values ignores the correlation structure in the posterior
and are therefore far from the bulk of the posterior density. The sequential posterior mean
estimates from the Metropolis draws (CUSUM profiles) in these four chains are depicted in
Figures A5a to A5c. The posterior means of most of the model parameters from the first three
of the multiple chains are very close after half a million draws. The chain initialized in the
lower tail of the prior requires more draws for it to give the same results as the other three

3 The posterior density is estimated with a kernel density estimator with a normal kernel and a slightly smaller
bandwidth than the optimal value for a normal target density.

4 We generated several parallel MCMC chains, all starting in the posterior mode, and they all show essentially
the same behavior in these two parameters. The relative density in the two modes came out very similar across
the parallel MCMC runs.
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chains, but not even this chain is very extreme when the scale of the CUSUM plots are taken
into consideration.

In Figure A6, we plot the log marginal likelihood sequentially for each 50, 000th draw in
the four different chains, using all the preceding iterations in the computation of the marginal
likelihood with the modified harmonic estimator in Geweke (1999).5 The top figure shows the
sequential log marginal likelihoods using the entire chains of 1, 000, 000 draws, while the bottom
figure only uses the last 500, 000 draws. All the chains seem to converge to the same marginal
likelihood, but it is clear that more draws are needed to obtain convergence when the two most
demanding initializations of the MCMC chain (lower and upper tail of the prior) are used.
Starting out the Metropolis algorithm in the posterior mode is, as expected, a good idea. For
this choice of initial value convergence is fast and stable.

In Figure A7, we report the so called multivariate potential scale reduction factor (MPSRF)
based on the four independent Metropolis chains with different starting values. The MPSRF is
a measure of how much we can expect the precision of the posterior mean estimates to improve
(in a multivariate sense) if we were to continue the MCMC runs indefinitely. It declines toward
unity as the number of MCMC draws approach infinity. A rule of thumb is that a value below
1.2 is a good indication of convergence (Gelman et al. (2004) state that values below 1.1 for the
square root of the MPSRF are acceptable). To handle storage demands, the analysis is based
on subsampling every 5th draw. As can be seen from Figure A7, the MPSRF dips below the
rule of thumb value after approximately 700, 000 draws.

We also generated several parallel MCMC chains which all had the posterior mode as initial
value. All chains gave very similar CUSUM plots and sequential log marginal likelihood profiles,
and the MPSRF converged much faster below 1.2 than in the case with over-dispersed initial
values, verifying that our results are very robust to the inherent randomness in the posterior
sampling.

3.3. Prior sensitivity analysis

In Table A.6, we report results when doubling the prior standard deviation on the model’s
structural parameters and the persistence of shocks, together with the benchmark results. For
the exogenous shock persistence parameters, where we use the beta distribution, we also changed
the location of the prior mode from 0.85 to 0.70. By comparing the two sets of results in Table
A.6, we see that the posterior distributions are similar in most cases, with a few exceptions.
These exceptions are the two Calvo probabilities (ξd and ξm,i) and the habit formation (b),
which are found to be considerably higher. The higher values of ξm,i and b, which induce more
intrinsic propagation in the model, imply that the persistence coefficients for the consumption
preference (ρζc) and importing investment markup (ρλm,i

) shocks turn out considerably lower.
So as we weaken the sharpness in the prior for these parameters, the posterior estimates change.
However, given that we think our priors for the three parameters (ξd, ξm,i and b) to be well
grounded based on previous evidence, our overall impression is that the robustness with respect
to our choice of priors is satisfactory.

5 The marginal likelihood of a model i is defined as mi = Li(θi;x)pi(θi)dθi, where Li(θi;x) is the usual
likelihood function of the model’s parameter vector conditional on the observed data x. pi(θi) is the prior
distribution of the model’s parameters. mi is the unconditional probability of the observed data, under the
assumed prior distribution, and is therefore a measure of model fit. The marginal likelihood is a relative measure
and should be compared across competing models. The Bayes factor comparing two models i and j is defined as
Bij = mi/mj .
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Schwarz Akaike Log L LR-test df p-val
No Feedback 3.056 2.590 −146.061 114.926 36 ≈ 0
Feedback 3.521 2.257 −88.598

Table A.1: Information criteria and likelihood-ratio (LR) test of no feedback. p=q=2.

Schwarz Akaike Log L LR-test df p-val
No Feedback 3.289 2.416 −114.420 153.626 60 ≈ 0
Feedback 4.368 2.151 −37.607

Table A.2: Information criteria and likelihood-ratio (LR) test of no feedback. p=q=4.
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