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Abstract
The paper reconsiders the fundamental New-Keynesian three equation model. As an alternative to the presently dominating Bayesian procedures it is estimated by the method
of moments (MM), which seeks to match the model-generated second moments of inflation, output and the interest rate to their empirical counterparts. Special emphasis is
placed on the (unconstrained) degree of backward-looking behaviour in the Phillips curve
and the dynamic IS equation. In this respect, MM yields remarkably high values of the
coefficients on the lagged variables, some of which may no longer be compatible with the
usual microfoundations. These results are also worth noticing since, as confirmed by two
bootstrap tests, the matching thus achieved is fairly satisfactory. Lastly, it is investigated
whether the model is also able to reproduce the ‘raggedness’ in the time series data.
JEL classification: C52; E32; E37.
Keywords: Inflation persistence; autocovariance profiles; raggedness; goodness-of-fit; moment bootstrapping.

1. Introduction
The New-Keynesian modelling of dynamic stochastic general equilibrium (DSGE) with
its nominal rigidities and incomplete markets is still the ruling paradigm in contemporary
macroeconomics. Over the last decade these models have also been extensively subjected
to econometric investigations, where system estimations (as opposed to single-equation
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estimations) gained in importance. Likelihood methods, recently mostly in a Bayesian
setting, crystallized as the most popular approach and by now have become so dominant
that other techniques are at risk of eking out a marginal existence.
The exclusiveness of likelihood methods is nevertheless worth reconsidering. In some
form or another, it is well-known that “maximum likelihood does the ‘right’ efficient
thing if the model is true. It does not necessarily do the ‘reasonable’ thing for ‘approximate’ models” (Cochrane, 2001, p. 293). This remark, which certainly carries over to
the marginal likelihood in the Bayesian estimations, should not be neglected since after
all, any model in economics can only be an approximation to the hypothetical construct
of a true real-world data generation process. For this reason it is expedient to explore
alternative system estimation methods as well.
One such approach are minimum distance procedures and here, in particular, the
method of moments (MM). This technique focusses on a number of statistics, also called
moments, that summarize salient features of the dynamic systems. MM seeks to identify
numerical parameter values such that, as measured by a suitable loss function, these
model-generated moments come as close as possible to their empirical counterparts. Besides possibly the mean values of some of the variables, the moments most often invoked
are either impulse-response functions or autocovariance functions (of vectors of variables),
which convey similar information if the same shocks are underlying.
Devoting our interest to a matching of the covariance profiles, MM need not necessarily
be in open conflict with likelihood methods. A closer analysis of the likelihood function
reveals that it “peaks near parameter values for which the model-implied autocovariance
function of the observables matches the sample autocovariance function as closely as
possible in terms of a statistical metric. It does so by forcing each shock in the model to
contribute particular autocovariance features, which in total have to mimic the sample
autocovariances.” 2 From this point of view, the problem is one of the similarity or
dissimilarity of the weights that set up the implicit “statistical metric” and the loss
function of MM, respectively, apart from the fact that MM usually involves a rather
limited number of second moments and the likelihood function an infinite number.
Of course, the degree of closeness of the two estimation methods will depend on the
specific case under discussion. To get some first insights, a direct comparison between
Bayesian and MM estimations was made by Franke et al. (2012) within a New-Keynesian
three equation baseline model. They found that the two imply significantly different
covariance structures for the period of the Great Inflation (GI), though not for the
Great Moderation (GM). In both periods, however, some of the estimated parameters
were strikingly different. Regarding the Bayesian result for the standard formulation of
a hybrid Phillips curve (PC) with an AR(1) shock process, the endogenous source of
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inflation persistence as represented by price indexation played its typically weak role and
was dominated by the autocorrelation of the supply shocks, which represent an exogenous
source. The outcome from MM, by contrast, was quite the opposite. Here, in GI, price
indexation was even estimated at its maximal value. Moreover, in GI as well as GM the
same held true for the habit persistence parameter in the IS equation (IS).
These features of MM are the point where the present study sets in. To begin with,
it checks the robustness of all of the results by using GDP data as well as data from
the firm sector, which incidentally, given the theoretical framework, appear to be more
appropriate.
Regarding the estimations to be conducted, we are concerned with three main issues.
First, the maximal values of unity for price indexation and habit persistence provide
an upper bound of (roughly) one-half for the composite coefficients on lagged inflation
and lagged output in (PC) and (IS), respectively. The corner solutions just mentioned
suggest that the previous matching could still be improved if these standard constraints
were dropped—which is what we will actually do (and discuss). In this way not only
purely forward-looking behaviour will be admitted, i.e. the weight on a forward-looking
variable is unity, but in principle also purely backward-looking behaviour, i.e. this weight
becomes zero. As a matter of fact, we will see that such a case may be of some relevance.
One great merit of the MM strategy is its transparency as it involves objects about
which economists have a strong intuition, and which have a simple graphical representation. Already a quick glance at the latter can give a good impression of a model’s
performance. In this respect, the match achieved by the extended version of the baseline
model will be reckoned to be highly satisfactory. In addition, we want to provide a more
rigorous measure for such an evaluation. To this end a battery of re-estimations will be
undertaken on bootstrapped moments, where two different variants are used: a parametric and a nonparametric bootstrap. Besides, from these procedures we can also readily
derive confidence intervals for the estimated parameters (classical methods are not easily
applicable here since some of the parameters are estimated at their boundary values).
The second issue concerns the relationship between the endogenous and exogenous
sources of persistence in (PC) and (IS), which in contrast to much of the literature we
include in both of these equations. Recalling the classical identification problem in models
with partial adjustments and autocorrelated shocks, in the estimations of which often
two distinct local extrema arise, it may be suspected that a similar “twin-peak” (or now
rather twin-valley) curse carries over to the present framework. That is, one may expect
a local minimum with a high coefficient on the lagged variable and low autocorrelation
of the shocks, another one in the reverse configuration, and the associated losses are not
dramatically different. In a careful analysis we will be able to refute this fear; apparently,
a basic tendency for this kind of weak identification is subordinate to other dynamic
mechanisms in the model.
While we can be fairly happy with the matching of the second moments so far, our
3

third issue extends this perspective. Observing that series of quarter-on-quarter inflation
are much noisier than the output gap, we finally place higher demands on the model and
ask if it is also capable of reproducing this feature. It will be indicated that this opens a
field where the model comes up against certain limitations.
The remainder of the paper is organized as follows. Section 2 describes the MM estimation methodology and Section 3 formulates the three equation model. Its estimation
is then discussed in the remaining sections. Here, Section 4 is concerned with an assessment of the model’s goodness-of-fit. Section 5 puts the findings of a medium or strong
backward-looking behaviour on more solid grounds. Some further observations on the estimated parameters are made in Section 6, while Section 7 introduces the concept of the
‘raggedness’ of a time series, adds it to the previous second moments and re-estimates the
model correspondingly. Section 8 concludes. Several more technical details are relegated
to an appendix.

2. The moment matching estimation approach
2.1. A short methodological discussion

Before describing the details of the estimations we better say a word on the matter of
detrending, which is not just a technical issue but involves an element of judgement or
preference. At the beginning it should be explicitly stated that we view New-Keynesian
modelling as a venture into explaining, among other things, the post-war US business
cycles (cf. the promise in the title of Galı́’s textbook, 2008). Central to this is a stationary
measure of economic activity. According to our notion of the business cycle, we require
from it that, when applied to the empirical data, its lower turning points be essentially
synchronous with the recession dates as they are classified by the NBER. Two convenient,
deterministic concepts with this property are the deviations of GDP from the CBO series
of potential output or a Hodrick-Prescott (HP) filter. 3 We choose the latter since it is
widespread and a uniform principle that can be readily applied to other output data than
GDP and to the other two key variables in our model, inflation and the interest rate.
To be in line with the literature, the usual smoothing parameter λ = 1600 is adopted
(although it might be argued that the resulting trend output has not yet eliminated all
of the business cycle frequencies).
It is ordinary practice in applied work to assume that the empirical output filtered in
this or a similar way corresponds to what in the dynamic IS equation of a model is called
the output gap. This is possibly not a totally innocent premise if one carefully studies the
microeconomic foundations where ‘potential output’, the yardstick to which the actual
output is related, is production in a Ramsey-efficient or a so-called first-best equilibrium.
Under closer scrutiny, the relationship within the model between the true output gap and
3
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the HP trend deviations can be heavily dependent on the precise details of, in particular,
the shock processes that have been included. Nonetheless, many econometricians are not
interested in this issue but, in effect, simply presuppose implicitly that there are one or
more particular specifications for which the relationship is satisfactorily close. 4
Instead of the two-step procedure just referred to: first filtering the data on an a priori
basis and then estimating the model, a one-step procedure would be desirable where the
structural parameters are jointly estimated with some filtering parameters. 5 This approach seems particularly suitable for the introduction of stochastic trends, which may
help to establish a more consistent connection between empirical and model-generated
data. Presently, however, such a treatment faces two problems. First, our estimations
will be suggestive of “excessive” backward-looking behaviour, for the rigorous microfoundations of which not much of an acknowledged framework exists, let alone one with
nonstationary and/or stochastic trends. Second, if some proposals were put forward here,
definite results will nevertheless not be quickly obtained since typically the same idea
may be expressed in more than one unequivocal way (see the example mentioned in
footnote 4). It would then be hard work to inquire into the robustness of several minor
or major respecifications in the deeper layers of a model.
Until then, we believe it is useful to have a benchmark case that is well understood,
even though it is theoretically not fully elaborated and its proxies of the relevant modelbased quantities may be somewhat contaminated (if some version of the latter were
made more explicit). 6 Whatever more ambitious and theoretically more satisfactory
trend concepts may emerge from future research, their estimation properties could then
be appreciated along an additional dimension. On the other hand, the HP filter that we
make use of is not a completely arbitrary device to measure the business cycle and we
hold that the time series of a model-based output gap should not be in open contradiction
to the pattern of a simple HP-detrended output.
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A nice illustration of an extreme sensitivity is the discussion in Christiano et al. (2010, Section
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forces, an AR(1) formulation in growth rates gives rise to a positive correlation between the true
output gap and HP-filtered output, whereas an AR(1) formulation in levels leads to a negative
correlation. The second specification, by the way, does not seem very convincing since it also
reverses the relationship between actual and potential output, in the sense that the latter becomes
substantially more volatile than actual output. So some basic judgement would be needed here,
too.
5
Ferroni (2009) and Canova and Ferroni (2011, are two recent examples for such an endeavour.
6
It is our present conjecture that moment matching procedures with their concentration on
summary statistics will be more robust to different filtering variants than likelihood-based estimations with their first focus on the evaluation of the, roughly saying, time series prediction
errors.
5

2.2. The minimization problem

As mentioned in the Introduction, the MM estimation procedure computes a number of
summary statistics for a model and searches for a set of parameter values that minimize
their distance from the empirical statistics. The method has also been applied to NewKeynesian DSGE models. The major part of this work is concerned with the matching of
impulse-response functions (IRFs), where almost all of these contributions consider the
responses to only one shock, namely, a monetary policy shock. 7 An exception is Altig
et al. (2011), who add two types of technology shocks to the monetary impulse.
We do not want to limit ourselves prematurely to a special shock. As in the likelihood approach, we admit as many shock processes as there are endogenous variables.
This allows us to consider a broad range of dynamic properties, which are conveniently
summarized by the second moments of our model’s three economic key variables: output, inflation and the interest rate (in gap form, as just discussed). Incidentally, these
covariances contain similar information to the IRFs of the three shock variables.
Such a choice of moments has been more usual for the M(S)M estimation of, in a
wider sense, real business cycle models (the ‘S’ refers to the cases where these moments
cannot be computed analytically but must be simulated). 8 Closest to our work is the
MM estimation of a New-Keynesian model by Matheron and Poilly (2009). Their model
is, however, richer than ours and instead of the output gap as a level variable, they are
interested in the comovements of the output growth rate. Hence one would have to be
careful with a comparison of their results and ours.
It may be emphasized that we fix our moments in advance and that their number will
not be too small, either. This commitment is different from an explicit moment selection
procedure as it was, for example, used by Karamé et al. (2008). They begin with a
large set of moments, estimate their model on them, and then step by step discard the
moments that the model reproduces most poorly until an over-identification test fails to
reject the model any longer.
Given that we deal with quarterly US data and that the business cycles in the US take
between five and ten years (roughly), the covariances underlying the estimations should
not use too long a lag horizon. A maximal lag of two years appears to be a reasonable
compromise. Denoting the output gap and the two gaps of inflation and the interest
rate in quarter t by xt , π
bt and rbt , respectively, our moments will be Cov(pt , qt−h ) for
p, q = x, π
b, rb and h = 0, 1, . . . , 8. Hence there is a total of nm = 78 moments to match: 9
7
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covariance profiles with (1+8) lags, minus 3 moments to avoid double counting the zero
lags in the cross relationships. Generally, these moments are collected in a column vector
denoted m ∈ IRnm .
Regarding the model, let there be nθ parameters to be estimated, that is, a vector θ ∈
Θ ⊂ IRnθ , where Θ is the admissible parameter set. Since the reduced-form solution of a
log-linearized DSGE model takes the form of a vector autoregression, the expected values
of the covariances of its variables need not be simulated but can be computed analytically;
see, e.g., Lütkepohl (2007, pp. 26f). This saves us from the problem of sample variability.
Extracting from the resulting matrix expressions the covariances that we require, we
make their dependence on the particular values of θ explicit by writing m = m(θ). On
the other hand, let T be the length of the sample period and memp
∈ IRnm the vector of
T
these empirical moments.
The distance between the vectors of the model-generated and sample moments is
measured by a quadratic loss function that is characterized by an (nm ×nm ) weighting
matrix W . Accordingly, the model is estimated by the set of parameters θb that minimize
this distance over the admissible set Θ:
emp
emp 0
θb = arg min J(θ; memp
T , W ) := arg min [m(θ) − mT ] W [m(θ) − mT ]
θ∈Θ

θ∈Θ

(1)

Solving the minimization problem is not a straightforward matter. 9 Given the relatively
high number of parameters that we will have to estimate, there is for functions of the
present type (just as it is typically the case for likelihood functions) a great danger of
multiple local extrema, possibly also located at a farther distance from one another. Our
search therefore proceeds in two steps. First, in order to reduce the risk of being trapped
in a wrong region of the parameter space, simulated annealing is used as a globally
effective procedure. 10
After several repeated attempts we can thus identify a suitable region in the parameter
space to concentrate on. Here a locally more efficient procedure can be put into operation,
for which we employ the Nelder-Mead simplex algorithm (see Press et al., 1986, pp. 289–
9

An easy problem are the upper- or lower-bounds of some parameters. If in the course of the
minimization search procedure some parameter violates this condition, it is reset to the boundary
value, the loss caused by the thus resulting moments is computed, and then a sufficiently strong
penalty is added that proportionately increases with the extent of the original violation. In this
way also corner solutions to (1) can be safely identified.
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In detail, we apply the algorithm put forward by Corona et al. (1987) and essentially use the
same ‘tuning parameters’ as Goffe et al. (1994) and Goffe (1996). The most critical of these
parameters are the reduction factor rT and the initial temperature To . We set rT = 0.75, a
conservative value “which is suitable for a function one has little experience with” (Goffe, 1996,
p. 172). To is obtained endogenously. First the median loss M of 500 widely dispersed parameter
vectors is computed. Requiring that the algorithm’s (desirable) probability of accepting an increase in the loss is about 0.50—at temperature To and at the same step sizes that in the initial
procedure have scaled the changes in the single parameter values—subsequently Boltzmann’s
formula exp(−M/To ) = 0.50 is solved for To .
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293; it has broader scope than gradient methods to escape from small local valleys).
Actually, the algorithm is repeatedly restarted upon convergence with a not too small
initializing simplex, until no more noteworthy improvement in the minimization occurs.
Combining the two search strategies, we can be rather confident that for all practical
purposes the global minimum of (1) has indeed been found.
Regarding the weighting matrix W in (1), we follow the usual procedure when the
moments are highly dependent and set it up as the diagonal matrix with the reciprocals
of the sample variances of the single moments on its main diagonal. Obviously, the less
precisely a moment is estimated from the data, that is, the higher is its variance, the
lower is the weight attached to it in the loss function. Since these variances are the basis
for the confidence intervals of the moments, it may be stated that the model-generated
b obtained from the estimated parameters lie “as much as possible inside
moments mi (θ)
these confidence intervals” (Christiano et al., 2005, p. 17). Nevertheless, a formulation of
this kind, which with almost the same words can be found in several other applications,
should not be interpreted too narrowly. In particular, a minimum of the loss function
in (1) need not automatically maximize the number of moments inside the confidence
intervals.
In detail, the variances of the moments are estimated by a bootstrap procedure. Given
the small sample size, this idea would be problematic for the longer lags if we had to
resort to a block bootstrap. However, since our estimations are concerned with summary
statistics and not the one-period ahead predictions of the time series, we can sample the
single quarters and associated with each of them the history of the past few lags needed
for the terms that determine the lagged covariances. This alternative is certainly more
trustworthy (see Appendix A1 for the details). It may also be mentioned that most of
the moment confidence intervals derived from this bootstrap turn out to be narrower
than those based on the diagonal elements of a standard Newey-West covariance matrix.
With the bootstrapped variance estimations of the moments we set
d emp ) ,
Wii = 1 / Var(m
T,i

i = 1, . . . nm

(2)

(and of course Wij = 0 if i 6= j).
2.3. Evaluating the goodness-of-fit and the parameter estimates

While diagrams of the covariance profiles will give a good impression of the closeness of
the empirical and model-generated moments, we would also like to have a more rigorous
overall assessment. It should, in particular, tell us whether or not the model has to be
outright rejected. It is well-known that, under the null hypothesis that the model is true,
the minimized value of the loss function represents a statistic that is asymptotically
chi-square distributed—provided, it has to be added, that the weighting matrix entering
the loss function is optimal. This standard J test for overidentifying restrictions is not
applicable here since the latter supposition is not satisfied. The test distribution can,
8

however, be simulated by bootstrapping the moments and then re-estimating the model
many times on them, the rationale being that the bootstrapped moments which the
model tries to match can be viewed as proxies for the moments that hypothetically
would be produced by different small-sample realizations of the unknown real-world data
generation process (DGP). The distribution of the thus re-estimated losses Je lend us a
test criterion for a possible rejection of the model, namely, if the previously estimated
b memp , W ) exceeds the 95% quantile of J.
e
value Jb = J(θ;
T
We will adopt two different procedures of bootstrapping the moments for these reestimations, a parametric and a nonparametric one. To begin with the nonparametric
bootstrap, it seeks to get along without any specific assumptions on the DGP and makes
use of the same bootstrapped moments that already served to estimate the variances in
(2). Designate this collection {mbT }B
b=1 . To establish a valid null hypothesis for the losses
associated with a parameter vector θ, the differences [m(θ) − mbT ] have to be demeaned
b − memp ] from the original estimation (1). 11 Accordingly, the
by the difference [m(θ)
T
corresponding parameter re-estimates θbb are obtained as follows:
θbb
g(θ, mbT )

=

arg min Jg (θ; mbT ) := arg min g(θ, mbT )0 W g(θ, mbT ) ,

:=

memp
T ]

θ∈Θ

[m(θ) −

θ∈Θ

mbT ]

b −
− [m(θ)

,

(3)

b = 1, . . . , B

For the J test it remains to consider the distribution of the values Jgb = Jg (θbb ; mbT ). To
reverse the above reasoning, the model cannot be rejected as being inconsistent with
the data at the conventional significance level if the minimal loss Jb from (1) falls short
of the 95% quantile of the distribution {Jgb }. In this way we can also readily construct
a p-value of the model. It is given by the value of p that equates the (1 − p)-quantile
b which says that if Jb were employed as a benchmark for
of the distribution {Jgb } to J,
model rejection, then p is the error rate of falsely rejecting the null hypothesis that the
model is the true DGP. Hence, in short, the higher this p-value the better the fit. 12 To
distinguish it from the p-value specified in a moment, we designate this statistic as the
model’s pnb -value (index ‘nb’ as a hint to the nonparametric bootstrap it has underlying).
It goes without saying that this evaluation is conditional on the special choice of the
moments that the model is required to match. Certainly, if more and more moments were
added to our list, the pnb -value will dwindle.
The distribution of the parameters θbb from (3) can also serve to set up confidence
b Two
intervals for the i-th component of the originally estimated parameter vector θ.
versions are relevant here: the standard percentile interval and Hall’s percentile confidence interval. Hall’s method has the advantage that it is asymptotically correct, but it
11
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may violate the admissible range of a parameter. Therefore we use Hall’s interval if no
such violation occurs and the standard interval otherwise. The details are spelled out in
Appendix A2, equations (A1) and (A2).
For the second bootstrap procedure, the parametric bootstrap, we take the estimated
parameter vector θb and, starting from the steady state (i.e. the zero vector), run a
stochastic simulation of the model over 500+T periods, from which the first 500 periods
are discarded to rule out any transient effects. The underlying random number sequence
may be identified by an integer index c. Repeating this a great number of times B,
with different random number seeds of course, B artificial time series of length T are
constructed. For each of them the vector of moments is computed, denoted mcT , its
variances are used to set up the diagonal sample-specific weighting matrix W c , and the
corresponding minimization problem is solved. In this way we obtain for c = 1, . . . , B:
θbc = arg min J(θ; mcT , W c ) = arg min [m(θ) − mcT ]0 W c [m(θ) − mcT ]
θ∈Θ

θ∈Θ

(4)

Confidence intervals and a p-value can be computed as above. The latter may be referred
to as the ppb -value (‘pb’ as a hint to the parametric bootstrap that is underlying here).
It will later turn out that not too rarely the confidence intervals from the two bootstrap
variants are quite similar. In the remaining cases, some intervals from the nonparametric
bootstrap can be narrower than from the parametric bootstrap. It nevertheless happens
more often that the latter delivers the narrower intervals, where occasionally the differences are stunning. Given this evidence, we will uniformly report the confidence intervals
from the parametric bootstrap (4).
Lastly, a word of caution is called for regarding the interpretation of the ppb -value
from (4). When with respect to the nonparametric bootstrap it was said above that
a higher pnb -value indicates a better performance this, in particular, means that the
statistic can be used to rank two different models—since they can be re-estimated on the
same collection of bootstrapped moments. In contrast, under the parametric bootstrap
each model simulates its own moments on which it is subsequently re-estimated. Hence
there is no common basis on which to compare two models. It cannot be even ruled out
that a model exhibits a higher ppb -value than an unambiguously superior rival model.
Such a counterintuitive example will be presented in Section 4 below.

3. The New-Keynesian three equation model
The endogenous variables in the New-Keynesian three equation framework are inflation,
output and the rate of interest, which are determined in the Phillips curve, a dynamic
IS relationship and a Taylor rule, respectively. In order not to commit ourselves to a
specific kind of microfoundation and, as a rule, its limitation of the range of some of the
composite parameters, the three equations are directly formulated in gap form. So what
is showing up there is the inflation gap denoted π
bt , the output gap xt , and the interest
10

rate gap rbt . As in most of the empirical applications and following the discussion in
Section 2.1, we wish to leave it open how the underlying trends, or frictionless equilibria,
are specified. In the simplest and still conventional interpretations they can be conceived
of as the model’s constant steady state values, which in the case of inflation might even
be equal to zero; for more ambitious trend concepts the occurrence of the gaps in the
model formulation (and the omission of more complicated expressions) might be viewed
as an approximation.
Generally, the three equations constituting the model are augmented by exogenous
shock processes. Regarding possible sources of inflation persistence in the Phillips curve,
we include both lagged inflation in the deterministic core and serial correlation in the
random shocks. This is in contrast to a common estimation practice that from the outset
assumes either white noise shocks in a hybrid Phillips curve, or purely forward-looking
price setting behaviour in combination with autocorrelated shocks. 13 Here we refrain
from this prior decision and try to find out whether the data indicate a certain tendency.
For symmetry, the IS equation should be treated in the same way (although this point
seems to have been somewhat neglected in the literature). The shocks in the interest
rate reaction function, i.e. the Taylor rule, are i.i.d. and, as it is universal standard,
persistence is only supposed to be brought about by the lagged rate of interest. In sum,
the model is specified as follows:
π
bt

=

φπ β Et π
bt+1 + (1−φπ )β π
bt−1 + κ xt + vπ,t

(0 ≤ φπ ≤ 1)

xt

=

φx Et xt+1 + (1−φx ) xt−1 − τ (b
rt − Et π
bt+1 ) + vx,t

(0 ≤ φx ≤ 1)

rbt

=

µr rbt−1 + (1−µr ) (µπ π
bt + µx xt ) + εr,t

vπ,t

=

ρπ vπ,t−1 + επ,t

vx,t

=

ρx vx,t−1 + εx,t

(5)

The time unit is to be understood as one quarter. The three shocks εz,t are mutually
uncoorelated and follow a normal distribution around zero with variance σz2 (z = π, x, r).
All of the parameters are nonnegative: β is the usual discount factor; µx , µπ are the policy
coefficients in the Taylor rule that measure the central bank’s reactions to contemporaneous output and inflation, while µr determines the degree of interest rate smoothing
(0 ≤ µr < 1); and ρπ , ρx are the autocorrelation coefficients governing the persistence in
the supply and demand shocks (0 ≤ ρπ , ρx < 1).

13

In similar models to ours, examples of i.i.d. shocks in a hybrid Phillips curve are Lindé (2005),
Cho and Moreno (2006) or Salemi (2006), while the purely forward-looking models studied by,
e.g., Lubik and Schorfheide (2004), Del Negro and Schorfheide (2004), Schorfheide (2005) permit
some persistence in the shock process. We have chosen these references from the discussion in
Schorfheide (2008; see p. 421, Table 3).
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Depending on the specific microfoundations that one may have in mind for (5), the
coefficients φπ , κ, φx , τ can possibly be composed of several deeper parameters. The
estimations, however, will treat κ and τ as being independent of φπ and φx , respectively.
For the standard microfoundations, this would play no role as long as the weights on the
forward-looking behaviour, φπ and φx , come out sufficiently strong. If, on the other hand,
the estimations did not confirm this feature, certain interpretations could no longer be
maintained. The order of magnitude of φπ and φx is actually a most important point
that we will be interested in.
As a matter of fact, a common specification of the IS equation is based on a habit
persistence parameter χ between 0 and 1, which gives rise to φx = 1/(1+χ) ≥ 1/2 and
might also imply that τ is proportional to (1−χ). Regarding the Phillips curve, the two
main proposals to establish a positive coefficient on π
bt−1 are an introduction of rule-ofthumb price setters (following Galı́ and Gertler, 1999), or of indexation on the part of
the firms that currently are not permitted to re-optimize their price (following Smets
and Wouters, 2003, and Christiano et al., 2005). In both cases the composite coefficient
on expected inflation must exceed one-half (roughly), too.
A completely different theoretical underpinning of the coefficients φπ and φx may resort to Branch and McGough (2009). It is presently also the only one without a nonzero
lower-bound for φπ and φx that we know of. 14 They set up an economy in which rational
expectations coexist with boundedly rational expectations. Introducing a set of axioms
for heterogenous expectation formation, they derive a purely forward-looking Phillips
curve and IS equation where, however, the expectation operator is a weighted average
of these two types of expectations. Thus, in the present notation, φπ and φx can be
interpreted as the population shares of the firms and households, respectively, that entertain rational expectations. 15 Moreover, one obtains the exact form of (5) with just
one lagged inflation rate and output gap on the right-hand side if the non-rational agents
are supposed to have static expectations, that is, if (for lack of anything better) they
expect the value of the variable from their last observation also to prevail in the next
quarter (we would not follow Branch and McGough and call this ‘adaptive behaviour’).
The approach by Branch and McGough appears to be an attractive alternative to
motivate a formulation like (5). The model would even be well-defined if all of the firms
or households were backward-looking, i.e., φπ and φx are also allowed to be zero. Besides
thinking of less naive than just static expectations, a critical point of the approach is
a justification of why the population shares φπ and φx should remain fixed over time.
Extensions of (5) taking this issue into account are easily conceivable but beyond the
14

Regarding the Phillips curve, Fuhrer (2006, p. 53) introduces a similar formulation to (5) without referring to any theoretical discussion and directly presents it as the “canonical hybrid New
Keynesian Phillips curve”. Similarly so Cho and Moreno (2006).
15
To be scrupulous, one of the axioms implies that the so-called rational agents are not fully
rational in the conventional sense (Branch and McGough, 2009, p. 1045).
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scope of this paper. 16

4. The model’s goodness-of-fit in the estimations
It has already been said that based on a quarterly frequency, the model is estimated
on the 78 auto- and cross-covariances of rbt , xt and π
bt , up to a maximal lag of 8 quarters. Considering the economic background of the New-Keynesian models, it seems more
appropriate to use data from the firm sector rather than GDP (the firm sector being
essentially nonfinancial corporate business). Since nevertheless most of the estimation
literature is based on the GDP price deflator and GDP output, we run our estimations
on both firm sector and GDP data. In addition to a better comparability with previous
results in the literature, we will thus also have a first robustness check for our estimation
method. The interest rate, on the other hand, is in both cases the same, namely, the
federal funds rate. Appendix A3 gives the data source from which output and the price
deflators have been obtained as well as a URL from which the gap variables and their
covariances can be downloaded.
The total sample period covers the time from 1960 to 2007. 17 However, over these
years one observes great changes in the variability of the three variables and partly also
in the qualitative profiles of their cross-covariances, which not only holds true for the
variables in level but also in gap form. This makes it necessary to subdivide the period into
two subsamples. They are commonly referred to as the periods of the Great Inflation (GI)
and the Great Moderation (GM), where we specify the former by the interval 1960:1 –
1979:2 (78 observations) and the latter by 1982:4 – 2007:2 (99 observations). The time
inbetween is excluded because of its idiosyncrasy (Bernanke and Mihov, 1998). To give
an immediate example for the need of the subdivision, the standard deviation of the
annualized GDP inflation gap is in GI with 1.41% almost twice as high as in GM, where
it amounts to 0.77%. The difference in the standard deviation of the GDP output gap is
substantial as well: 1.77% in GI versus 1.15% in GM.
Turning to the estimations of model (5), the precise value of the discount factor β
should not be very influential. We therefore calibrate it at β = 0.99. To be estimated
are then twelve parameters: φπ , κ, ρπ , σπ for the Phillips curve, φx , τ , ρx , σx for the IS
equation, and µπ , µx , µr , σr for the Taylor rule. It should be emphasized that inflation
and the rate of interest enter the estimations in annualized form, which is important to
16

In another paper, Branch and McGough (2010), the population shares are modelled as endogenously changing over time according to a measure of evolutionary fitness, which includes a
(relatively higher) cost of forming rational expectations. Future research might also attempt to
estimate a model of this type, although—because of the nonlinearities thus arising—the moments
could no longer be analytically determined but would have to be simulated. From this perspective, the present estimations could be viewed as preliminary results, giving us an indication of
how fruitful these estimations might be in the end.
17
The Hodrick-Prescott trend is computed over a longer period, to avoid end-of-period effects.
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take into account when assessing the order of magnitude of the estimated coefficients κ,
τ , µx as well as of the noise levels σπ , σr .

Firm sector data
GI
φπ
κ
ρπ
σπ
φx
τ
ρx
σx
µπ
µx
µr
σr
Jb
pnb -value
ppb -value

GDP data

GM

GI

GM

0.260

0.566

0.179

0.536

0.000 − 0.447

0.133 − 0.656

0.000 − 0.396

0.367 − 0.625

0.141

0.027

0.147

0.023

0.051 − 0.286

0.011 − 0.154

0.032 − 0.257

0.008 − 0.074

0.000

0.000

0.000

0.000

0.000 − 0.044

0.000 − 0.503

0.000 − 0.124

0.000 − 0.299

0.430

0.327

0.356

0.203

0.241 − 0.597

0.255 − 0.629

0.167 − 0.537

0.128 − 0.360

0.469

0.000

0.412

0.000

0.411 − 0.507

0.000 − 0.338

0.329 − 0.512

0.000 − 0.250

0.120

0.290

0.189

0.282

0.065 − 0.159

0.162 − 0.498

0.075 − 0.299

0.116 − 0.485

0.000

0.000

0.000

0.000

0.000 − 0.043

0.000 − 0.268

0.000 − 0.058

0.000 − 0.106

0.328

0.558

0.367

0.572

0.165 − 0.493

0.410 − 0.898

0.246 − 0.532

0.426 − 0.877

1.320

1.188

1.512

1.194

1.232 − 1.373

1.000 − 2.759

1.457 − 1.594

1.000 − 2.743

0.010

1.239

0.000

1.388

0.000 − 0.191

0.549 − 1.941

0.000 − 0.091

0.606 − 2.194

0.378

0.800

0.084

0.768

0.182 − 0.442

0.720 − 0.902

0.008 − 0.330

0.675 − 0.908

0.000

0.307

0.000

0.322

0.000 − 0.039

0.182 − 0.614

0.000 − 0.026

0.000 − 0.407

33.9
37.4
6.2

40.8
33.7
12.0

16.7
82.6
12.0

47.4
18.4
5.0

Table 1: Estimations of model (5).
Note: Throughout, β is calibrated at β = 0.99. Based on the parametric bootstrap reestimations (4), the numbers in small print indicate the Hall percentile confidence intervals
when they do not violate a lower boundary, otherwise the standard percentile confidence intervals are reported. p-values in per cent.

With GI versus GM and firm sector data versus GDP data, four estimations have to
be carried out. Rounding the parameter values to three digits, the results are compiled
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in Table 1. 18 In the first place, however, we are interested in an examination of the extent to which the model’s theoretical moments can approximate the empirical moments.
According to both types of p-values in the last two rows of the table, the model succeeds
in passing the overidentification tests. Generally, the pnb -values from the nonparametric
bootstrap are considerably higher than the ppb -values from the parametric bootstrap,
where it is remarkable that the ranking across the sample periods is not necessarily preserved. So, for the firm sector data, the model’s performance evaluated by pnb is in GI
somewhat better than in GM, whereas the ppb -values suggest the opposite conclusion.
On the other hand, a pnb -value of more than 80% indicates a very good match but is too
high to be taken literally (see the third column in the table). In terms of the ppb -value,
the indicator is ‘only’ 12%.
To see in finer detail what the numerical statistics mean, Figure 1 plots the profiles
of the model-generated auto- and cross-covariances and their empirical counterparts in
the same diagram, for the GI period and over 20 lags. Underlying are here the firm
sector data, but the overall picture with the GDP data is not much different. From an
immediate qualitative impression of Figure 1, we believe it is legitimate to say that the
estimation achieves a good and perhaps outstanding match.
There is just one moment, namely the variance of the inflation gap in the lowerright panel, that is outside the bootstrapped confidence interval (the shaded area). To
appreciate the rareness of this event it may also be noticed that (as mentioned at the end
of Section 2.2) these intervals are typically narrower than the usual asymptotic confidence
intervals. Furthermore, the good match does not only hold for the eight lags on which the
estimation is based. With only three minor exceptions, Cov(xt , π
bt−17 ) and Cov(b
πt , rbt−18 ),
Cov(b
πt , rbt−19 ), the higher-order covariances remain within the confidence bands up to a
full 20 quarters.
If there is a more serious matching problem at all, it is with the first two or three lags
of the auto-covariances of the inflation gap. Interestingly, it comes with some irony. At
least until a few years ago it seems to have been a widespread view that New-Keynesian
modelling may have difficulty generating sufficient inflation persistence to meet the degree
found in the empirical data. With the empirical inflation gap as it has been specified here,
persistence is not a very strong phenomenon, though. As a matter of fact, we have a sharp
drop for it from Var(b
πt ) = 4.48 to Cov(b
πt , π
bt−1 ) = 1.03 at the first lag, and further down
to practically zero at the third lag. By contrast, where we do obtain inflation persistence
is in the model, for which we observe a steady and moderate decline from Var(b
πt ) = 1.79
to Cov(b
πt , π
bt−3 ) = 0.76. This does not mean that the model would not be able to produce
a more realistic pattern in the critical auto-covariances of the inflation gap. However, not
18

For GM and the firm sector (but not GDP) data, a marginally lower loss is obtained with
φx ≈ 0.20 and ρx = 0. In presenting the estimation with φx = 0 in Table 1, we follow the principle
that if there are two practically equivalent results, the more ‘beautiful’ one may be chosen. More
details on the loss function over that range of φx and ρx are given at the end of the next section.
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•

Figure 1: Estimated versus empirical covariance profiles (GI, firm sector data).
Note: The bold (blue) line results from the estimation in the first column of Table 1, the shaded
areas are the bootstrapped 95% confidence bands around the empirical moments (dotted lines).

unexpectedly, this goes at the price of a nonnegligibly worse match in some of the other
covariance profiles (we checked this in detail).
Given the optically close match in Figure 1, the low ppb -value of 6.2% might be somewhat disappointing. Here it has to be taken into account that the mere numbers of this
statistic are not without problems. We can illustrate this point by imposing a lower-bound
of 0.50 on the two weights φπ and φx . Since the original estimates of these coefficients
are less than 0.50, this model version is clearly inferior. Estimating it, a corner solution
φπ = φx = 0.50 is obtained with the corresponding loss increasing from 33.9 to 84.4.
Nevertheless, running subsequently the parametric bootstrap results in ppb = 11.0% and
suggests a superiority of the constrained version. This reversal in the ranking becomes
possible since the two versions are estimated on different (artificial) samples of the moments. It is an advantage of the nonparametric bootstrap that it is unambiguous in this
respect (it can estimate the two versions on the same moments). As a consequence, its
p-value drops from pnb = 37.4% for the unconstrained model to pnb = 3.2% for the
constrained version, which would even lead to a rejection of the latter.
As far as the auto-covariances of the inflation gap based on the GDP price deflator are
concerned, they show a stronger persistence and so the matching problem just discussed is
16

less severe. This carries over to the entire estimation with GDP data, which yields higher
p-values for both types of bootstrap; see the third column of Table 1. Actually, none
of the moments generated from this parameter set happens to fall outside its empirical
confidence interval.

•

Figure 2: Estimated versus empirical covariance profiles (GM, firm sector data).
Note: The bold (blue) line results from the estimation in the second column of Table 1,
the shaded areas are the bootstrapped 95% confidence bands around the empirical moments
(dotted lines).

We can thus proceed with the era of the Great Moderation, for which we obtain the
estimations in column 2 and 4 in Table 1. The matching profiles on the basis of the firm
data are shown in Figure 2. The main difference between GM and GI in the empirical
auto-covariances is the overall reduction of the variability in GM, whereas most of the
qualitative patterns are rather similar. Exceptions are the distinct comovements of the
output gap with the interest rate as well as the inflation gap in GM, Cov(xt , rbt ) and
Cov(xt , π
bt ), which are completely absent in GI. A related phenomenon is that in GM
Cov(b
rt , xt−h ) and Cov(b
πt , xt−h ) peak at an earlier lag h than in GI.
To the human eye, the qualitative matching of the model’s asymptotic moments to
the auto-covariances in GM appears to be similarly good to GI. Perhaps the main shortcoming that we observe is that the model fails to reproduce the hump in Cov(b
πt , xt−1 ).
The econometric evaluation of the goodness-of-fit in Table 1 is less clear. According to
17

the pnb -values, there is a slight deterioration from GI to GM for the firms sector data and
a strong deterioration for the GPD data. The latter is confirmed by the ppb -value, which
is even at the margin of not rejecting the model. For the firm sector data the ppb -value
contradicts the pnb statistic and proclaims an improvement from GI to GM. This has
already been noted above, but now we will take some caution in such a comparison.
Nevertheless, on the whole the model appears to make a fairly good job for GM as well.

5. On the degree of backward-looking behaviour
This and the next section are concerned with an assessment of the parameter estimates,
where we will find several regularities but also, in the next section, some limitations. The
present section is interested in the parameters governing the degree of forward-looking
versus backward-looking behaviour in the private sector. This feature is represented by,
respectively, the coefficients φπ and (1−φπ ) in the Phillips curve (PC), and φx and (1−φx )
in the IS equation. At least with respect to (PC), the likelihood-based methods almost
universally yield a dominance of the forward-looking terms, corresponding to values of
φπ close to one. Persistence is then mainly generated by a high autocorrelation ρπ in the
shock process. 19 Most remarkably, as documented in Table 1, the approach of matching
the second moments tends to reverse these results. 20
There is an extra dramatic element beyond this qualitative statement. As indicated
in Section 3, the common microfoundations derive φπ and φx as composite coefficients
that cannot fall below one-half (roughly), whereas the estimates of φπ in GI and φx in
both samples GI and GM definitely violate this lower boundary. The low values of φπ
are not absolutely solitary in the literature, though. Limiting himself to the simplified
framework of a hybrid Phillips curve similar to ours with an exogenous AR(1) process as
the only driving variable, Fuhrer (2006, pp. 67–69) conducts various GMM and maximum
likelihood estimations which at the end lead him to conclude that “the predominant
source of inflation persistence in the NKPC is the lagged inflation term” (p. 79). The
values of his counterpart to our parameter φπ are actually all distinctly lower than onehalf; one of them, for a sample eight years longer than our GI period, being as low as
φπ ≈ 0.06. Nonetheless, this work seems to be an exception from the rule. Regarding the
IS relationship, we know of no comparable results to ours, let alone one where, as for
GM, the forward-looking behaviour may completely disappear from the scene. 21
The overwhelming evidence to the contrary prompts the question for the trustworthiness of our dominance of the backward-looking variables in (PC) and (IS). Even if it is
19

For examples from more general models, see Smets and Wouters (2003, 2007), Adolfson et al.
(2007), Benati and Surico (2007), Fève et al. (2009), or Cogley et al. (2010).
20
A discussion of which moments are mainly responsible for this is provided in Franke et al.
(2012, Section 4.4), though in a more constrained setting.
21
Which can only make sense in the Branch-McGough (2009) interpretation, where it means that
all households are boundedly rational.
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conceded that Table 1 indeed presents the global minima of the loss function, another
issue still remains. In simple models with partial adjustments and autocorrelated shocks
it is a well-known problem that, when estimated, typically two distinct local extrema
arise: one with a high coefficient on the lagged variable and low autocorrelation of the
shocks and another one in the reverse configuration, where both extrema yield fairly
similar values of the objective function (see, e.g., Sargent, 1978, pp. 1029ff; or Blinder,
1986).
To address the fear that such a phenomenon carries over to the present estimation,
the following experiment can be carried out. We set a grid of pairs (φπ , ρπ ), re-estimate
the remaining parameters for each node, and plot the surface of the resulting losses J
above that plane. In this setting, the conjecture would be that the surface has two distant
valleys at similar levels (one around low values of the two coefficients (φπ , ρπ ) and one
around high values). Concentrating on GI and the data from the firm sector, the left-hand
panel in Figure 3 may serve to disprove the suspicion. For optical reasons the surface is
truncated at the level J = 45 and φπ is restricted to values less than 0.40; we assert that
J does not return to lower losses beyond that range (more on this in a moment).

Figure 3: Minimized values of J given (φπ , ρπ ) and (φx , ρx ), respectively
(GI, firm sector data).
The global minimum is at the front side, at φπ = 0.26 and ρπ = 0. The bold (red)
line emerging from there represents the pairs (φπ , ρπ ) where for each ρπ , φπ = φπ (ρπ )
establishes the minimum loss J = J(ρπ ). It will be noted that there is not the least
indication of a ‘trade-off’ that eventually a stronger autocorrelation ρπ has high values of
φπ associated with it when minimizing the loss. On the contrary, φπ is further declining
down to zero when ρπ increases to 0.90 (a counterintuitive phenomenon that will be
discussed in Appendix A4). The other bold (red) line in the diagram emerging from
19

(φπ , ρπ ) = (0.35, 0) illustrates that for a higher than the estimated φπ , the loss increases
with ρπ and shows no sign of an intermediate fall. This relationship is not monotonic at
φπ = 0.40, but the slight improvement for ρπ close to zero is not worth mentioning.
The same kind of experiment can be conducted on a grid for the two parameters
(φx , ρx ) in the dynamic IS equation. The resulting surface on the right-hand side of Figure
3 displays the features just described in an even more pronounced form. In particular,
there is a long valley around φx = 0.47 where J is steadily rising with ρx , though only to
a small degree. Hence again, what counts are the changes in the coefficients representing
the endogenous source of persistence in (PC) and (IS); the exogenous source is of rather
secondary importance—if it can diminish the loss at all.
It might still be asked for the range of φπ and φx not shown in Figure 3. Furthermore,
what about joint effects from (φπ , ρπ ) and (φx , ρx )? To guard against a possible miss of
a competitive local minimum obtained from a suitable combination of these pairs, we
resume the stochastic simulated annealing search procedure. This time we start it with
an unduly low temperature to give it a greater chance of prematurely settling down in
a region of the parameter space that is some distance away from the globally optimal
parameters. Repeating this a larger number of times, none of the alternative local minima
that we found produces a loss less than 93, which is way above the optimal Jb= 33.9. It is
then not very relevant that φπ can rise to values around 0.80 and ρx , in one case, to 0.67
(the complementary coefficients ρπ and φx do not really support the abovementioned
conjecture, either; the main results are reported in Appendix A4).

Figure 4: Minimized values of J given (φπ , ρπ ) and (φx , ρx ), respectively
(GM, firm sector data).
Some remnants of the intuition that there are local minima at higher values of φπ
and ρπ can be found in the corresponding (suitably truncated) surface that we obtain for
20

GM; see the left-hand panel in Figure 4 (note that while the estimated weight φπ exceeds
0.50, it would represent a fairly high price indexation in the standard interpretation of
the Phillips curve). Again, the bold (red) line indicates the values of φπ that minimize
the loss for given values of ρπ . Now there is practically no variation in this function
φπ = φπ (ρπ ). Regarding the loss as ρπ rises from zero, it first slightly rises and then
declines, but it stays above the initial level along the entire line. If, on the other hand,
we consider fixed values of φπ above 0.60, then the values of ρπ minimizing the loss are
no longer near zero but in the range of 0.70. It is only in this sense that the intuition is
confirmed, the losses themselves in this valley become higher rather than lower as φπ is
increased. 22
Doing the same exercise with (φx , ρx ) for the IS part of the model, the right-hand
panel of Figure 4 shows that the loss is everywhere strictly increasing with ρx : not less
obviously than in GI, persistence in the shock process cannot contribute to a better
match of the moments. The bold (red) line is drawn to emphasize this feature. At the
same time it points towards the global minimum of the loss at ρx = 0 and φx ≈ 0.20.
Nevertheless, with J = 40.5 there is only a very small difference from the loss reported
in Table 1, where J = 40.8 at ρx = 0 and the more ‘beautiful’ polar coefficient φx = 0. 23
We conclude this section with the observation in Table 1 that there is no clear tendency
towards more or less forward-looking behaviour as we proceed from GI to GM. For both
types of data that we use, firms are more forward-looking in GM when setting their prices,
whereas households in their consumption decisions become more backward-looking. As
already pointed out, the GM estimations do not even rule out the interpretation that
they have altogether departed from the rational expectations and contend themselves
with static expectations.

6. Further evaluation of the estimated parameters
After the discussion of the degree of backward-lookingness in the private sector, let us
now have a look at the changes of the other parameters from GI to GM. A general
perception of the Phillips curve relationship is that it flattens and that the reduced
inflation variability is partly also due to weaker supply side shocks. As can be seen in
Table 1, the first feature is in fact borne out by a strong fall in the point estimate of
the slope coefficient κ by more than 75 per cent, and the second feature by a perceptible
decrease in the shock variance σπ2 (the values of which are directly comparable since
ρπ = 0 in both GI and GM). Considering the analogous parameters τ and σx2 in the IS
equation, the opposite effects are observed. Here we obtain a higher responsiveness of
22

The intuition will be somewhat rehabilitated for one example in the extended estimation framework at the end of Section 7.
23
The surface for the GDP data looks very much the same, except that here the global minimum
is indeed in the lower-right corner, at φx = ρx = 0.
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the output gap to the real interest rate, represented by the increase in τ , as well as a
higher noise level σx2 in the (uncorrelated) random shocks. 24 At least as far as κ, τ and
ρx are concerned, these statements can be basically maintained if one takes account of
the precision of the estimations since their confidence intervals for GI and GM do not
overlap very much.
One will hesitate to draw similar conclusions for the coefficients in the monetary
policy rule. With respect to GI and both the firm sector and GDP data, the confidence
intervals are fairly narrow, but the complete absence of policy shocks (σr = 0) is somewhat
disturbing. While there is a certain range over which ceteris paribus increases of σr have
no more than a minor impact on the moments, we should leave it to the reader whether
this is a satisfactory apology. A second precarious issue are the extremely wide confidence
intervals for GM. Possibly the comovements of the inflation and interest rate gap are too
strong to admit a finer differentiation of the central bank’s reaction intensities. The
conjecture is supported by MM estimations of other models with this Taylor rule where
similar phenomena for GM are obtained. 25
At the present stage of our investigations we do not wish to defend this part of the
estimations. We rather take the undesirable phenomena as an indication that the present
version of the Taylor rule may not be the most appropriate one—even though it is so
widely used in the literature. For example, Carillo et al. (2007) conclude from their
analysis that the data favour a monetary policy representation with modest inertia as
well as highly autocorrelated monetary shocks. 26 In addition to the specific dating of
output and inflation to which the central bank reacts, a better measure of inflation may
furthermore be the four-quarter rates instead of the fairly noisy quarter-on-quarter rates.
Incidentally, this kind of smoothing could leave more scope for the quarterly random
shocks to the interest rate, i.e. for σr > 0 in GI. From other experiments we have some
reason to expect that the degree of forward-looking behaviour in the Phillips curve will
only be mildly affected by these respecifications, but certainly this still needs to be tested.
Since the re-estimated parameter values are not all independent of each other, it
is instructive to consider the correlation coefficients between them. There are no open
contradictions between the coefficients from the parametric and the nonparametric bootstrap, but in many cases the latter are higher in modulus. In Table 2, we therefore prefer
to present the correlations based on the nonparametric bootstrap (3). Because of our
dissatisfaction with the Taylor rule coefficients, we limit ourselves to the parameters of
the private sector. The upper entry in a cell reports the result for GI, the lower entry
24

The latter is perhaps not perfectly conformable to the general wisdom.
Franke et al. (2012, Section 5), other preliminary work of ours and private communication with
Tae-Seok Jang.
26
Matching the impulse-response functions of a monetary policy shock, they estimate the thus
augmented Taylor rule within a modestly larger DSGE model than ours by just exogenously
fixing the rest of the parameters. We are, however, not aware of other literature that has taken
up their suggestion of extending the rule.
25
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φπ
φπ :
κ:
ρπ :

1.00

κ

ρπ

σπ

−0.90
0.75

0.07
0.75

1.00

−0.13
0.52

0.53
−0.06

1.00

−0.38
−0.60

φx :

φx

ρx :

ρx

σx

−0.52
−0.09

−0.70
−0.05

0.56
0.14

0.53
−0.21

1.00

τ :

τ

−0.82
−0.83

0.58
−0.46

1.00

−0.35
0.57
1.00

−0.11
−0.52

Table 2: Pairwise correlations of private sector parameter re-estimates (3).
Note: Based on firm sector data, first and second entry in a cell are from the re-estimations
of the GI and GM period, respectively. Bold face figures indicate relatively tight relationships,
italics a nonnegligible sign change from GI to GM.

the one for GM. For better readability, coefficients less than 0.50 in both GI and GM are
omitted, coefficients above 0.50 are in bold face, and if there is a noticeable sign change
they are italicized in addition.
To begin with the Phillips curve parameters, in the previous section the general intuition was mentioned that an increase in the shock persistence ρπ broadens the scope
for more forward-looking behaviour, i.e. an increase in φπ . This was refuted for the GI
period by the re-estimations under the exogenous variations of (φπ , ρπ ), and it is now
likewise refuted by the free re-estimations under the bootstrap variations of the moments, according to which there is practically no connection between φπ and ρπ at all,
i.e. Corr(φπ , ρπ ) = 0.07. In GM, however, we do get a very high correlation of 0.75. 27
Even more remarkable is the relationship between φπ and the slope coefficient κ, which
is very tight in both subsamples but negative in GI and positive in GM. This puzzle may
be taken as another example that one has to be very careful with general common sense
arguments for the Phillips curve mechanisms in DSGE models.
The corresponding parameters in the IS equation are free of these ambiguities. In
GI and GM, exogenous persistence (ρx ) and endogenous persistence (1 − φx ) are quite
independent of each other, while more endogenous persistence regularly goes along with
27

Is this a far reflection of the different shapes of the surfaces above the (φπ , ρπ )-plane in Figures
3 and 4?
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an increase in inherited persistence via τ , Corr(φx , τ ) ≤ −0.82. Ambiguous, on the other
hand, is the relationship between φx and the noise level σx , which is nonnegligible but
can be positive as well as negative. Likewise for Corr(τ, σx ).
These are all relationships between parameters within the Phillips curve or within the
IS equation. There are also some tighter connections across these blocks in the upperright corner of the table, though they only hold for one of the two subsamples. So once
again, one may not interpret too much common sense into these relationships.

7. Higher matching ambitions
Econometricians often tell their students not to content themselves with the pure statistics of an estimation but also to have a look at some elementary graphical representation
of its implications. Following this advice, let us consider the most immediate properties
of the model, that is, the time series themselves and the first impression they give us. To
this end, the two top panels in Figure 5 show a typical sample of the output and inflation gaps from the estimation in the first column of Table 1 (GI and firm sector data),
juxtaposed with their empirical counterparts in the two middle panels. Comparing the
two model-generated series, both exhibit a very similar degree of smoothness. In this
respect, there is no great qualitative difference between the simulated and the empirical
output gap, either. On the other hand, it is well-known that the empirical fluctuations of
quarter-on-quarter inflation are much more irregular than the oscillations of the output
gap. As a consequence, the patterns of the simulated and empirical inflation series are
strikingly different.
In this section, we extend the analysis by regarding the observation of the substantially
different noise levels in output and inflation as another stylized fact. Accordingly, in
addition to the covariances we would like the model to reproduce the empirical degree of
raggedness in the two series (and the interest rate as well). For a formal treatment this
means that we have to set up a corresponding summary statistic, the values of which
for π
bt , xt , rbt can then be included as additional moments in the estimation. Thus, let us
begin with a straightforward characterization which would call a time series extremely
ragged if it, from one period to another, continuously alternates between increasing and
decreasing. It appears ‘fairly’ ragged if this occurs rather frequently, and the series is
almost perfectly smooth if it steadily increases or decreases with the possible exception
of some infrequent turning points. Furthermore, a time series where, for example, a strong
increase is followed by a weak decline is at that stage less ragged than a series where the
opposite changes are of a similar order of magnitude. These verbal descriptions of what
the human eye perceives without further reflection lead us to measure the raggedness of
28
a time series {yt }N
t=1 of length N in the following way:
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Strictly speaking, the notation RN (yt ) is somewhat sloppy, but a correct one such as R({yt }N
t=1 )
would look rather cumbersome.
24

Figure 5: Time series of the empirical output and inflation gap,
and from estimations GI–A, GI–B in Table 3 (firm sector data).

PN
RN (yt ) :=

max[ 0,
t=3Xg
PN T̂

t=3

−(yt − yt−1 ) (yt−1 − yt−2 ) ]

(6)

| (yt − yt−1 ) (yt−1 − yt−2 ) |

Besides being independent of the length and scale of the time series, this statistic can
vary between unity and zero, indicating perfect raggedness and perfect smoothness, respectively. As an example, for the empirical series of length T = 78 in the middle panels of
Figure 5 we compute RN (xt ) = 0.342 and RN (b
πt ) is as high as 0.910 (GI and firm sector
data). Fortunately, the latter noise level is lower and therefore less difficult to match in
the other empirical samples.
Unlike the second moments, there is no analytical expression for the expected values
of the raggedness statistics in a linear model. Hence one has to resort to simulating
the model and then applying formula (6) if these moments are to enter an estimation.
This turns the method of moments into the “method of simulated moments” (MSM).
To approximate the asymptotic raggedness values, we choose a much longer simulation
horizon, S = 10, 000, than the empirical sample. The time series of the model mentioned
above, of which the two top panels in Figure 5 display a short section, are characterized by
RS (xt ) = 0.237 and RS (b
πt ) = 0.305. The corresponding t-statistics are an insignificant
t(xt ) = −1.16 for the output gap, whereas the serious failure of mimicking the noise
pattern in the inflation gap is evaluated as t(b
πt ) = −16.56. 29
29

The t-statistic is the difference between the model-generated and empirical moments scaled by
the (bootstrapped) standard deviation of the empirical moment.
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Including the raggedness moments in the estimation gives us an augmented loss function. For better comparison, we denote the loss function from above with the 78 covariances as J (78) , and the new one with the three raggedness moments added as J (81) ,
J (78) :

loss function (1) with the 78 covariance moments

J (81) :

J (78) plus losses from RS (xt ), RS (b
πt ), RS (b
rt ) ; S = 10, 000

(7)

When re-estimating the model with J (81) , the first and most obvious question to ask is
whether the mismatch of the inflation raggedness can be weakened and, if so, at what
cost regarding a deterioration in the previously optimal moments.

Firm sector data

GDP data

GI–A

GI–B

GM–A

GM–B

GI–A

GI–B

GM–A

GM–B

φπ

0.260

0.775

0.566

0.612

0.179

0.279

0.536

0.610

κ

0.141

0.000

0.027

0.031

0.147

0.113

0.023

0.026

ρπ

0.000

0.000

0.000

0.000

0.000

0.000

0.000

0.000

φx

0.469

0.000

0.000

0.000

0.412

0.430

0.000

0.000

τ

0.120

0.384

0.290

0.281

0.189

0.174

0.282

0.291

ρx

0.000

0.000

0.000

0.329

0.000

0.228

0.000

0.531

µx

0.010

4.000

1.239

1.154

0.000

0.000

1.388

1.438

J (78)

33.9

99.8

40.8

45.7

16.7

20.4

47.4

59.6

J (81)

313.5 116.5

65.2

58.7

44.1

36.8

115.2

92.0

|t(b
πt )|

16.56

4.83

3.63

5.06

3.91

8.16

5.56

3.98

Table 3: Estimations of the model including (‘B’) and not including (‘A’)
the three raggedness moments. µx has an upper-bound of 4.00 imposed.
Note: Estimations A are reproduced from Table 1. The boldface figures indicate which loss
function is minimized. t(b
πt ) is the t-statistic of the raggedness moment of the inflation gap.

Again distinguishing the four samples of GI vs. GM and firm sector data vs. GDP
data, Table 3 presents the main results of the new estimations: the performance with
and without the raggedness moments, and the estimates of the weights φπ , φx on the
forward-looking variables together with ρπ , ρx for the shock persistence and κ and τ for
the influence of the driving forces in the Phillips curve and IS equation. As the raggedness
of inflation was the most critical point, we also report the modulus of the (negative) tstatistic t = t(b
πt ) for this moment. For convenience, the results from minimizing J (78)
26

are reproduced from Table 1. They are identified by the letter ‘A’, while the letter ‘B’
indicates the estimations with J (81) .
The most dramatic changes from adding the raggedness moments in the estimations
are obtained for GI and the firm sector data. 30 First, the estimation succeeds in achieving a considerable improvement in matching the noise in the inflation rate. Although
the simulated and empirical raggedness still appear to be significantly different, RS (b
πt )
increases from the previous 0.305 to a respectable level of 0.765, to which corresponds
a decline in the modulus of the t-statistic from 16.56 to 3.98. The lower-right panel in
Figure 5 illustrates this visually. 31
A second point is the high cost that the more realistic inflation pattern incurs. Quantitatively, the loss from the second moments rises from 33.9 to 99.8. This is indeed a
serious deterioration, which one realizes when looking at the covariances that are mainly
responsible for it. These are Cov(b
πt , rbt−h ) and Cov(b
πt , xt−h ), where almost all of the
variation in Figure 1 disappears and the covariances stay close to zero for all lags h ≥ 2.
Perhaps somewhat surprisingly, the good match of Cov(b
rt , π
bt−h ) and Cov(xt , π
bt−h ) in
Figure 1 is only weakly affected. An explanation of these features is the fall of the slope
coefficient κ in the Phillips curve down to zero, whereas τ in the IS equation triples.
Third, it is interesting to note that the higher noise in the inflation rate is accomplished
by a substantial increase in the weight on future inflation in the Phillips curve. 32 Increases of this coefficient are also obtained in the other re-estimations, though they
are here much more moderate. On the other hand, the economy is not generally more
forward-looking as the same weight in the IS equation becomes zero. Besides, both shock
processes in the private sector remain i.i.d., ρπ = ρx = 0.
Nevertheless, estimation GI–B for the firm sector data has to be taken with some
caution since it yields a Taylor rule that is not credible. This is most strikingly seen
for the policy coefficient on the output gap µx , which hits the upper-bound of 4.00 that
we have imposed on it. This qualification makes us once more aware of the necessity to
calibrate the rule exogenously, or to check alternative specifications of monetary policy
before considering the estimation properties of MM or MSM in greater depth.
Referring to Table 3, the changes in the main structural parameters from estimation
A to B in the other samples speak for themselves. Also the Taylor rule coefficients are
less implausible there. The most remarkable result is that the deterioration in the covariances as well as the improvement in the raggedness statistics are fairly limited. Again,
however, the model cannot satisfactorily reproduce the noise pattern in the quarter-on30

Incidentally, this GI–B is the most difficult minimization problem.
The improvement for the output gap is illustrated in the lower-right panel. Here RS (xt ) needs
to rise only modestly from 0.237 (mentioned above) to 0.259, which is evaluated as t(xt ) = 0.92.
32
This dominance of forward-looking behaviour in the Phillips curve is one aspect in which the
estimation moves closer to the typical Bayesian results. Another one is the almost complete
flatness of the covariance profiles Cov(b
πt , rbt−h ) and Cov(b
πt , xt−h ) that has just been pointed out;
see Figure 1 in Franke et al. (2012).
31
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quarter inflation; the corresponding t-statistic is in all cases considerably higher than
the benchmark value of 1.96. It is a matter of preference if one wants to include this
raggedness moment at all in the estimation of a model, or a matter of judgement if one
accepts the inferior match as a weakness that one simply has to concede to an elementary DSGE model such as the present one (with the perspective of being less lenient with
more ambitious models).
Finally, returning to the subject of Section 5, we would like to mention that estimation
GI–B with the firm sector data is the only case where we find two distant valleys of the
loss function at levels that are still of a comparable order of magnitude. In addition to
the global minimum with J (81) = 58.7 and ρπ = 0, there is another local minimum with
J (78) = 74.7 that, in line with the conjecture made in Section 5, is brought about by
a purely forward-looking Phillips curve, φπ = 1.00 and a sizeable shock persistence of
ρπ = 0.635.

8. Conclusion
Given the strong dominance of likelihood or Bayesian methods in the estimation of DSGE
models and their typical outcome of only a minor role for backward-looking behaviour
on the part of households and the price setting firms, the present paper started out
from the question whether these results are robust when other estimation approaches
are employed. Specifically, we were interested in the method of moments (MM) as an alternative, not the least because of its high transparency and since it allows the researcher
to concentrate on the stylized fact that are of primary importance to him or her. To limit
the analysis, MM was applied to the fundamental New-Keynesian three equation model.
However, we allowed for a full random shock structure and put no structural constraints
on the weighting coefficients on expected and lagged output and inflation.
As an overall finding of our investigation, we can emphasize that for the Great Inflation
as well as Great Moderation period the model does a very good job in matching the
second moments of output, inflation and the interest rate. The first impression of a
visual inspection of the covariance profiles of the three variables was more rigorously
confirmed by two formal tests involving repeated re-estimations in a parametric and a
nonparametric bootstrap. Incidentally, in this way we have a clearer and more detailed
assessment of the model’s goodness-of-fit than from the likelihood procedures.
The good matching properties are not only noteworthy for themselves but also since,
in stark contrast to the Bayesian results, they are achieved on the basis of a pronounced
backward-looking behaviour. The feature is significant in that it cannot be easily replaced
by a strong persistence in the exogenous shock processes; in fact, exogenous persistence is
hardly needed at all. It is moreover remarkable that the coefficients on the lagged terms
in the Phillips curve and IS equation can be so high that it would no longer be possible
to derive them from the usual microfoundation stories.
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The paper also suggested that other, less standard moments may be included in MM.
Motivated by the immediate observation that the time series of quarter-on-quarter inflation exhibit more noise than output and the interest rate, we designed a statistic
measuring the degree of ‘raggedness’ in a series and augmented the original estimation
correspondingly. This changed the previous results somewhat but also showed that the
elementary model comes up against certain limits, the evaluation of which are a matter
of preference or judgement.
Despite the mainly positive results, we could not be happy with the estimation of the
Taylor rule. As indicated in Section 6, one should therefore reconsider the present version
of the rule, although it is so widely employed, and try alternative formulations. Another
issue for future research is an application of the MM approach to models with a richer
theoretical structure. This may be an integration of stochastic trends (as indicated in
Section 2.1) or additional variables like sticky wages, where the latter would also extend
the scope for the moments entering the estimations. The obvious question would then
be whether or not the basic results of our paper will survive.
Irrespective of more ambitious estimations, the New-Keynesian three equation model
will continue to have a standing of its own. Judging on the parameter estimates that we
obtained, this means that there is a need for theoretical work that re-examines the precise microfoundations in this framework, such that it would permit lagged inflation and
output to enter the stage without the present familiar constraints on their coefficients. 33
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Appendix A1: Bootstrap distribution of the empirical moments
The estimations are concerned with the auto- and cross-covariances of the three macroeconomic variables xt , πt , rt over a sample period of size T (the hat above π and r
will be omitted in the following). For two representative empirical variables pt , qt from
the data generation process of the real world (p, q = x, π, r), the sample covariance
γpq (h) := Cov(pt , qt−h ) with lag h ≥ 0 is given by
γpq (h)

=

(1/T )

T
X

(pt − p̄) (qt−h − q̄) ,

h = 0, 1, . . . , H ,

t=1+h

where

p̄ = (1/T )

T
X

pt ,

q̄ = (1/T )

t=1

T
X

qt

t=1

(H is the maximal lag in the covariances we are dealing with.) With a view to the
bootstrap procedure specified in a moment, it is convenient to define the set of the time
indices
I o = { 1, 2, . . . , T }
and rewrite the empirical covariance as
X
emp
γpq
(h) = (1/T )
(pt − p̄) (qt−h − q̄)

(qt−h := q̄ if t ≤ h)

t∈I o

(the superscript ‘emp’ has been added for greater clarity.)
Bootstrapping summary statistics that involve lagged values of the dynamic variables
is usually carried out as a block bootstrap of the time series data. This is not an entirely
satisfactory procedure because the independence between the randomly selected single
blocks cannot reproduce the dependence structure of the original sample, a phenomenon
32

known as the join-point problem. In addition, the variability of various moments may
thus be increased (cf. Andrews, 2004, p. 674).
While these are serious problems in likelihood or dynamic regression estimations, 34
they can be circumvented in the present moment matching approach. To put up a bootstrap sample b, we need not form a new series of consecutive data points and compute
the moments from them, but we can sample directly from the time indices: alternatively
to I o they give us a new set I b on which we can base the same calculations as above.
Accordingly, a bootstrap sample in our approach is constituted by T random draws
with replacement from the set I o (each time index having the same probability 1/T ).
Repeating this B times, we have b = 1, . . . , B index sets
I b = { tb1 , tb2 , . . . , tbT }
from which analogously to the empirical magnitudes we can subsequently obtain the
bootstrapped moments
X
b
γpq
(h) = (1/T )
(pt − p̄b ) (qt−h − q̄ b ) ,
h = 0, 1, . . . , H; b = 1, . . . , B;
t∈I b

where

qt−h := q̄ b if t ≤ h ,

p̄b = (1/T )

X

pt ,

q̄ b = (1/T )

t∈I b

X

qt

t∈I b

emp
Note that while in an empirical covariance γpq
(h) exactly h of the T terms in the sum
are vanishing, there may be more or less such zero terms in a bootstrapped covariance
b (h). In this way also the first h time indices 1, . . . , h can contribute to the variability
γpq
in these moments, although this effect might not appear fully appropriate. It could be
avoided by fixing tbh = h for h = 1, . . . , H in the index set I b and sampling only from
the remaining time indices H +1, . . . , T . Such a device might indeed be acceptable for
lags h close to the maximum lag H, but would unduly restrict the bootstrap variability
of the covariances at shorter lags, for which more data than from period H +1 onward
are available. 35
b (h), we can for each such moment
Having completed the calculations of all of the γpq
compute our estimate of its variance

d pq (h)] = (1/B)
Var[γ

B
X

b
[ γpq
(h) − γ̄pq (h) ]2 , γ̄pq (h) := (1/B)

b=1

B
X

b
γpq
(h)

(A1)

b=1

According to eq. (2), the reciprocals of (A1) form the diagonal of the weighting matrix
W in the loss function. If desired, as in Section 7, the square roots of these variances,
i.e. the bootstrapped standard errors, could also be used to compute t-statistics in order
to assess the deviations of the model-generated from the empirical moments.
34

For which Andrews (2004) proposes the concept of a block-block bootstrap.
Another option would be to use the data prior to the sample period for the lagged covariances.
We experimented with this alternative but found that already at medium lags the covariances of
the Great Moderation period were somewhat strangely influenced by the preceding data.
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Appendix A2:
The standard percentile and Hall’s percentile confidence interval
Let a collection { θbb : b = 1, . . . , B } of parameter re-estimates be given, as stated in (3).
With respect to a significance level α = 0.05, let θbi,L be the estimate from (3) such that
only a fraction α/2 of all the bootstrap estimates θbib are less than this value, and likewise
θbi,H the estimate that is exceeded by only α/2 of the bootstrap estimates. The standard
percentile confidence interval is then given by
(A2)

CIS (θi ) = [ θbi,L , θbi,H ]

(the index S indicates that (A2) is regarded as the standard method.) If the original
estimate θbi from (1) lies on the boundary of the admissible set of the parameters and
θbi,L coincides with it, we choose θbi,H as the (1 − α)-quantile (if θbi,H coincides with an
upper-bound, we choose θbi,L as the α-quantile).
Although (A2) is a straightforward specification, it has to be taken into account that
it may not have the desired coverage probability. In particular, if θbi is a biased estimate
of θio , the bootstrap distribution may be asymptotically centred around θio plus a bias
term and, hence, CIS (θi ) is a (1−α)% confidence interval for the latter quantity and may
thus have a grossly distorted range as a confidence interval for θio .
An alternative to (A2) that fixes this problem is Hall’s percentile confidence interval,
which essentially is defined as
[ 2θbi − θbi,H , 2θbi − θbi,L ]

(A3)

It is based on the idea that the bootstrap distribution (θbib − θbi ) approximates the distribution (θbi − θio ). This implies that Prob(θbi,L − θbi < θbi − θio < θbi,H − θbi ) ≈ Prob(θbi,L − θbi <
θbib − θbi < θbi,H − θbi ) = 1−α, and the first probability expression is easily seen to be equal
to Prob(2θbi − θbi,H < θio < 2θbi − θbi,L ) = Prob(θio ∈ CIH (θi )). Hence Hall’s percentile
method is asymptotically correct.
It can, however, happen that 2θbi − θbi,H falls short of a lower bound θi,aL of the
admissible range of the parameter (something which by construction is not possible with
the standard percentile interval). The lower end of the confidence interval may then be set
equal to θi,aL . Similarly so if 2θbi − θbi,L exceeds an upper bound θi,aH of the admissible
range. We leave such a modification of (A3) aside since in these cases it seems more
meaningful to resort to (A2).

Appendix A3: Data sources
It was convenient for us to extract the quarterly price and output time series from the
database fmdata.dat in the zip file fmfp.zip that is provided by Ray Fair for working with his macroeconometric model. It is a plain textfile downloadable from http://
fairmodel.econ.yale.edu/fp/fp.htm . The acronyms to identify real output and the
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price deflator, respectively, are GDPR and GDPD for the GDP data, and Y and PF
for the firm sector (which essentially is nonfinancial corporate business). These explanations can be found in Appendix A.4, Table A.2., of the script Estimating How
The Macroeconomy Works by R.C. Fair, January 2004, which can be downloaded from
http://fairmodel.econ.yale.edu/rayfair/pdf/2003a.pdf .
The gap series π
bt , xt , rbt constructed from these data (detrending done by HodrickPrescott with smoothing parameter λ = 1600) together with the resulting covariances
can be directly downloaded from
http://www.bwl.uni-kiel.de/gwif/downloads_papers.php?lang=en.

Appendix A4:
Supplementary remarks on the degree of backward-looking behaviour
The general intuition for the Phillips curve is that there are three sources to produce
persistence in π
bt : the influence of lagged values of this endogenous variable; the exogenous influence from serially correlated shocks; and inherited persistence from the driving
variable, i.e. the output gap. If one of these sources weakens, the two other sources may
more or less perfectly compensate for this. Thus, if (1 − φπ ) is reduced, help could be
conjectured to come from a sufficiently high autocorrelation of the shocks. In particular,
this type of persistence might be capable of diminishing the need for the endogenous
source of persistence so strongly that φπ can rise above its critical value of (roughly)
0.50, hopefully without affecting the original match too seriously.
For the re-estimations in the left-hand panel in Figure 3 just the opposite is observed.
Rather than increase, the optimal φπ decreases in response to more persistence in the
shocks; that is, the degree of backward-looking behaviour increases rather than decreases.
We can try to explain this outcome as follows. First, in order for the unconditional
variance of the AR(1) shock process to stay the same, σπ2 must decrease as ρπ increases.
Second, as it turns out in the re-estimations, the reduction of σπ2 has to be stronger
than this: if it were not, then all of the contemporaneous covariances Cov(pt , qt ) (pt , qt =
π
bt , xt , rbt ) would increase too much, some of them almost excessively so. Third, the strong
reduction of σπ2 implies that the additional amount of persistence brought about by the
increase of ρπ is rather limited. Furthermore, with the new parameters but the old value of
φπ , the model would reproduce the profiles of the covariances already quite well. However,
the variances of all three variables π
bt , xt , rbt (though not their cross-covariances) would
be too low. Lastly, this tendency can be viewed as being counteracted by higher values
of (1−φπ ).
It is thus important to note that persistence in the endogenous variable is not only
produced by ρπ , (1−φπ ) and inherited persistence, the influence of which is measured
by κ, but also by the noise level σπ2 of the random shocks. Once this is recognized, it is
perhaps not so strange that ρπ , (1−φπ ) and actually also κ, as we checked, may increase
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simultaneously—since at the same time the fourth parameter σπ2 that is involved in the
generation of persistence may decrease.
Similar observations and arguments could be made for φx , ρx , τ , σx2 in the dynamic
IS equation, although the effects are weaker here.
Besides the global minimum of the loss function from the first column in Table 1 for
the firm sector data in GI, Table A1 shows the core parameters of the Phillips curve and
the IS equation as they result from three local minima. No indications of other essentially
different local minima were found.

φπ
ρπ

0.260
0.000

0.810
0.239

0.771
0.181

0.805
0.253

φx
ρx

0.469
0.000

0.155
0.004

0.175
0.402

0.114
0.667

J

33.9

93.4

93.3

93.7

Table A1: One global and several local minima of J (GI, firm sector data).
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