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Abstract

This paper investigates whether interest rate changes impact on firms’
marginal costs and whether this has a direct effect on their price setting be-
havior, translating into aggregate inflation dynamics. Empirical tests on the
existence of the cost channel are employed, using a structural econometric
approach. Estimation and inference is conducted using identification robust
methods based on the continuous-updating GMM objective function. We
document identification difficulties for some parameters when estimating the
general model structure. For the U.S. a pure forward-looking interest rate
augmented Phillips curve is the most compatible with data. This suggests
that considering the cost channel is a relevant aspect for monetary policy
analysis.
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1 Introduction

This paper investigates whether the costs of external funds affect firms’ marginal

costs, thereby influencing the aggregate inflation rate. Recently, many authors –

including Christiano, Eichenbaum and Evans (2005), Chowdhury, Hoffmann and

Schabert (2006), Ravenna and Walsh (2006) and Tillmann (2008) – provide evi-

dence of a cost channel relevant to inflation dynamics. This cost channel is intro-

duced through the cost of working capital into the standard New Keynesian model,

which is motivated by cash-in-advance, i.e. factors of production, which have to

be paid before the proceeds from the sale of output are received. Empirically,

the existence of a cost channel can be tested by augmenting the New Keynesian

Phillips curve with an interest rate variable as an additional regressor. So the cost

channel implies an extension of the standard measure of marginal cost by interest

rate effects.

Chowdhury et al. (2006) test such an augmented Phillips curve specification

for G7 countries with GMM and find empirical support for this model for most of

them. Ravenna and Walsh (2006) employ the same method, but instead of relying

on the reduced form parameters, they estimate the structural parameters of a

pure forward-looking specification for the U.S. and draw similar conclusions. The

existence of a cost channel is also supported by methods of indirect inference (e.g.,

Christiano et al., 2005; Huelsewig, Henzel, Wollmershaeuser and Mayer, 2009).

However, other studies cast doubt on the existence of a cost channel (e.g., Rabanal,

2007; Gabriel, Levine, Spence and Yang, 2008). Their estimation includes both

Bayesian Methods (Rabanal, 2007) and GMM (Gabriel et al., 2008).

In this paper, we extend the Phillips curve specification of Ravenna and Walsh
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(2006) to a model that allows for backward-looking behavior in price setting ow-

ing to partial indexation. Then we reexamine the existence of the cost channel

by estimating structural form parameters for the U.S. (similar to Ravenna and

Walsh, 2006). Instead of relying on a standard two-step GMM estimator, we use

a continuous-updating GMM (CUE) estimator as proposed by Hansen, Heaton

and Yaron (1996). This estimator is preferable in terms of small sample proper-

ties, and it does not depend on the normalization of the orthogonality conditions.

Moreover, we combine several additional tools in order to analyze the empirical

model in great detail. We use identification robust econometric techniques, which

can be readily based on the CUE objective function (as suggested by Stock and

Wright, 2000). So this procedure guards against problems which are induced by

weak instruments and which might be present in estimates of the new Phillips

curve (see Ma, 2002; Mavroeidis, 2005; Dufour, Khalaf and Kichian, 2006). Confi-

dence intervals for the individual parameters are then computed by means of the

projection technique. We also apply simulation techniques to analyze the complete

distribution of the structural parameters. So that the available information of pri-

vate agents can be used most effectively, factors are used as additional instrumental

variables (as proposed by Bai and Ng, 2010; Kapetanios and Marcellino, 2010).

To facilitate the comparison of non-nested models, we also make use of Andrews

and Lu’s (2001) model selection criteria for GMM estimation.

The results of this paper indicate that empirical evidence of the cost channel

is not as clear-cut as previously indicated in literature. Generally, the standard

procedure of testing one parameter as significant (which is then interpreted as

evidence of a cost channel) is found to be inappropriate owing to substantial iden-

tification problems. We find that the structure of the model does not allow for
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drawing strong conclusions about certain aspects of the model on account of weak

identification. However, we are able to compare a standard Phillips curve model

with the cost channel augmented version, with interesting findings. In fact, the

estimated degree of nominal rigidity in a cost channel augmented Phillips curve

model is more in line with economically plausible values, and turns out to be sta-

tistically more reliable. Additionally, model selection criteria clearly favor a model

in which the cost channel is present and where the bank lending rate is included

as an additional variable in the marginal cost measure.

Although distinguishing between forward-looking and backward-looking behav-

ior proved difficult, we also document that backward-looking aspects (in the form

of indexation) seem to be negligible in all the versions of the model. For the U.S.

therefore, a purely forward-looking model that considers the cost channel is most

compatible with the data. The inclusion of a cost channel can indeed improve

the reliability of estimates of the New Keynesian Phillips curve by introducing the

interest rate affecting real marginal costs. Interestingly, this model incorporates

enough inflation persistence even without a lagged inflation term (which would in

any case be difficult to motivate according to proper microfoundations).

The rest of the paper is organized as follows. Section 2 introduces the the-

oretical model setup. The empirical strategy is outlined in Section 3. Section

4 presents the estimation results of the interest-rate augmented Phillips curve.

Section 5 concludes.
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2 The basic model

This section briefly introduces the theoretical model, which consists of a standard

New Keynesian framework. More detailed derivations may be found in Walsh

(2003) and Woodford (2003). We concentrate on the aspects necessary for char-

acterizing inflation dynamics in the economy. The two basic model features are

monopolistically competitive goods markets and sticky prices. In addition, the

cost channel is introduced.

More precisely, the economy consists of a continuum of firms (indexed by i ∈

[0, 1]), each producing a differentiated good Yt(i) according to a standard Cobb-

Douglas production function

Yt(i) = AtKt(i)
αNt(i)

1−α, (1)

with At a common country-wide technological factor, Kt(i) the (fixed) firm-specific

capital stock and Nt(i) denoting the labor factor employed by firm i.

Each firm i faces a demand function characterized by the constant elasticity of

substitution given by

Yt(i) =

(
Pt(i)

Pt

)−ε
Yt, (2)

where Yt equals the aggregate demand, Pt is the aggregate price level in the econ-

omy and Pt(i) is the price of good i charged by firm i. The price elasticity of

demand for good i is characterized by the parameter ε (with ε > 1). This de-

termines the constant mark-up (defined as µ = ε/(ε − 1)) required by firms over

nominal marginal costs of inputs.
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Next, we introduce a liquidity constraint for firms operating in their factor

markets. Input factors like the wage bill have to be paid before revenues for

the goods produced have been received. To meet these expenditures, firms have

to borrow the outlays from a financial intermediary sector. In each period, the

individual firm i is assumed to borrow the amount of Zt(i) to repay the sum total

of the salaries. So the liquidity constraint is given by

Zt(i) ≥ WtNt(i),

with Wt the nominal wage rate and Nt(i) the utilized labor factor of firm i. At

the end of the period, when the produced good has been sold, firms have to repay

these loans with interest to the amount of iltZt(i). With these liquidity constraints,

firms’ marginal costs are equal to

MCt(i) =
Rl
tWt/P (i)t

(1− α)Yt(i)/Nt(i)
=
Rl
tSt(i)

(1− α)
, (3)

where Rl
t = 1 + ilt and St(i) is the firm’s specific labor share of production.

Further, we assume that firms face nominal price rigidities which can be char-

acterized by Calvo’s (1983) model of staggered price setting. This model implies

that firms set prices infrequently owing to the costs of gathering information. The

frequency of price re-optimizations is characterized by a stochastic process, with

the constant probability that a firm changes its price at one particular point in

time. So on the aggregate level at each point in time there is a fraction of firms’

1− θ that optimally adjusts prices. The expected waiting period is then given by

1/(1− θ).

Price re-optimizing firms that set their optimal price P ∗t (i) are faced with the
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following dynamic maximization problem:

Et

∞∑
k=0

(βθ)kυt,t+k [P ∗t (i)Xt,t+k −MCt,t+k(i)]
Yt+k(i)

Pt+k
, (4)

subject to the demand constraints (eq. 2) and

Xt,t+k =


∏k−1

l=0 π
1−ξπξt+l for k > 0

1 for k = 0.

(5)

with β a constant discount factor, υt,t+k = U
′
(Ct)/U

′
(Ct+k) the time-varying por-

tion of the discount factor between t and t + k; with U
′
(Ct) being the marginal

utility of consumption. π denotes the long-run average gross rate of inflation.

Whenever a firm does not re-optimize its price, it is reset according to an index-

ation scheme. ξ ∈ [0, 1] measures the degree of indexation to past inflation rates.

Note that this partial indexation scheme nests more specific indexation assump-

tions as special cases.1

As shown by Walsh (2003), aggregate inflation π̂ can be related to average real

marginal cost m̂c according to

π̂t = γfEtπ̂t+1 + γbπ̂t−1 + λm̂ct, (6)

where

1This specification is adopted from Smets and Wouters’s (2003). With ξ = 1 it equals
Christiano et al.’s (2005) dynamic indexation scheme, with ξ = 0 it simplifies to a pure forward-
looking model with an indexation to trend inflation.
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λ =
(1− θβ)(1− θ)

(1 + βξ)θ

1− α
1 + α(ε− 1)

,

γf =
β

1 + βξ
,

γb =
ξ

1 + βξ
.

This inflation equation is known as the Hybrid New Keynesian Phillips curve. Its

reduced form coefficients γf , γb and λ are non-linear functions of the structural

parameters β, θ, ξ, α and ε.2 When ξ = 0, the equation reduces to the pure

forward-looking New Keynesian Phillips curve. When the cost channel is intro-

duced, real marginal costs depend not only on the labor share of output (as derived

by Gaĺı and Gertler, 1999) but also on the nominal interest rate:

m̂ct = R̂l
t + ŝt,

where ŝt = ŵt + n̂t − ŷt is the log deviation of the labor share around the steady

state and R̂l
t is the percentage point deviation of the nominal interest rate (defined

as the lending rate) around its steady state value.

According to Chowdhury et al. (2006), it is assumed that the lending rate Rl
t

can deviate from the nominal interest rate set by monetary policy which is denoted

by Rm
t . This is motivated by financial market imperfections and is, for instance,

also motivated by the likelihood of defaults. Adopting the simplified framework

of Chowdhury et al. (2006), where profit maximization of financial intermediaries

2Note that there are also other versions of the structural Phillips curve that have a slightly
different interpretation (e.g., Gaĺı and Gertler, 1999). As shown by Scheufele (2010), Gaĺı and
Gertler’s (1999) model leads to conclusions similar to those considered here.
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leads to a log linear relationship between the risk-free rate R̂m (which is assumed

to be under the control of monetary policy) and the lending rate R̂l. This is given

by

R̂l
t = (1 + ψR)R̂m

t , (7)

where the coefficient 1+ψR measures the response of the lending rate R̂l
t to changes

in the monetary policy rate R̂m
t . As illustrated by Chowdhury et al. (2006) for

ψR > 0, indicating the existence of strong financial market imperfections. When

the opposite holds (ψR < 0), then management costs are very high.

Now we can express the Phillips curve as a function of the labor share as well

as of the monetary policy rate, which is given by

π̂t = γfEtπ̂t+1 + γbπ̂t−1 + λŝt + λφmR̂
m
t , (8)

where φm = (1 + ψR). So the idea of the cost channel of monetary transmission

follows directly from this equation: whenever the central bank raises its interest

rate above its steady state level, this leads to an increase in the current inflation

rate over its steady state value. This holds true unless this effect is not over-

compensated by the response of the labor share through adjustments of aggregate

demand.

3 Empirical analysis

Next we introduce the strategy for estimating the interest-rate augmented Phillips

curve specification and how it is possible to conduct inference about the parameters
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of interest. Generally, the choice is between two different econometric methods: full

information or limited information methods. The choice between these categories

has a long history in econometrics. Full information methods provide the complete

range of statistical properties associated with the model under investigation. This

is preferable in terms of efficiency, unless the model is correctly specified. Limited

information methods do not require a fully specified model, but it is enough to

set up certain moment conditions to estimate the parameters of interest. Thus

there is the classical trade-off between efficiency and the sensitivity to model mis-

specifications known from simultaneous equations models. Since we are interested

solely in the Phillips curve equation and more specifically in the direct impact of

interest rates on inflation, we find it more convenient to use limited information

methods, because we do not want to restrict our results to a particular model

structure.3 Additionally, the great advantage of limited information methods is

that identification issues for these types of techniques are now well established. On

the other hand, there is no widely accepted method in full information for dealing

with problems of weak identification.

3.1 The basic econometric specification

Limited information methods typically require the application of instrumental vari-

able (IV) estimation methods. To get an empirical traceable specification from the

theoretical model eq. (8), the unobserved variable Etπ̂t+1 is replaced by its real-

ization assuming the forecasting error ηt+1 = [Etπ̂t+1 − π̂t+1] to be orthogonal to

3Since we also stress the importance of identification robust inference, full information meth-
ods like ML are not immune from that kind of problem. However, certain LI methods are able
to deal with them. For this reason, once weak identification problems appear, ML, with its
asymptotic theory, can generally not be relied on, and there are no full information methods
that are identification robust.
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past information. So we obtain the estimable equation

π̂t =
β

1 + βξ
π̂t+1 +

ξ

1 + βξ
π̂t−1 +

(1− θβ)(1− θ)
(1 + βξ)θ

(
ŝt + φmR̂

m
t

)
+ ut, (9)

where ut = νt + γfηt+1. We allow the error term to follow a very general structure

- so ut may be autocorrelated and / or heteroskedastic.4 The natural setup for

estimating potentially non-linear dynamic models is to employ GMM as proposed

by Hansen (1982). With the assumption Et−1ut = 0, the moment conditions are

given by Et−1 {ft(ϑ)}, where ft(ϑ) = ut(ϑ)zt−1 with zt−1 the vector of instruments

including predetermined variables dated t − 1 or earlier. ϑ = (β, θ, ξ, α, ε, φi)

denotes the parameter vector of interest.

When it comes to parameter estimation, we do not consider the convenient two-

step GMM (2GMM) estimator that is frequently used for estimating NKPC models

(see e.g., Gaĺı and Gertler, 1999; Gaĺı, Gertler and López-Salido, 2001; Eichen-

baum and Fisher, 2007). Instead, we adhere to the continuous updating GMM

(CUE) estimator as proposed by Hansen et al. (1996). This estimator is superior

in terms of finite sample properties (Hansen et al., 1996; Stock and Wright, 2000).

It is more closely related to LIML than to 2SLS (which is related to the 2GMM

estimator).5 Moreover, it does not share the property of standard GMM that esti-

mation bias increases with the inclusion of irrelevant instruments (as documented

by Tauchen, 1986; Kocherlakota, 1990). For non-linear settings, another favorable

4When we assume νt to be white noise and use instruments dated t − 1 or earlier, then ut
follows an MA(1) process per construction. See appendix A.1 for a discussion.

5For the estimation of a single equation in the linear simultaneous equation model, the two-
step GMM estimator is 2SLS, whereas the continuous updating estimator is LIML. The superior
characteristics of LIML in comparison with 2SLS in finite samples has been well documented in
the literature (see e.g., Judge, Griffiths, Hill, Luetkepohl and Lee, 1985, Chapter 15).
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property is its insensitivity to the statement of the moment conditions. Since the

NKPC in its structural formulation is non-linear in its parameters, it is possible

to reformulate the orthogonality conditions, for instance through multiplying by a

certain parameter. 2GMM estimates may be sensitive to this kind of transforma-

tion (see Hall, 2005, for a general discussion and Scheufele, 2008, for this problem

in the context of the NKPC).

The CUE estimates can be obtained by minimizing the objective function

S(ϑ) =

[
1

T

T∑
t=1

ft(ϑ)

]′

W (ϑ)−1

[
1

T

T∑
t=1

ft(ϑ)

]
, (10)

where W (ϑ) is a k × k positive semi definite weighting matrix. It can be shown

that the weighting matrix is given by the inverse of the asymptotic variance matrix

S−1T . This matrix is computed to be heteroscedastic and autocorrelation consistent

(HAC), as proposed by Newey and West (1987). The peculiarity of this estimator

is that the covariance is estimated together with the parameter vector ϑ. Instead,

the 2GMM computes first an initial estimate of ϑ with a pre-specified weighting

matrix (e.g., the identity matrix) and then uses this initial estimate to specify the

weighting matrix in the second step.

To estimate the structural form parameters, it is necessary to calibrate some

parameters, as when there are four variables one can at least identify the same

number of parameters. Like Gaĺı et al. (2001), we choose to calibrate α and ε (like

them, we set α = 0.270 and ε = 11 for the U.S. economy). Given these values, the

point estimates for β, θ, ξ and φi can be computed.
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3.2 Coping with potentially weak instruments

Once the empirical model has been set up, it must be remembered that the GMM

approach is extremely susceptible to problems brought about by weak instruments

(see e.g., Stock, Wright and Yogo, 2002; Dufour, 2003; Andrews and Stock, 2005,

for recent surveys). These may arise whenever the instruments are not sufficiently

correlated with the variables they instrument. This pathology results in parameter

distributions that may be far from normality. This leads standard test statistics

(e.g., Wald and significance tests) to spurious over-rejections and may lead to

wrong conclusions.

Broadly speaking, weak instrument problems do result in identification diffi-

culties for relevant parameters. For example, consider the standard linear instru-

mental variable (IV) model in the extreme case of an exact zero correlation of the

instruments with the right-hand side endogenous variable(s). Obviously, this is a

violation of the rank condition for identification (implying that the coefficient in

the structural equation is unidentified). However, a correlation of exactly zero is

never seen. So problems occur even when the correlation between the instruments

and the instrumented variables is not strong enough (then the parameters are close

to being unidentified).

It is also important to stress that the problem of weak identification is not

specific to GMM or IV estimation. Instead, ML-methods or other methods of

Matching Moments may also be affected by this pathology. Because of their high-

dimensionality and their non-linear structure, the parameters of DSGE models

have generally been found difficult to identify (see e.g., Canova and Sala, 2009, for

a general discussion for this aspect).
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In order to avoid the problems of weak identification, we combine two empirical

strategies. First, we carry out a careful selection of relevant instruments z. Like

Bai and Ng (2010) and Kapetanios and Marcellino (2010), we apply Factor-GMM

estimation, whereby factors are extracted from a large data set of macroeconomic

indicators and used as additional instrumental variables. The advantage here is

that instruments can be used parsimoniously, but factors still provide a great deal

of informational content. Our second strategy is to rely on identification robust

inference methods that are robust to the problems associated with weak instru-

ments. These methods have been successfully applied to the standard NKPC

by Ma (2002), Dufour et al. (2006), Mavroeidis (2007), Nason and Smith (2008)

Martins and Gabriel (2009) and Kleibergen and Mavroeidis (2009b) and have the

advantage that inference based on these methods are valid, whether or not identi-

fication difficulties arise. In certain situations, particularly when some parameters

are well identified and others are not, these methods allow for important insights.

Instrument selection

When setting up the moment conditions for the GMM approach, one has to be

specific about the choice of instrument variables z. Rational expectations models

such as our Phillips curve specification suggest that all information available at

the time when the forecast is made can be used as valid instruments. Because of

simultaneity and potential publication lags, we consider only instruments dated

time t− 1 or earlier.

Since the potential instrument set contains the full information set of private

agents, the number of candidate instruments is infinite. This really means that any

measured past variable can serve as a potential instrument. Additionally, there is
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no theoretical justification or practical guide for deciding which instruments to use

for estimation. However, early Monte Carlo experiments for GMM suggest that

using as many instruments as possible is not a good idea. Instead, one should be

somewhat selective when choosing z (see Tauchen, 1986; Kocherlakota, 1990). In

empirical macroeconomic applications it has become standard practice for instru-

ments to be chosen relatively unsystematically from among recent macroeconomic

variables that are thought to predict the instrumented variables well.

The success of IV methods clearly depends on the quality of instruments, so it is

logical to put some effort into careful selection of the instrument set in order to get

more reliable results. We therefore adopt the Factor-GMM approach by Bai and Ng

(2010) and Kapetanios and Marcellino (2010), who employ principle components

obtained from a large data set as potentially relevant instruments. Based on

the idea of Stock and Watson (2002) that the information of large datasets can be

summarized by a few factors, those factors should reflect most of the private agents’

information set. Additionally, Stock and Watson (1999) show that those factors

are useful in forecasting inflation, which suggests that factors may be relevant

instruments (since they are correlated with future inflation).

More precisely, let us assume that there are N potential instrumental variables

xt available and that these are generated by the factor model:

xt = Λ
′
gt + νt, (11)

where it is assumed that the number of static factors r is much smaller than N .6

Consequently, the factors gt are natural instrument choices. In addition to the

6As a decision rule, we consider all factors that explain at least 10% of the overall variance.
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factors, we also allow key macroeconomic indicators and lags of the endogenous

variables as part of the instrument set. As potential additional indicators, we

consider variables used in other studies (see Gaĺı and Gertler, 1999; Ravenna and

Walsh, 2006).

The second step is to apply a general-to-specific modeling strategy to eliminate

redundant instruments (those which correlate only marginally with the variables

they instrument). This is carried out separately for each instrumented variable.7

Those variables that remain in one of the equations enter into the final instru-

ment set.8 If only the most relevant instrumental variables are considered in

the estimation process, it promotes identification robust methods on account of

power gains. The exclusion of redundant instruments can thus help to avoid the

well-documented power loss of the AR statistic when the number of instruments

increases (Andrews and Stock, 2005).

Identification robust inference

Conducting inference of the parameters of interest relying on standard Wald-type

tests and t-statistics is usually done in the standard GMM framework, which is

problematic when identification difficulties occur. Typically, the GMM estimate

is treated as if

ϑ̂ ≈ N(ϑ0, V̂ /T )

7The general-to-specific approach always deletes the least significant variable from the equa-
tion until all remaining p values are below a pre-specified threshold (which we set at 0.1).

8We also consider a system-based approach whereby all equations are considered jointly and a
blockwise elimination is performed (until a certain information criterion is minimized). However,
this approach results in very few instruments (sometimes with fewer instruments as instrumented
variables), whereas the equation strategy leaves us with slightly more instrumental variables (7
indicators) which are more convenient to work with.
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where

V̂ =
(
D̂ Ŝ−1T D̂

′
)−1

and D̂ = 1/T
T∑
t=1

∂ft(ϑ)

∂ϑ′
|ϑ=ϑ̂ (12)

and ST is the long-run covariance matrix (see Hamilton, 1994, Chapter 14). From

that, standard (1 − α)100 confidence intervals for the individual parameter i can

be computed as

ϑ̂i ± zα/2
√
V̂ii/T ,

where V̂ii is the i− ith element of the matrix V̂ given in eq. (12) and zα/2 is the

100(1-α/2) percentile of the standard normal distribution. One strategy increas-

ingly applied in IV and GMM estimation is to pre-check whether the instruments

are strong enough (see e.g., Hahn and Hausman, 2002; Stock and Yogo, 2005). If

this is the case, standard methods of inference are applied as outlined above.

In contrast, this study adopts a different perspective and applies identification

robust methods of inference. We concur with the arguments by Dufour (2003),

Andrews and Stock (2005) and Kleibergen (2007), who have shown that using

conventional inference methods after pretesting for identification is both unreliable

and unnecessary. The unreliability resides in the fact that the size of such a two-

step procedure cannot be controlled. The sequential procedure is unnecessary

because identification robust methods are as powerful as the standard methods

when instruments are strong and more powerful than the two-step procedures

when instruments are weak (see Kleibergen and Mavroeidis, 2009b). Moreover,

identification robust methods can be helpful only when certain parameters are

unidentified or close to unidentified, while other parameters are well identified.
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As shown by Mavroeidis (2005), identification of the NKPC for economic plau-

sible parameter values is challenging, and weak instrument problems are very likely

to occur. This view is supported empirically by numerous studies (Ma, 2002; Du-

four et al., 2006; Mavroeidis, 2007; Martins and Gabriel, 2009; Kleibergen and

Mavroeidis, 2009b; Nason and Smith, 2008) comparing weak instrument robust

tests with standard Wald-type tests obtained with GMM. We essentially adopt

their idea, and do not assume a priori that the parameters are identified. We used

S-sets, as proposed by Stock and Wright (2000) and applied to the NKPC by Ma

(2002) and Mavroeidis (2007), which can be constructed from the CUE objective

function (see eq. 10). This method has similar important characteristics, described

by Dufour (1997) as identification robust. This requires unbounded confidence

intervals (thus uninformative) whenever parameters are unidentified. In the situa-

tion where parameters are weakly identified, this should translate into fairly large

confidence sets. As shown by Dufour (1997), this is not the case with standard

Wald-type methods, which hold only when identification is fully guaranteed and

when there are no weak instrument problems. Other than this, these methods

are unreliable and standard normal approximations provide a very unsatisfactory

guide for inference.

The S-sets used for constructing confidence sets are very close to the well-known

overidentification test of Anderson and Rubin (1949). Several authors (including

e.g., Dufour, 1997; Stock et al., 2002; Dufour, 2003; Andrews and Stock, 2005;

Dufour and Taamouti, 2005; Dufour and Taamouti, 2007) provide evidence that

this statistic is fully robust to weak instrument problems. When it comes to linear

simultaneous equation models, Stock and Wright (2000) have shown that S-sets are

asymptotically equivalent to confidence sets obtained by inverting the Anderson-
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Rubin (AR) statistic. So S-sets can be seen as an extension for the AR test in

linear models to GMM as a more general model class. To obtain S-sets, that

is, a joint confidence set for the parameter vector ϑ, we use Stock and Wright’s

(2000) result that S(ϑ0)
D→ χ2

k, where S(ϑ0) is the CUE objective function eq. (10)

evaluated at the true parameter values ϑ0 and k is the number of instruments.

The joint confidence interval consists of those parameter values for which the test

statistic does not reject. Thus an asymptotically valid 100(1 − α)% confidence

interval for the parameter vector ϑ is given by

{θ : T × S(ϑ) < ck(α)} , (13)

where ck(α) denotes the 100(1− α)% percentile of the χ2
k.

9

This procedure can be applied to both the reduced form parameters γf , γb, λ

and φi and the structural parameters β, θ, ξ and φi (given the calibrated values for

α and ε). The resulting S-set is four-dimensional for the full model specification.10

Confidence intervals for the individual parameters are obtained by using the

projection method. The idea is that projection-based tests do not reject the indi-

vidual hypotheses H0 : β = β0 when the joint hypothesis H∗ : β = β0, α = α0 do

9The construction of joint confidence intervals involves searching for values within an eco-
nomically plausible range and collecting those values which the test does not reject. This is done
by means of a grid search procedure.

10Additional methods are now available for dealing with weak instrument problems within the
GMM setting (see Kleibergen and Mavroeidis, 2009b, for a comparison of different IV robust
methods with application to the Phillips curve). Kleibergen and Mavroeidis (2009b) consider
not only S-sets, but also a score Lagrange Multiplier (KLM) test, the difference between S-sets
and the KLM statistics (JKLM) and an extension of the conditional likelihood ration test of
Moreira (2003) to GMM (MQLR). Their simulation results indicate that the MQLR is at least
as powerful as any of the other tests. However, while MQLR dominates the S statistics under
some conditions in terms of power, it also imposes additional restrictions on the reduced form
models and may consequently be more fragile. This could translate into problems when relevant
instruments are missing (this point was raised by Dufour, 2009).
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not reject for some values of α. This test method is proposed by Dufour (1997),

Dufour and Jasiak (2001), Dufour and Taamouti (2005) and Dufour and Taamouti

(2007). This procedure is fully robust to weak instruments but its drawback is that

projection-based tests are conservative.11

A further characteristic of identification robust confidence intervals based on

the CUE objective function is that they may be empty. This is the case when

the test rejects for all possible parameter values. Thus, S-sets already include a

test of overidentified restrictions comparable to a J test as proposed by Hansen.

If no parameter vector is compatible with the specified model, the corresponding

confidence sets will be empty. We interpret these results as a rejection of the

empirical model.

An MCMC approach for calculating parameter uncertainty

We also present an alternative to the projection method to approximate the esti-

mation uncertainty of the individual parameters. We therefore make use of sim-

ulation techniques as originally proposed in the Bayesian literature. This enables

us to systematically characterize the shape of the GMM objective function in sit-

uations where non-linearities and dimensionality complicate traditional methods

of inference (and where the projection technique is less powerful). We concur with

Chernozhukov and Hong (2003) by constructing

11Another available approach can be applied to parameter subsets (see Stock and Wright, 2000;
Kleibergen and Mavroeidis, 2009a). In this case, some parameters are assumed to be identified.
As long as the assumptions are satisfied, these tests are asymptotically non-conservative and more
powerful than projection-based tests. However, when estimating the structural parameters, the
parameter space is bounded. This implies that the restricted estimates may fall on the boundary,
which violates the conditions for subset tests (Kleibergen and Mavroeidis, 2009b).
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ϕT (ϑ) ∝ exp

[
−1

2
S(ϑ)

]
,

with S(ϑ) the CUE objective function. The right-hand side function is scaled so

that

∫
ϕT (ϑ)db = 1.

Now we make use of MCMC (Markov chain Monte Carlo) methods to sum-

marize ϕT (ϑ) and hence S(ϑ). Typically, MCMC methods are used in Bayesian

analysis in conjunction with likelihood functions. In this application we use the

CUE criterion function instead, and run random parameter searches to evaluate its

properties (see Hansen, Heaton, Lee and Roussanov, 2007, for a similar application

based on CUE on the intertemporal elasticity of substitution).12

Although we do not give a Bayesian interpretation, we may infer “marginals”

for individual components of the parameter vector by averaging out the remain-

ing components. The integration method contrasts with the standard practice of

concentration inferior to standard methods of inference, where minimization and

computing derivatives at minimized values are required. In applying the simula-

tion technique based on the S-sets we hope to gain more insight into the individual

parameter uncertainty (since we get the whole distribution) than if we were to rely

only on the projection-based confidence intervals.

12See Appendix A.2 for detailed information.
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3.3 Selecting among candidate models

So far, we have concentrated on methods of inference for one particular model.

However, in comparing different models in relation to one economic phenomenon,

it is necessary to choose from among different candidate models. When one model

is nested within another, it is possible to test for these parameter restrictions

given the methods described above. This is, e.g. the case for deciding whether the

Phillips curve model (eq. 9) is purely forward-looking. This translates into a test

of H0 : ξ = 0.

However, if this is not the case, i.e. meaning that one model is not a special

case of the other, the models are non-nested and additional methods have to be

employed. Non-nested tests for GMM have been proposed by Singleton (1985)

Ghysels and Hall (1990) and Smith (1992). Since none of these approaches is

really satisfactory (Hall, 2005), we apply the relatively simple model selection

criteria proposed by Andrews and Lu (2001). These information criteria can be

seen as GMM counterparts of the likelihood information criteria (BIC, AIC,...)

and are based on the J-test statistic for testing over-identifying restrictions (see

Hansen, 1982).

Defining the moment and model selection criteria (MMSC) as

MMSCT = Jn(b)− h(k − |b|)κT , (14)

where JT (b) is the test statistic of the over-identification test, given parameters b.

Let |b| denote the number of parameters to be estimated given b and k the number

of moment conditions. Comparable to likelihood based criteria h(k − |b|)κT is a

“bonus term” that penalizes the increasing number of estimated parameters and
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rewards the utilization of more over-identifying restrictions.

Standard examples of MMSC are the BIC and AIC criteria for model selection.

Those are defined as

MMSC-BIC: κT = lnT and MMSCBIC,T = Jn(b)− (k − |b|) lnT,

MMSC-AIC: κT = 2 and MMSCAIC,T = Jn(b)− 2(k − |b|).

Typically, the MMSC measures describe a trade-off between the magnitude of

the J statistic and the number of parameters (and moment conditions) employed.

The model with the lowest MMSC value is to be preferred. As shown by Andrews

and Lu (2001), the selection procedures can help to specify a model, where the

MMSC-BIC in particular is found to work quite well for this purpose.

3.4 Data

We use quarterly time series data with a sample period ranging from 1960q1-

2005q4 to estimate eq. (9) for the U.S. economy. The data are taken from the

OECD Quarterly National Accounts database, IMFs International Financial Statis-

tics (IFS) and the indicator database provided on Mark Watson’s homepage. In-

flation is defined as the quarterly log difference of the GDP deflator. Real marginal

cost is proxied by the labor share of output, which is defined as the ratio of total

compensation to nominal GDP. As a measure for the short-run nominal interest

rate, two definitions are considered: 3-month Treasury bill rates and bank lending
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rates.13 Both explanatory variables – labor share and interest rates – are defined

as percentage deviations of a steady state value, while inflation rate is expressed

as percentage point deviations.

The potential instrument set is composed of lags of inflation, the labor share

and short-term interest rates (up to four lags are considered). Additional instru-

ments consist of a yield spread, (rl−rm)t, defined as the 10-year government bond

yield minus the 3-month Treasury bill rate, wage inflation ∆wt and a quasi-real

time detrended output gap ỹt (which is computed recursively and contains infor-

mation only up to period t). These additional instruments contain up to two lags

in the instrument selection step. The factors are extracted using the Stock and

Watson database covering 108 macroeconomic variables over the full sample pe-

riod. We take the four principle components (g1, ..., g4), which provide the largest

explanatory power (at least 10% of the overall variance) as candidate instruments.

The step-wise selection approach applied for each instrumented variable results in

17 selected instrument variables (from a candidate set of 24 candidates) plus a

constant. This instrument set includes

zoptt−1 = [c π̂t−1 π̂t−2 π̂t−3 π̂t−4 ŝt−1 R̂
i
t−1 R̂

i
t−2 R̂

i
t−3 R̂

i
t−4

(rl − rm)t−1 ỹt−2 g
1
t−1 g

1
t−2 g

2
t−1 g

2
t−2 g

3
t−1 g

3
t−2]

′.

(15)

As a robustness check we also consider an instrument set similar to Ravenna

and Walsh’s (2006) set, including

13Bank lending rates for the U.S. are taken from the IMFs International Financial Statistics
(IFS).
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zrwt−1 = [c π̂t−1 π̂t−2 π̂t−3 π̂t−4 ŝt−1 ŝt−2 R̂
i
t−1 R̂

i
t−2 R̂

i
t−3 R̂

i
t−4

∆wt−1 ∆wt−2 ỹt−1 ỹt−2 (rl − rm)t−1 (rl − rm)t−2]
′.

(16)

The main differences between these two sets is the use of factors in the instrument

set zrwt−1 from eq. (15). The size is similar.

4 Estimation results

In the following, we present the baseline results for the econometric model as

outlined in section 3. We therefore start by considering the most general speci-

fication (denoted as IFull), including the cost channel measured by the Treasury

bill rate (in line with Chowdhury et al., 2006; Ravenna and Walsh, 2006). We as-

sume partial indexation (measured by ξ) as well as the existence of real rigidities

(reflected in the calibrated term 1−α
1+α(ε−1)). Results are displayed only for the struc-

tural form, where structural parameters are estimated directly from the non-linear

equation. The advantage of this is that economically relevant quantities become

directly apparent. In particular, the degree of nominal rigidities, reflected in θ

and the corresponding average frequency of price reoptimization (or adjustment),

can be easily deduced. However, the reduced form coefficients can be easily com-

puted once the structural parameters have been determined. So one can compare

the results directly to Chowdhury et al.’s (2006) findings. They used the same

explanatory variables but estimated the linear form.14

14Owing to the application of the CUE (instead of the 2GMM) the point estimates of the
directly estimated reduced form coefficients would be exactly the same as those recalculated
from the structural parameters.
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Table 1 provides the CUE point estimates together with identification robust

90% confidence intervals (S-Sets) calculated by using the projection method. For

comparison, we also display standard Wald-type confidence intervals with the same

level of significance. Further, the average frequency of price reoptimization is cal-

culated from the Calvo parameter θ together with its confidence interval. In addi-

tion, p-values associated with the CUE point estimates are provided, which can be

interpreted in the same way as the standard test for overidentifying restrictions.15

To compare different model specifications (which may or may not be nested), we

present the GMM information criterion MMSC-BIC for each model. As outlined

above, models with lower MMSC-BIC values are to be preferred. All specifications

presented in Table 1 are based on the same degree of real rigidity; namely α = 0.27

(the firm specific capital share) and ε = 11 (which implies a steady state mark-up

of 10%). Further, the West (1997) HAC estimator with an MA(1) process is used

in estimation.

Turning to the results for the full specification IFull, we obtain a CUE parameter

vector for (β̂, θ̂, ξ̂, φ̂m) of (0.97, 0.67, 0.16, 1.39). The estimates for β, θ and

φm are very close to Ravenna and Walsh’s (2006) results, although we allow for

partial indexation (which provides a rationale for including a lagged inflation term)

and we used a different instrument set. The implied average frequency of price

adjustment is roughly three quarters, which is basically in line with the literature.

15Note that the CUE point estimates can also be interpreted as Hodges-Lehmann estimators
(which are the least-rejected values and can be interpreted as point estimates). It may be the
case that the CUE objective function evaluated at the least-rejected values (the CUE estimates)
exceeds the 100(1 − α) percentile of the χ2

k. This case results in an empty confidence set (this
happens when the associated p-value is below 0.1) and can be interpreted as a rejection of the
model rather like the Hansen test of overidentification. The main difference between the two is
that the Hansen test employs a χ2

k−s distribution, with k − s degrees of freedom (where s is the
number of estimated parameters), as opposed to k.

27



Table 1: Estimates of the structural parameters

Model specification:

π̂t = β
1+βξ π̂t+1 + ξ

1+βξ π̂t−1
(1−θβ)(1−θ)

(1+βξ)θ
1−α

1+α(ε−1)

(
ŝt + φiR̂

i
t

)
+ ut

IFull IINKPC IIIRW IVLR VRW-LR

β 0.9706 1.0110 0.9793 0.9637 0.9645
(0.92,1.03) (0.96,1.06) (0.93,1.03) (0.92,1.01) (0.92,1.01)
[0.84,1.00] [0.92,1.00] [0.84,1.00] [0.88,1.00] [0.86,1.00]

θ 0.6679 0.6212 0.6369 0.6327 0.6184
(0.47,0.87) (0.44,0.80) (0.53,0.74) (0.58,0.68) (0.56 ,0.68)
[0.45,1.00] [0.45,1.00] [0.42,1.00] [0.55,0.95] [0.55,1.00]

ξ 0.1621 0.1138 0 0.2067 0
(0.01,0.31) (-0.08,0.21) (0.05,0.36)
[0.00, 0.60] [0.00,0.70] [0.00,0.65]

φm 1.3888 – 0.8828 – –
(-1.04,3.82) (0.86,0.90)

[−∞,∞] [−∞,∞]

φl – 0 1 1

Implied Freq. 3.01 2.64 2.75 2.72 2.62
1/(1− θ) [1.82,∞] [1.82,∞] [1.82,∞] [2.13,20] [2.00,∞]

p-Value 0.4423 0.2840 0.4013 0.4534 0.3799

MMSC-BIC -58.58 -56.90 -58.22 -60.38 -63.80

Notes: Point estimates are obtained using CUE. 90% projection based confidence
intervals in squared brackets and 90% Wald confidence intervals in round brackets.
P-values report the test for the joint confidence set evaluated at the CUE point
estimates. West’s (1997) HAC estimate is used. Sample period: 1960:1-2005:4.
Factor-augmented and preselected instrument set (see eq. 15) is used.

However, when turning to the uncertainty of the estimates reflected by the S-

sets, it is obvious that the length of the confidence interval for φm is infinite.16

This extreme finding results from the fact that we cannot rule out the case of

θ = 1. Economically, this is the case of total price rigidity where prices are never

reoptimized (which also results in a Phillips curve slope of zero). Provided that

θ = 1, it also follows that (1−θβ)(1−θ)
(1+βξ)θ

1−α
1+α(ε−1) = 0, which implies that φm may take

16Note that a confidence interval of infinity reflects the fact that this parameter is unidentified
(given the model structure and the data). As emphasized by Dufour (1997), this feature of
allowing for unbounded confidence intervals whenever parameters are unidentified is exactly
what characterizes identification robust procedures.
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any value. This obviously leads to an unidentifiable parameter φm. Identification

of φm thus requires θ = 1 not to be part of the confidence set, so that H0 : θ = 1

can be rejected. Obviously this is not guaranteed in specification IFull. It also

implies that φm is unidentified in the linearized version of the model, where, if

λ = 0 cannot be rejected, φm cannot be identified. Thus, it can be also seen

that the model structure estimated by Chowdhury et al. (2006) is confronted by

the same identification difficulties as the structural model, at least for the U.S.

economy.

Typically, Wald-type confidence intervals turn out to be smaller in comparison

with identification robust sets and may not detect the identification problem of φm,

even when the Wald confidence interval for θ would include the case θ = 1. Other

studies using identification robust methods for evaluating the standard NKPC

(without considering a cost channel) likewise cannot rule out the case of total

nominal price rigidity (θ = 1) which also translates into an identification difficulty

of φm (see e.g., Ma, 2002; Kleibergen and Mavroeidis, 2009b). Despite the identi-

fication problems for φm, other parameters can still be analyzed. For the measure

of partial indexation ξ, we can conclude that it is basically unimportant and not

significantly different from zero. In contrast, the case of full indexation, which im-

plies ξ = 1 and has been assumed by Christiano et al. (2005) and Eichenbaum and

Fisher (2007) can be clearly rejected. The confidence interval for β is relatively

tight and is in an economically plausible range of something close to 1.

Although we demonstrated that problems exist for parameter φm identifica-

tion and that the model structure is more or less useless as far as revealing any

conclusion about the existence of a cost channel goes, we proceed with alternative

specifications in order to assess the importance of the cost channel effect. We
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therefore take a standard Phillips curve specification with the restriction φi = 0

as a benchmark to see whether different restrictions (with or without the cost

channel) are to be preferred relative to a standard NKPC. The results for the

standard Phillips curve are given by specification IINKPC and the findings are in

line with those of Kleibergen and Mavroeidis (2009b). Similar to specification

IFull, we get a rather large confidence interval for ξ, where we cannot reject the

case of ξ = 0. This means that either indexation seems to play a minor role

in inflation dynamics or that the lagged inflation term is relatively unimportant.

However, owing to the large confidence intervals there is substantial uncertainty.

We can again reject the null of full indexation. This is in contrast to Kleibergen

and Mavroeidis’s (2009b) findings, which point to an uninformative confidence in-

terval for the backward-looking component which consists of the entire parameter

space. The difference may be attributed to the slightly different model specifica-

tion (we assume partial indexation, whereas Kleibergen and Mavroeidis assumes

rule-of-thumb firms). Even more important may be the use of factors as instru-

ments, which seems to make identification easier. This is in line with Wright’s

(2009) argument that the choice of instruments should be conducted according to

principles of forecasting. He illustrated this by using better predictors for inflation

and the labor share (namely inflation expectations from surveys) as instruments

and obtaining smaller confidence sets, as do Kleibergen and Mavroeidis (2009b).

Since factors have been successfully used to forecast output and inflation, the same

principle may apply here. However, for the Calvo parameter θ, we cannot reject

total nominal price rigidities because the confidence interval for θ includes 1 and

the confidence interval for the average frequency of price adjustment is unbounded

from above.
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Figure 1: MCMC with continuously-updated GMM criterion function: with φl = 0

Notes: The histograms contain 1 million valid draws of the MCMC algorithm as described in
appendix A.2. The parameters β, θ and ξ are restricted to the interval [0, 1] and to be inside

the joint S-set.

Turning to specification IIIRW , this is essentially the estimated model of Ravenna

and Walsh (2006), which omits the lagged inflation term and assumes static in-

dexation (ξ = 0). Given this model, the same identification difficulties for φm

arise as in specification IFull. The restriction of ξ = 0 does not help in identifying

parameter φm, and standard test procedure would lead to an entirely incorrect

conclusion, namely a significant cost channel parameter φm, associated with low

estimation uncertainty. The results for the remaining coefficients are similar to

IFull and IINKPC . However, it is remarkable that the MMSC-BIC criterion fa-
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vors IIINKPC over IINKPC , providing additional evidence that partial indexation

is unimportant in our setting.

If we employ a more direct measure of short-term liabilities, namely the lending

rate (as proposed by Tillmann, 2008) instead of the Treasury bill rate, we can make

use of the restriction that φl = 1. This implies that changes in the lending rate

fully translate into firms’ marginal costs. This follows naturally from the eqs. (3, 7

and 8). Specifications IVLR and VLR−RW make use of this fact. Although the point

estimates remain roughly the same in comparison with previous specifications, it

turns out that the latter are to be preferred, according to the model selection

criterion. Thus a model including the cost channel is clearly preferable. Moreover,

we can now reject the case of full price rigidity θ = 1, which can be also interpreted

in favor of the model including the cost channel. This further implies that the

confidence interval for the average frequency of price optimization is now bounded

from above. In addition, it supports the omission of the lagged inflation term

given, that the hypothesis ξ = 0 cannot be rejected. This is remarkable, because

many studies have criticized pure forward-looking Phillips curve specifications on

account of their inability to provide enough inflation persistence.

To strengthen our results, we make use of the MCMC approach (see section

3.2 and appendix A.2) to get a more complete picture of parameter uncertainty,

given different Phillips curve specifications, and to find out whether or not those

provide evidence in favor of a cost channel effect. As a first attempt, we simulate

the parameter uncertainty associated with specification IINKPC and IVLR, which

implies different calibrations for the parameter φl.17 The simulation reveals differ-

17In principle, one can also simulate the full model specification IFull. However, owing to the
severe identification difficulties of parameter φm, this is extremely cumbersome. Additionally,
the results depend heavily on the tolerated parameter space for φm. However, when simulating
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Figure 2: MCMC with continuously-updated GMM criterion function: with φl = 1

Notes: The histograms contain 1 million valid draws of the MCMC algorithm as described in
appendix A.2. The parameters β, θ and ξ are restricted to the interval [0, 1] and to be inside

the joint S-set.

ent shapes for the structural parameters β, θ and ξ and the consequences for the

Phillips curve slope λ (see Figure 1 and 2). Overall, the parameter uncertainty

seems to be smaller in the case of φl = 1. Particularly, the distribution of θ is

much more centered, involving less uncertainty, and it is less skewed in case of

φl = 1. Even more important is the fact that there is no probability mass close

to θ = 1, which implies that the extreme case of perfect nominal price rigidity

is quite unlikely. Instead, most of the probability mass lies between 0.55 and

from the full model an ill-behaved distribution is obtained for parameter φm characterized by
multimodality and a large overall dispersion.
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0.85. Further, the simulated density for ξ looks more standard with the restriction

φl = 1. In both cases, full indexation (ξ = 1) can be rejected. For the standard

NKPC (φl = 0), the density is strongly skewed, still with a substantial probability

mass for ξ > 0.5. Only by considering the cost channel φl = 1 can the uncertainty

about the slope of the Phillips curves be characterized by a symmetric distribution

located with high confidence in the positive parameter space. In contrast, with

φl = 0, the dispersion for λ is larger and the distribution is pulled towards zero,

which results from the greater uncertainty of θ in the case of the NKPC. Generally,

we interpret all these findings as evidence in favor of a cost channel.

Robustness

Having set up the baseline model estimates for evaluating the cost channel along

the lines of a Phillips curve model, we now check the robustness of the results

for specific modifications of the standard model. We tackle the issues of further

parameter restrictions, an alternative HAC estimator, using different instrument

sets (one of them similar to the set of Ravenna and Walsh and another which

excludes the information in period t − 1), a pure forward-looking Phillips curve

specification excluding the cost channel (see Table 2), and sensitivity with respect

to the different calibrations that determine the degree of real rigidity.

First, we naturally employ the restriction β = 0.99 and check whether this

can help in identifying the remaining parameters (see Table 2 specification VI and

VII). While the additional restriction does not provide much towards estimating

φm, which is still unidentified (see VI), it does give some assistance in identifying

θ in specification VII. Together with the restriction on the discount rate, we can
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Table 2: Sensitivity Analysis

Model specification:

π̂t = β
1+βξ π̂t+1 + ξ

1+βξ π̂t−1
(1−θβ)(1−θ)

(1+βξ)θ
1−α

1+α(ε−1)

(
ŝt + φiR̂

i
t

)
+ ut

VI VII VIII IX X XI

β 0.99 0.99 0.9594 0.9485 0.7539 1.0063
(0.90,1.02) (0.91,0.99) (0.52,0.98) (0.95,1.06)
[0.82,1.00] [0.78,1.00] [0.00,1.00] [0.92,1.00]

θ 0.6533 0.6490 0.6445 0.6605 0.5930 0.6115
(0.59,0.71) (0.60, 0.69) (0.56,0.73) (0.62,0.70) (0.47,0.72) (0.43,0.79)
[0.50,1.00] [0.60,0.85] [0.50,1.00] [0.60,0.90] [0.25,1.00] [0.45,1.00]

ξ 0 0.1989 0.2659 0.3712 0.5361 0
(0.14,0.25) (0.10,0.43) (0.23,0.51) (0.32,0.74)
[0.00,0.65] [0.00,0.65] [0.00,0.90] [0.15,0.95]

φm 0.8406 – – – – –
(0.71,0.96)
[−∞,∞]

φl – 1 1 1 1 0

Implied Freq. 2.88 2.85 2.81 2.95 2.46 2.57
1/(1− θ) [2.00,∞] [2.50,6.67] [2,∞] [2.5,10] [1.33,∞] [1.75,∞]

Instr. opt opt opt rw lag opt

HAC West West NW West NW West

p-Value 0.3280 0.4584 0.5451 0.6882 0.8177 0.2564

Wright-Test ∞† 5.02† 1.25 2.19† 1.25 1.90†

MMSC-BIC -62.91 -65.04 -61.13 -58.92 -17.09 -61.53

Notes: Point estimates are obtained using CUE. 90% projection based confidence intervals in
squared brackets and 90% Wald confidence intervals in round brackets. P-values report the test
for the joint confidence set evaluated at the CUE point estimates. West refers to West’s (1997)
HAC estimate and NW denote a Newey and West (1987) HAC estimator using 6 lags. Sample
period: 1960:1-2005:4. Different instrument sets are used: opt (Factor-augmented and preselected
instrument set) rw (the instrument set of Ravenna and Walsh) and lag (using only preselected
variables and factors dated t − 2 or ealier). The statistic of Wright is provided where † denotes
significance at the 5% level.

reduce the uncertainty surrounding θ and the implied average frequency of price

adjustment. The point estimates and the uncertainty associated with parameter

ξ are in line with the unrestricted ones (see IIIRW Table 2).

Second, we replace West’s (1997) MA HAC estimator with the standard Newey-

West estimator with a fixed bandwidth (q = 6) of the Bartlett kernel (specification
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VIII). This hardly affects any of the previous conclusions. Switching between the

two therefore does not affect the result. This may be also be interpreted as evidence

that the residuals do not exhibit any substantial additional form of autocorrelation

that would drive a wedge between the two estimators.

Third, we vary the instrument set. Ravenna and Walsh’s (2006) instrument

set B (labeled as zrwt−1) is used as a comparison. This task results in a slightly

smaller confidence interval for θ (larger values above 0.9 can now be rejected).

However, at the same time, the confidence interval for ξ becomes much larger and

contains nearly all the possible values – except for cases close to full indexation.18

In addition, we try to take into account the possibility that the error term of the

Phillips curve contains a cost-push shock that might be autocorrelated. Kuester,

Müller and Stölting (2009) show that in this case the validity of moment conditions

is violated. Namely, the error term is correlated with the instruments, and θ will

be biased upwards. To check whether this could be the case in our setup, we use

an instrument set containing only variables dated t − 2 or earlier (so we exclude

all instruments dated in t − 1). If an autocorrelated cost-push shock is present,

this will mitigate the bias effect (since correlation between the error term and the

instruments should be smaller). When we observe a large deviation of the point

estimates conditioned on the instrument set, we can interpret this as evidence in

favor of an autocorrelated cost-push shock. (This would imply that all previous

results are biased on account of this). From specification X, it follows that omitting

the first lag in the instrument set does not change any of the results.

Fourth, when we choose a pure forward-looking Phillips curve specification

18Figure 5 in the appendix show bivariate plots for θ and ξ (given β = 0.99 and φl = 1),
depending on the two instrument sets.
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Figure 3: Sensitivity of θ with respect to different calibrations of real rigidity

Notes: Different combinations of the calibrated values α and µ = ε
ε−1 are used for estimating θ,

given the values ξ = 0 and β = 0.99.

without a cost channel given by XI (and the restriction ξ = 0 and φl = 0) then

the MMSC-BIC gives a higher value than specification VRW−LR. Once again, this

can be interpreted as evidence in favor of the cost channel. For all the additional

results, we provide a test of adequacy of conventional asymptotics recently pro-

posed by Wright (2010). The idea is thus simply to compare the volume of the

robust confidence interval (S-set) with those of Wald confidence intervals obtained

from the 2GMM estimator (see appendix A.3 for details). If this test is signifi-

cant, standard asymptotics will be inappropriate (critical values are provided by

the author). The results for the different specifications are displayed in Table 2.
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It transpires that the test rejects in four out of six cases.19 This points to the

necessity for using identification robust methods.

Another important issue is the calibration of the degree of real rigidities in the

U.S. economy. Since real rigidities in this model are empirically indistinguishable

from nominal rigidities, we experimented with different calibrations to robustify

our findings. From the production function and the assumption that the firms’

specific capital stock is fixed in the short run, it follows that the degree of real

rigidities depends on the capital share α and the constant demand elasticity ε.

We investigate different calibrations and their effect on the estimated degree of

nominal price rigidity (parameter θ). Since the steady-state markup rate is equal

to µ = ε
ε−1 , we consider economically plausible mark-up rates of between 1 and 40

percent. Although there is generally more consensus on the capital share (around

1/3), we compute calibrations of α between 0.1 and 0.6.20 Figure 3 plots the

estimated Calvo parameter θ, depending on different calibrations. It turns out

that only with a high capital share and a high elasticity of demand (ε → ∞),

which is equivalent to a very low mark-up, the estimated θ will be considerably

smaller in comparison with the baseline estimates. On the other hand, with a

smaller α and a larger mark-up, θ will be pulled upwards, but rarely above 0.8.

Generally, we find that it needs large (and economically implausible) deviation

from the baseline calibrations, particularly for the capital share, to affect the

estimated Calvo-parameter to any great extent.

19Note that in this setting we have bounded the confidence set for the S-sets for the struc-
tural parameters in an economically plausible range between 0 and 1, while we leave the Wald
confidence set unbounded. This may result in an underrejection of the test.

20e.g., Coenen, Levin and Christoffel (2007) note that α may be higher than normally expected
to match the estimated degree of real rigidities.
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Table 3: Error Measures

IV XI RW AR(1)

RMSE 0.9596 0.9729 1.2104 1.1714
MAE 0.7576 0.7655 0.9207 0.8827

Fit

For the sake of completeness, we also evaluate the fit of the Phillips curve speci-

fications to see how the models track the data on actual inflation. We therefore

concentrate on forward-looking specifications and compare the models employing

different marginal cost definitions – the standard version with the labor share and

the cost channel version (labor share plus lending rate).

Operationally, for comparing the model prediction with the actual inflation

rate, we need a measure for the expected inflation rate. As in the 2SLS approach,

we run a first-stage regression where realized future inflation rates are regressed

on the instruments:

π̂t+1 = z
′

t−1γ + νt+1,

where the vector of coefficients γ is simply estimated by OLS. The predicted in-

flation rates are given by

π̂pt+1 = z
′

t−1γ̂

and π̂pt+1 is the direct measure for inflation expectations which can be plugged

in for Etπ̂t+1 in the structural model, given the estimated coefficients β and θ

obtained from the GMM estimate.
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It is now possible to compare the specifications employing different measures of

marginal cost (ŝ vs. ŝ+R̂l). Figure 4 shows the actual inflation rates against those

predicted, assuming the existence of a cost channel (point estimates from specifi-

cation V are used). Since graphically the two Phillips curve versions are difficult

to distinguish from each other, we compute in-sample measures of fit, namely the

root mean squared error (RMSE) and the mean absolute error (MAE) for both

versions. In addition, we calculate the error terms for two simple benchmark mod-

els: a random walk (RW) model π̂t = π̂t−1+vt and an AR(1) model π̂t = δπ̂t−1+ηt.

As expected from the results based on MMSC-BIC, the model including the cost

channel dominates the pure labor share-based Phillips curve version as well as the

simple univariate time series models.

Conclusion

We find that the frequently applied test for the existence of the cost channel,

i.e. φm = 0, is inappropriate, because this parameter is basically unidentifiable,

given the standard model structure. For this reason, there is not a great deal

to be learned by relying on this practice, since robust confidence intervals should

be uninformative in this case. This follows automatically with the application of

identification robust econometric methods. This paper therefore compares different

model specifications (which are non-nested) and assesses whether the marginal cost

variable composed of the labor share and the bank lending rate (the model with

cost channel) is more compatible with the data in comparison with the standard

labor share version of the Phillips curve.

We use various techniques to gain a broader perspective on the empirical model.
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First, we use factors as additional instruments to efficiently characterize the agent’s

information set, as implied by rational expectations in a parsimonious way. Then

we apply identification robust techniques to evaluate the structural parameters of

the model. Therefore, Stock and Wright’s (2000) S-sets are used in combination

with the projection method to get individual confidence sets that guarantee a high

degree of robustness. We also apply an MCMC to characterize the uncertainty

of the estimated parameters more efficiently. In addition, we use an information

criterion (MMSC-BIC), which allows us to compare different model specifications

(nested or non-nested) and which can be used to assess the relative model quality.

Our results reveal that a cost channel-based Phillips curve version is empiri-

cally more compatible with the data and with the theoretical arguments than the

standard Phillips curve version. Moreover, in nearly all specifications, we cannot

reject the fact that the degree of indexation (given by ξ = 0) is zero. This implies

that the backward-looking element of inflation seems rather unimportant. Gener-

ally, a pure forward looking cost channel version of the Phillips curve characterizes

inflation dynamics well. The direct effect of bank lending rates on firms’ marginal

costs may also account for the observed persistence of inflation rates beyond what

can be explained by the standard NKPC.

Thus, it can be concluded that a pure forward-looking interest rate augmented

Phillips is most compatible with the data. This suggests that considering the cost

channel is an important aspect for monetary policy.
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A Appendix

A.1 Determining the appropriate HAC estimator

Determining the estimated long-run covariance matrix ŜT is also crucial for in-
ference, particularly when heteroskedasticity and/or autocorrelation are present.
The class of HAC estimators has therefore been proposed. These estimators may
be classified into two broad categories: non-parametric kernel-based procedures
and parametric procedures.

The most frequently applied method is Newey and West (1987), a kernel-based
procedure. In this case, ŜT would be

ŜNWT = Γ̂0,T +

q∑
v=1

(1− [v/(q + 1)])
(

Γ̂v,T + Γ̂
′

v,T

)
where

Γ̂
′

v,T = (1/T )
T∑

t=v+1

[
ft(ϑ̂)

] [
ft(ϑ̂)

]′
.

With ft(ϑ̂) denoting the k orthogonality conditions for this model which depend
on the parameters and the data. Note that ϑ̂ and ŜT are estimated jointly owing
to the application of the CUE.

A critical aspect of this approach is the determination of the optimal bandwidth
q. Andrews (1991) and Newey and West (1994) have therefore proposed selection
rules for determining the optimal bandwidth. In addition Andrews and Monahan
(1992) and Newey and West (1994) promoted the construction of pre-whitened
and re-colored HAC estimators to provide a better finite sample performance.
However, neither of these more advanced procedures works without problems in
our application, and endogenous selection leads to an implausibly high value of q
for each of the selected methods (regardless of whether pre-whitening is employed).

As an additional method of HAC estimation parametric approaches exists (see
Den Haan and Levin, 1997, for an overview). Given the model structure employed
here with our instrument set, we can assume that the residuals are generated by a
specific parametric model. Since we use only instruments dated t−1 or earlier, we
can use the procedure of West (1997), using the MA(1) structure. More specifically,
we can define

ût = ht(ϑ̂),

where ût is given by the model structure (see eq. 9). Then let θ̂1 be a consistent
estimator of θ1 based on ût = ε̂t + θ̂1ε̂t−1. We determine ε̂’s and θ̂1 by applying a
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weighted nonlinear least squares procedure (see e.g., Brockwell and Davis, 1990,
chapter 8.7). Then we define the vector d̂t+1 as

d̂t+1 =
(
zt−1 + ztθ̂1

)
ε̂t

and can estimate ST as

ŜMA
T = (T − 1)−1

T−1∑
t=1

d̂t+1d̂
′

t+1.

ŜMA
T is positive semidefinite per construction.

West (1997) shows that this method works well in situations where cross-
products of instruments and disturbances are sharply negatively correlated. This
is also the situation where “truncated” (non-parametric) estimators are likely to
fail. This seems to be the case for us, because θ is estimated to be around −0.6.
We also calculated the residuals of the estimated model and ran some diagnostic
tests for autocorrelation, so we can confirm the MA(1) process. The implication
is that we cannot confirm the existence of a cost push shock as stressed by many
DSGE models estimated under full information, which are assumed to be positively
correlated (mostly following an AR(1) process). To allow for more flexible spec-
ifications of the error term, we also consider Newey and West’s (1987) standard
procedure, whereby the bandwidth is set up by rule of thumb q = int

{
T 1/3

}
.

A.2 MCMC

The MCMC simulations follow a version of the standard Metropolis-Hastings algo-
rithm (see Chernozhukov and Hong, 2003; Hansen et al., 2007). Let the parameter
combination corresponding to the ith draw be b(i) =

[
β(i), θ(i), ξ(i)

]
, given the cal-

ibrated parameters α, ε and φ. Then

1. Take b(0) as the CUE point estimator b(0) = b(CUE).

2. Draw ς from the conditional distribution q(ς|b(i)).

3. With probability inf
(

exp(−S(b(i+1)))q(b(i)|ς)
exp(−S(b(i)))q(ς|b(i)) , 1

)
update b(i+1) = ς; otherwise keep

b(i+1) = b(i).

We take a Gaussian transition density, which results in a Markov chain, which is
a random walk. We also constrain the parameter space to match the economically
plausible range between 0 and 1 (which guarantees a compact set). Further, we
allow only parameter combinations to include that pass the χ2 test; i.e. T ×S(b) <
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ck(α) (see eq. 13). Let φ be the trivariate normal density centered around zero
with cdf Φ. Then

q(x|y) =
φ(x− y)

Pr(x ∈ A)
, where x = y + z, z ∼ Φ,

where A is the event that b falls outside its boundaries or the χ2 test rejects. In
the simulation, the truncation is accomplished by discarding those values that do
not fulfill these requirements. A choice has to be made concerning the dispersion of
φ (the different variances). We take different values for each parameter in order to
obtain an acception rate of the algorithm that matches a value slightly above 25%.
The reported results are based on simulations with 1,000,000 accepted draws.

A.3 Test of adequacy of convential asymptotics in GMM

Wright (2010) proposed a test for the null hypothesis that a GMM model is suf-
ficiently well identified for conventional asymptotics to be reliable. This test can
be applied for various Phillips curve specifications in order to decide whether it is
necessary to rely on more robust procedures, which could also be associated with
a power loss.

Setting up the test statistic as proposed by Wright (2010), we define W1 as the
maximum distance between any two values of ϑ in the S-set for ϑ. If the S-set is
unbounded, W1 will be infinite. When ϑ is a vector, ϑ1 and ϑ2 are the lowest and
largest values, obtained respectively from the projection method and W1 will be
the value that maximizes these distances.

Likewise, W2 can be defined as the maximum between any two points in the
usual 2GMM Wald confidence set for ϑ, which is given by T (ϑ̂TS−ϑ̂i)

′
Ĵ(ϑ̂TS−ϑ̂i) ≤

cn(α) for i = 1, 2, where cn(α) is the 100(1−α)% percentile of the χ2 distribution.

Numerically, W2 can be computed as W2 = 2√
T

√
cn(α)

λ̂
, where λ̂ is the smallest

eigenvalue of Ĵ . The test then simply compares the two volumes of the confidence
set equal to

L =
W1

W2

.

The author provides critical values for this test statistic (see Wright, 2010, Table
1).
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A.4 Figures

Figure 4: Fit of the pure forward-looking model with the cost channel
(Actual vs. predicted Inflation)

Notes: Actual and predicted annualized demeaned inflation rates based on the GDP deflator.
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Figure 5: S-sets for the structural parameters

Notes: Joint confidence sets on the structural parameters (θ,ξ) in the NKPC model with a cost
channel given the calibrated values β = 0.99 and φl = 1. Different instrument sets used. The

shaded areas contain joint 95% (yellow) and 90% (magenta) confidence sets.
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