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Abstract

We present a unique empirical analysis of the properties of the New Keynesian Phillips Curve
using an international dataset of aggregate and disaggregate sectoral inflation. Our results
from panel time-series estimation clearly indicate that sectoral heterogeneity has important
consequences for aggregate inflation behaviour. Heterogeneity helps to explain the overesti-
mation of inflation persistence and underestimation of the role of marginal costs in empirical
investigations of the NKPC that use aggregate data. We find that combining disaggregate
information with heterogeneous-consistent estimation techniques helps to reconcile, to a large
extent, the NKPC with the data.
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1 Introduction

A cornerstone of modern macroeconomics is the assertion that changes in a firm’s prices are
driven by real marginal costs (see e.g. Gali and Gertler (1999), Woodford (2003) and Walsh
(2010)). The New Keynesian Phillips Curve (NKPC) is derived from a micro-founded model, in
which forward-looking firms in monopolistically competitive industries optimally set their prices
as a mark-up over their marginal costs. This essentially microeconomic theory has important
policy implications at the aggregate level based upon a representative agent model. In fact in a
framework with no inflation inertia, monetary policy can reduce costlessly the level of inflation
and a credible commitment can ensure output is close to its potential level. Moreover, if the

NKPC is correct, the notion of NAIRU is meaningless in driving efficient economic policies.

Despite the prominence of the New Keynesian Phillips Curve in theoretical work, there are
a number of unresolved empirical issues. Firstly, the extent to which current inflation is driven
by its future expectations and its past values. Secondly, the role of marginal costs in driving
the dynamics of prices; in this regard, some authors have recently cast doubts on the ability of
the marginal costs, measured as the labour share of income, to explain inflation dynamic (see
for instance Rudd and Whelan (2005) and Lawless and Whelan (2007)). Thirdly, the degree
of heterogeneity across sectors. Finally, there is an open debate on the appropriate estimation

method. We are of the view that these issues are intrinsically related to one another.

The NKPC has typically been estimated by Generalised Method of Moments (GMM). Here
the forward-looking component in an inflation equation is replaced by realized values and in-
struments are used. This method has come under scrutiny and criticism; its sensitivity to the
choice of instruments and its poor small sample properties are just some of the problems that
have been associated with the GMM. (see e.g. Rudd and Whelan (2005), Kurmann (2007),
Stock et al. (2002) and Dufour et al. (2006)). In addition, and germane to the current study,
GMM estimators are problematic with panels of disaggregate data. Arellano and Bond (1991)
Dynamic Panel GMM may not be felicitous for a sectoral NKPC study with heterogeneous
responses and disaggregate instruments may be more challenging to obtain, for example with

surveys of disaggregate expectations.?

The literature has proposed some alternatives to the GMM estimator. Fuhrer et al. (1995)

and Linde (2005) show that a full-information approach has some advantages over GMM. Assum-

!See Rudd and Whelan (2005) for a discussion on this point.
2However see Dees et al. (2009) for an approach which uses global factors as possible instruments.



ing a particular data generating process for marginal costs allows one to use Maximum Likelihood
(ML) for estimation (see e.g. Sbordone (2002); Kurmann (2007)). Finally, the closed-form solu-
tion approach has been proposed by Rudd and Whelan (2005, 2006, 2007), whereas inflation is
expressed as a function of its own past value and a composite forward-looking term of expected

future marginal costs.

The NKPC has been extensively estimated using aggregate macroeconomic data. Work using
aggregate NKPC include papers by Gali and Gertler (1999), Sbordone (2002), Rudd and Whelan
(2005) and Dees et al. (2009). This is subject to various assumptions, without a doubt the most
important is that all firms and sectors show the same degree of price stickiness. There has been
some evidence against this conjecture using time series methods (see Clark (2006) and Altissimo
et al. (2006)) and also theory-consistent estimated models (see Leith and Malley (2007) for US
evidence and Imbs et al. (2009), henceforth IJP, for French evidence). If there is heterogeneity in
the data and the dynamic panel model inappropriately imposes homogeneity, aggregation bias
will increase inflation persistence and also reduce the significance of the exogenous determinants
where these are highly persitent (see Pesaran and Smith (1995) and Pesaran et al. (1996)). This
may be of considerable importance in the New Keynesian empirical literature that has found
it difficult to identify a consistent role for real marginal costs and has emphasized substantial

inflation inertia.?

In contrast to the large number of studies that utilized aggregate data and time-series es-
timation techniques to assess the relationship between inflation and marginal costs, only a few
studies applied panel estimation methods on disaggregate data. We find the paucity of disag-
gregate NKPC studies rather puzzling, given that, as Lawless and Whelan (2007) explain, we
would expect the NKPC model to be more successful when applied to sectoral data. IJP employ
the Mean Group (MG) estimator in order to obtain the characteristics of the representative
French sector and compare them to those implied by the aggregated data. Their findings for
the representative sector indicate that the estimated persistence of inflation is smaller and the
real marginal cost coefficient larger, as compared to the aggregate level, thereby confirming the
empirical importance of sector-level heterogeneity and its effects on the aggregate. Jondeau and
Pelgrin (2009) develop a heterogeneity-correcting estimation technique and apply it to French
sectoral data to assess the hybrid NKPC. They find that these unbiased estimates are very close

to those obtained using the MG heterogeneous panel estimator. Lawless and Whelan (2007)

3The fact that the use of aggregate data might not be the most reliable is supported by empirical evidence
showing that firms’ and economic sectors’ behavior is not homogeneous, see e.g. Bils and Klenow (2004), Dhyne
et al. (2005), Byrne et al. (2010).



employ the MG estimator to assess the pure forward-looking NKPC model with international
sectoral data. Their results do not support the fully forward-looking specification as a model of
the inflation process since the average estimated real marginal cost coefficient is negative. Leith

and Malley (2007) also present evidence of important sectoral differences using US data.

In light of the points discussed above, we seek to contribute to the empirical literature on
NKPC in a number of directions. Our approach starts from the theoretical model of I1JP, where
the heterogeneity of pricing behavior is shown to be of great importance for the appropriate
NKPC estimation approach. We estimate the NKPC using data from the EU KLEMS database
covering 15 economic sectors and 14 OECD countries. This database provides harmonized data
on prices, output and labour compensation and, to the best of our knowledge, has not been
utilized before in this literature. We utilise both time-series and panel estimation approaches.
Our baseline time-series estimation technique is Full Information Maximum Likelihood (FIML),
rather than GMM. Furthermore, we use the Common Correlated Effect (CCE) technique of
Pesaran (2006) in order to adjust for the possibility that shocks to inflation or marginal costs may
be cross-sectionally correlated. Finally, in our panel estimations we employ not only the standard
MG estimator, which assigns equal weights to the individual units, but also the Weighted Mean
Group (WMG) estimator, which utilises observed national and sectoral weights, in order to

account for the fact not all countries and sectors are equally economically important.

Previewing our results, we find little evidence of marginal costs’s importance in the ag-
gregate country time-series estimations. Moreover, our results indicate considerable sectoral
heterogeneity. Once we account for this feature, by applying the heterogeneous panel MG and
WMG estimators on disaggregate data, we find stronger evidence for the role of marginal costs
as determinants of inflation, while the estimated inflation persistence declines. Our results indi-
cate that the use of disaggregate data leads to greater support for the NKPC model of inflation
in general and the notion of dominant forward-looking behavior in particular. In terms of our
alternative estimation techniques, we find that the empirical adjustment for cross-sectional cor-
relation leads to lower inflation persistence. Furthermore, the significance of marginal costs is
affected by the weighting scheme, with a more prominent role for them indicated when using
observed weights. Nevertheless, there are important difference across the countries. For the
US, Germany, the UK and France, the NKPC provides a good approximation of the data, with
relatively low inflation persistence and a statistically significant marginal cost effect. On the

other hand, the NKPC does not work so well in some of the smaller countries in our dataset.



The remainder of the paper is structured as follows. Section 2 describes the theoretical
background. In section 3 we present the econometric framework. Section 4 discusses the data.

Section 5 presents the empirical results. Section 6 concludes.

2 The New Keynesian Phillips Curve

In this section we summarize the IJP sectoral hybrid New Keynesian Phillips Curve which builds
upon previous work by Sbordone (2002), Woodford (2003), and Gali and Gertler (1999). First

we set out demand for firm 4 output, Yj;;, in monopolistically competitive sector j:

P\ 7"
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where Pj;¢/Pj; is the relative price of firm i’s production of good j, n > 1 is the elasticity of
substitution across varieties and Y} ; is sectoral output. The production function specifies that
output is produced by each firm using labour, H;;:

1_ .
Yije = Z]',tHij,taJ (2)

where Z;; is sector specific labour productivity and 1 —a; is the share of labour in j sector’s
value added.

In line with Gali and Gertler (1999), two types of firms co-exist. A proportion of firms
behave in a forward-looking manner, as in Calvo (1983)’s model, by setting prices with the aim
of maximizing the expected stream of real profits, while the remaining firms follow a backward-
looking rule of thumb which is based on the recent history of aggregate prices. Furthermore, the
probability that firms in sector j are not able to re-optimize their prices is fixed. The hybrid

version of the NKPC can then be derived for sector j:

Tt = )\?71’]'71571 + )\?Etﬂj7t+1 + Gij,t + Ejt ; 0< )\2 % )\f > 0, 9]' >0 (3)

This reduced form equation suggests that current period inflation, 7;4, is a function of lagged
and expected inflation, where )\IJ’- and /\;-c functions of the underlying ‘deep parameters’: the degree
of backward-lookingness in price setting, the degree of price stickiness, and the discount factor.
Also current period inflation is a function of real marginal costs, s;;, with parameter 6; . The

error term €;; is a cost-push shock, 0'52]- =F (6?1‘,)' We account for cross sectional correlation in



error terms in our subsequent empirical estimation.

3 Econometric Framework

The vast majority of previous empirical studies have utilized aggregate data and time-series
methodologies in order to estimate the hybrid NKPC. In order to deal with the forward-looking
inflation term, many studies on aggregate inflation dynamics have employed instrumental vari-
ables estimation techniques such as the generalized method of moments (GMM), see e.g. Gali
and Gertler (1999) and Gali et al. (2001). Essentially, expected future inflation is replaced by
its realized value and instruments are utilized which are assumed to be correlated with expected
inflation and orthogonal to the residuals. As Kurmann (2007) points out, these estimators make
few assumptions about expectations and implementation is relatively costless. Nevertheless, var-
ious problems have been identified in the GMM approach such as relative inefficiency, sensitivity
to the choice of instruments, poor small sample properties when instruments are weakly identi-
fied and normalization issues (see e.g. Stock et al. (2002) and Dufour et al. (2006)). Furthermore,
GMM estimators are particularly problematic with panels of disaggregate data. Specifically, in-
strumentation affects the properties of heterogeneous panel estimators and a set of instruments
which are correlated with expected sectoral inflation, but orthogonal to the residuals, is typically
not available.* Fuhrer et al. (1995) and Linde (2005) show that a full-information approach,
whereas Eq. (3) is estimated conditional upon a fully structural general equilibrium model, has
some advantages over the GMM such as more efficiency and improvement of the small sample
properties of the estimates. The drawback of this method, though, is conditionality upon correct
specification of the general equilibrium model of the economy.

A third approach that has been employed in the literature assumes a data generating process
for marginal costs and uses Maximum Likelihood (ML) for estimation (see e.g. Sbordone (2002);
Kurmann (2007)). IJP adopt this method and solve the forward-looking term out of Eq. (3) un-
der the assumption that (quarterly) marginal costs follow a second order autoregressive process,
AR(2). This approach is related to the closed-form solution approach that Rudd and Whelan
(2005, 2006, 2007) propose. Particularly, Rudd and Whelan obtain the closed-form solution of
the hybrid NKPC, which expresses inflation as a function of its own past value and a composite
forward-looking term of expected future marginal costs, and subsequently estimate it. The key
difference between the two studies is the additional assumption of backward-looking marginal

costs by the former, which allows for the derivation of an analytical expression relating inflation

“See Tmbs et al. (2007) for a detailed discussion of the instrumentation problem.



to its own past value and the current (and lagged, due to AR(2) assumption) value of the real
marginal cost. Hence, there is no need to either construct an empirical proxy for the infinite
discounted sum of the expected future marginal costs or to employ GMM-based techniques in
order to directly estimate the closed form-solution.

We employ a similar approach, in that the real marginal cost is backward-looking, with the

difference that we assume a first order autoregressive process, AR(1):
Sjt = PjSji—1 + Ujt (4)

where |p;| < 1, uj; is an identically and independently distributed shock to real marginal
costs in sector j, aij = E(u?t)

Furthermore, we assume that )\j-c + /\? = 1, which precludes the existence of a long-run level
trade-off between inflation and real marginal costs. This assumption provides the necessary
identifying restriction, given the AR(1) specification for marginal costs, and is consistent with
many previous studies of the New Keynesian framework (see e.g. Christiano et al. (2005);
Jondeau and Le Bihan (2008); Rudd and Whelan (2006)). The closed-form solution to the
hybrid NKPC under AR(1) marginal costs is given by:%

T = 0;mje—1 + &S50 + vja (5)

where 0; = )\g’-/(l - )\;’-), & =10;/(1- )\?)(1 —pj) and vjp =€ /(1 — )\2).
Our baseline empirical strategy proceeds as follows. First, we estimate the system formed
by Egs. (4) and (5) with FIML for every sector and country in our dataset. Having obtained

the estimates of ¢;,{; and p; we then recover the hybrid NKPC parameters as follows:”

X =6;/(146;) (6)
M=1/(1+6;) (7)
0; =& (1—pj) (1=} (8)

5This assumption is reasonable given the annual frequency of our dataset and is validated by our empirical
results.

5See Appendix A for more details.

"Note that the estimates of A\°, A¥ and 6 that we obtain with this (indirect) approach are numerically identical
to those obtained from estimating directly the system formed by Eq. (4) and Eq. (A4) in Appendix A.



Second, we average the individual time-series coefficients’ estimates to obtain the MG panel

estimator, U ps¢, (see Pesaran and Smith (1995)):

| N
Uy = N z; v, 9)
‘7:

where \ffj denotes the individual estimates. The standard error of the MG estimator is:

N

se <\T/Mg) = ]V(]Vl_l)j;({flj_@MG>2 (10)

The MG estimator accounts for sectoral (and national) heterogeneity. Hsiao et al. (1999)
present evidence that the mean group estimator is consistent and distributed normally asymptot-
ically for reasonable N and T. Previous evidence by IJP for France and Leith and Malley (2007)
for the US supports the notion of heterogeneous sectoral Phillips curves. In the process of cal-
culating the MG estimates the individual time-series results are averaged using four alternative
groupings: (i) we average results across all countries using aggregate data, and (ii) disaggregate
data; (iii) we calculate country-specific averages using the sectors as cross-sectional units (e.g.
German agriculture, hunting and forestry, German construction, etc); (iv) we calculate sector-
specific averages using the countries as cross-sectional units (e.g. French construction, German
construction, etc). This will allow us to examine the patterns of the inflation-real marginal cost

relationship both within and across countries and sectors.

3.1 Weighted Mean Group Estimator

The standard MG estimator assigns equal weights (= 1/N) to the individual estimates, see
Pesaran and Smith (1995). Hence it may misrepresent aggregate estimates since not all sectors
are equally important. Similarly, not all countries are equally important in terms of their
contribution to total global output, which is relevant when considering international experience.
To construct a more representative estimate, in addition to the MG estimator, we use the WMG
estimator, Uy ¢, which takes into account Gross Value Added (GVA) based weights (= w)

of each sector and country:®

8The consistency of the estimator is not affected by the weighting scheme. The Random Coefficients (RC)
estimator of Swamy (1970), which uses weights that are inversely proportional to the covariance matrices of the
least squares estimates, and the MG estimator are asymptotically equivalent (see Hsiao and Pesaran (2008). Imbs
et al. (2007) report very similar results from panel estimates that use the aforementioned RC weights as well as
observed weights (sectoral shares in the GDP deflator) similar to the ones that we employ.
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In order to calculate the national weights that are required for grouping (i) we divide the
average national GVA by the sum of the average national GVAs across the sample countries.
Grouping (ii) calls for weights that reflect the importance of each sector in each country for total
international output. To obtain these we divide the average sectoral GVA of the given country
by the sum of the average national GVAs across the sample countries. For grouping (iii) we
calculate sectoral weights within a given country by dividing the average sectoral GVA by the
average national GVA. Finally, the relative importance of a given country for a given sector that
is needed for grouping (iv) is measured by the ratio of the average sectoral GVA of the given

country to the sum of the average sectoral GVAs across the sample countries.”

3.2 Adjusting for cross-sectional correlation

The FIML time-series estimation approach does not account for the possibility that shocks to
inflation or the real marginal cost may be cross-sectionally correlated. We use the CCE technique
of Pesaran (2006) to account for potential unobserved common factors reflecting cross-sectional
linkages or common macroeconomic shocks. Hence, Egs. (4) and (5) are augmented by an
auxiliary explanatory variable, the cross-sectional average of the regression’s variables, which

filters common linkages out.!? The resulting system of equations is:

Tig = 03 mjam1 + &850 + Flvmj + Uja (13)

Sit = PjSja—1 + FipVs + Tja (14)

where f;-ft = (ﬁt,ﬁt_l,Et)/, fj‘it = (Et,Et_l)/, Ty is the cross-sectional average of z;; and T;4
7 +) denotes an independently and identically distributed shock to real marginal costs (inflation
J?

in sector j. We now proceed to a detailed discussion of the data set and then the results.

9The GVAs that we use for the calculation of weights for groupings (i), (i) and (iv) are expressed in common
terms using 1997 German currency PPPs. The latter are provided by EU KLEMS.

101JP also use this approach and point out that it is not the same as constructing an explicit model of sectoral
technological linkages. For relevant theoretical contributions see among others Carvalho (2006) and Sheedy (2007).



4 Data

Our data is sourced from the EU KLEMS database (http://www.euklems.net). This contains
harmonized data for a range of countries on economic growth, prices, labor participation and
labor compensation at both aggregate and sectoral level, see van Ark et al. (2008) for a discussion.
In our analysis, we use data for 14 industrial countries: Austria, Belgium, Denmark, France,
Germany, Greece, Ireland, Italy, Netherlands, Portugal, Spain, Sweden, UK and USA. Sectoral
data covers 15 economic sectors including agriculture, manufacturing and services: agriculture,
hunting and forestry; fishing; mining and quarrying; total manufacturing; electricity, gas and
water supply; construction; wholesale and retail trade; hotels and restaurants; transportation,
storage and communication; financial intermediation; real estate, renting and business activities;
public administration, defence and compulsory social security; education; health and social work;
other community, social and personal services. Thus, the EU KLEMS database makes it possible
to analyze the performance of the hybrid NKPC at both national and sectoral level.

The EU KLEMS database has annual frequency over the period 1971-2005 (i.e. T = 35).!
In the tradeoff between comprehensiveness and harmonization, on the one hand, and reduced
frequency, on the other, we believe that the benefits of the former outweigh the potential costs of
the latter. The main drawback from annual frequency would materialize if one used this dataset
to try to uncover the structural parameters that underlie the hybrid NKPC. Particularly, with
annual data, the the minimum implied duration of price rigidities, which is equal to one (for zero
price stickiness), corresponds to one year. This lower bound is too high given the findings in a
number of studies which use disaggregated data and suggest durations of less than one year (see
e.g. Bils and Klenow (2004); Nakamura and Steinsson (2008)). Hence, structural estimation
using annual disaggregated data is not recommended since it would, most likely, overestimate
duration.

We measure m;; as the demeaned growth rate of the value added deflator in sector j, while
sj¢ is proxied by the log-deviation of the labor share of income in value added from its sample
mean in sector j (see also Gali and Gertler (1999)). The labor share of income is measured as
labour compensation per employee times total number of employees divided by the GVA.

Our calculation of GVA based weights reveals that at sectoral level, three sectors dominate

HEstimations of the the hybrid NKPC using annual data have also been carried out by Lawless and Whelan
(2007), and Rudd and Whelan (2006). Rudd and Whelan (2006) argue that the use of annual data helps to
investigate the possibility that the results from the frequently employed quarterly datasets are affected by the
‘noise’ inherent in higher frequency data (measurement errors or other transitory shocks in inflation). They find
that their main conclusion, i.e. that the hybrid NKPC fails to provide a useful empirical description of the
inflation process, does not depend on the use of quarterly data.



by contributing, on average, almost 50% of GVA in every sample country: total manufacturing
and two service sectors, that is, wholesale and retail trade, and real estate, renting and business
activities (see Table B1 in Appendix B). At the international level, the US contributes on average
around 50% of the total GVA across the sample countries (see Table B2-Panel B in Appendix
B). The dominant role of the US is made more explicit if we consider its contribution to the
GVA of each sector. Our results typically indicate, where the US contributes on average 15%,
in every other sector it leads with its share ranging from 44% in health and social work to 67%

in mining and quarrying (see Table B2-Panel A in Appendix B).

5 Results

We first present and discuss the aggregate data time-series estimation results based upon FIML.
These are helpful as a benchmark and seem consistent with previous aggregate results. We
then proceed to the disaggregate panel estimation results, accounting more fully for sectoral

heterogeneity.

5.1 Time-Series Estimates

Table 1 reports the aggregate data FIML time-series estimation results for the hybrid NKPC.!2
Estimates of the autoregressive coefficient on the real marginal cost (p) are always statistically
significant and range substantially. Across the sample countries, the average R? in the autore-
gressive models of aggregate marginal costs is around 0.8, indicating an overall good fit.'3 Thus,
we are confident that the AR (1) model provides a good representation of the real marginal cost’s

dynamics in our dataset.'4

[TABLE 1 HERE]

Estimates of the coefficient of past inflation in the closed form solution to the hybrid NKPC
(6) are almost all significantly different from zero. In every country in our dataset, the estimate
of the coefficient on past inflation (A?) lies below the coefficient on expected future inflation

(M). The degree of inflation’s backward-looking behavior ranges from virtually zero in Austria

12The FIML time-series estimates of §,¢ and p in Table 1 are obtained from estimating the system formed by
Eqgs. (4) and (5) using aggregate data.

13Results are available upon request.

4The AR(1) model still exhibits good fit when we employ disaggregate real marginal cost data, with the average
R? (across all countries and sectors) being equal to 0.73.

10



to 0.464 in Portugal. Compared to the other sample countries, Germany exhibits lower inflation
persistence. This finding is in agreement with previous GMM evidence for five Euro Area coun-
tries by Benigno and Lopez-Salido (2006), who nevertheless report significantly lower estimates
of AP for Germany. The estimated importance of back-ward looking inflation for the US (i.e. Af
= 0.587) is in line with Gali et al. (2001) GMM estimates of the hybrid model.

Crucially, the FIML results in Table 1 do not support the existence of a strong empirical
relationship between inflation and marginal costs at the aggregate level. Estimates of the slope
coefficient on the real marginal cost in the closed-form solution (&) are significantly different
from zero at the 5% level only in 3 of the 14 countries (i.e. Austria, France and Greece), while
estimates of the corresponding coefficient, 8, in the hybrid NKPC are statistically insignificant
in all countries.!®> Hence, our aggregate time-series results indicate that marginal costs do not
significantly affect inflation in agreement with a number of recent time-series studies including,
among others, Bardsen et al. (2004), Nason and Smith (2008), and Rudd and Whelan (2006,
2007). Related to this point, Rudd and Whelan (2007) argue that focusing only on the point
estimates of \* and A/ can lead to inappropriate conclusions about the importance of rational
forward-looking expectations in price setting and the overall success of the NKPC. Particularly,
they point out that the commonly employed interpretation of the finding A> < A/ as supportive
of the view that forward-looking behavior is dominant is not appropriate if, at the same time,
the effect of marginal costs on inflation is statistically insignificant.'® Finally, similar patterns
in aggregate data time-series results, in terms of A’ < A/ and insignificant real marginal cost
coefficient, are obtained when we adjust for cross-sectional correlation using the CCE method-
ology. 7

The disaggregate data time-series estimation results are available upon request but not shown
in the paper to conserve space. In summary, the results suggest that inflation dynamics matter,
with § estimates being statistically significant in, at least, half of the sectors in most countries
with FIML. Furthermore, in most countries there is at least one sector where £ is positive
and significantly different from zero indicating some empirical support for the theoretical role
of marginal costs for inflation at the sectoral level. Nevertheless, at the same time there are

also some instances of negative and significant sectoral £’s which are not compatible with the

1511 order to conduct hypothesis tests for A’, Af and 0 in a time-series context, we estimate these coefficients
directly (by FIML) using the system formed by Eq. (4) and Eq. (A4) in Appendix A. See also the discussion in
Foonote 6 regarding the numerical equivalence of the direct and indirect time-series estimation approaches.

161 agreement with our aggregate data time-series results in Table 1 and Table B3 in Appendix B, Rudd and
Whelan (2007) obtain estimates of the closed-form solution of the hybrid NKPC which imply that A\* < A\f, while
at the same time the impact of marginal costs on inflation is statistically insignificant.

17See Table B3 in Appendix B. The CCE time-series estimates of §,¢ and p in that table are obtained from
estimating the system formed by Egs. (13) and (14).

11



New Keynesian pricing theory.!® Finally, the results indicate considerable sectoral heterogeneity
which will be accounted for in the following section via the heterogeneous MG panel estimator.
In order to visualize the sectoral heterogeneity, Figures 1-3 show the sectoral estimates of 9, &
and p in France, Germany, Italy, UK and the US, which together account for almost 90% of the

total GVA, on average, across the sample countries.

[FIGURES 1-3 HERE]

5.2 Panel Estimates

The MG and WMG panel estimates of the hybrid NKPC in Table 2 average the FIML and
CCE time-series estimation results using aggregate and disaggregate data for all the sample
countries.!® The panel estimates of p are statistically significant in every case. In the case of
aggregate data estimations, allowing for GVA based weights and/or cross-sectional correlation
leads to lower estimates of real marginal cost persistence. On the other hand, the disaggregate
data estimates of p do not vary significantly across the different estimation methods. They range

from 0.795 to 0.863 indicating significant inertia in the real marginal cost.

[TABLE 2 HERE]

Table 2 reveals some very interesting patterns regarding inflation dynamics. First, the panel
estimate of the coefficient on expected future inflation is greater than that of past inflation across
all estimation methods. Second, as we switch from aggregate to disaggregate data, inflation
persistence declines. For example comparing the aggregate and disaggregate data MG-FIML
results, we can see that the estimate of A’ declines from 0.389 to 0.272. The finding that
adjustment at the disaggregate level is much more rapid than at the aggregate level, leading to
lower estimates of inflation persistence is in line with previous evidence based upon autoregressive
time-series models (see e.g. Altissimo et al. (2006, 2007); Byrne et al. (2010)), as well as
French panel data evidence by IJP. Third, adjusting for cross-sectional correlation using the CCE
methodology leads to higher estimates of the forward-looking component of inflation dynamics.

For example, using aggregate data and MG (WMG) M\ increases from 0.611 to 0.783 (0.602 to

18For example, using FIML, we obtain negative and significant time-series estimates of £ in two UK sectors:
construction and education.

9For example, equal weights and GVA based weights averages of the aggregate data FIML time-series estimates
in Table 1 generate the aggregate data MG-FIML and WMG-FIML panel estimates of the hybrid NKPC shown
in the second and fourth column of Table 2, respectively.

12



0.824) when we use CCE instead of FIML. Fourth, adjusting for GVA based weights does not
seem to considerably affect inflation dynamics.?"

While inflation dynamics are largely unaffected by the weighting method, there are impor-
tant implications for the statistical significance of the real marginal cost in the aggregate data
estimations. Particularly, aggregate data panel estimates of £ and 6 are significantly different
from zero when WMG is used instead of MG. This finding reflects the facts that the US time-
series estimates of these parameters in Table 1, which are used as input for the panel estimator,
are quite large in magnitude and that the US receives the largest weight in WMG. The dis-
aggregate data panel estimates of the aforementioned coefficients are statistically significant in
all cases apart from MG-CCE. Using disaggregate data, the WMG-CCE panel estimates yield

very strong support for forward-looking behaviour since, not only the marginal costs’ effect on

inflation is positive and statistically significant, but also A/ is close to one (0.913).

[TABLE 3 HERE]

The country-specific MG-FIML panel estimates of the hybrid NKPC in Table 3 report the
characteristics of the average (or representative) sector in each of the sample countries. Com-
paring these results, which are based upon disaggregate data, with those in Table 1, which
perform FIML estimation on aggregate data, we obtain important insights on the empirical
relevance of heterogeneity at a country-by-country basis. First, with the exception of Austria,
the estimates of the extent of inflation’s backward-looking behavior are lower across the sample
countries when we use the heterogeneous MG-FIML panel estimator that takes into account
sectoral information. For example, the US estimate of A’ in Table 3 is 0.195, that is, less than
half of its aggregate data homogenous counterpart in Table 1 (0.413).2! Second, in contrast to
the aggregate data time series results, disaggregate data panel estimates indicate a more promi-
nent role for marginal costs. Estimates of # in Table 3 are positive and significantly different
from zero in five cases, as opposed to none in Table 1. Thus, once we allow for sectoral hetero-
geneity, marginal costs significantly affect inflation in a number of countries, including France,
Germany and the US which together contribute, on average, to almost three quarters of the total
GVA across the sample countries. The combination of \> < Af and statistically significant real

marginal costs in Table 3 indicates that the use of disaggregate data leads to greater support for

20The largest change in this case occurs when we switch from MG to WMG using aggregate data.
210ur MG-FIML estimate of A® for France (0.356) is very close to the corresponding figure reported by IJP for
the French representative sector (0.331).
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the NKPC model of inflation in general and the notion of dominant forward-looking behavior

in particular.

[TABLE 4 HERE]

Table 4 reports the characteristics of the average sector in each of the sample countries on
the basis of WMG-CCE panel estimates. Comparison of the country-specific results in Tables 3
and 4 indicates that WMG-CCE generates considerably lower estimates of inflation persistence.
For example, the UK estimate of A\’ in Table 4 is 0.103, that is, 62% lower as compared to its
MG-FIML counterpart in Table 3. We should point out that the decline in inflation persistence
is driven by the adjustment for cross-sectional correlation.?? Regarding the overall fit of the
NKPC, the results in Table 4 indicate that the UK should be added to the list of major countries
where the model performs well. Particularly, in France, Germany, UK and the US the estimate
of A is around 0.9, largely exceeding that of \’, and the marginal costs’ effect on inflation is
positive and statistically significant. Nevertheless, the WMG-CCE country-specific results also
reveal some instances of negative and statistically significant £ and/or 6 panel estimates in the

remaining countries (see e.g. Greece), which are not supportive of the NKPC model.?? As a

further robustness check, we examine whether using only country specific averages in the CCE
estimation influence the results. If anything, these results are more supportive of the NKPC
for a disaggregate approach. For example, the coefficient on labour share (6) is positive and

significant in nine of the fourteen countries.?*

[TABLE 5 HERE]

The sector-specific MG-FIML panel estimates of the hybrid NKPC in Table 5 offer insights

into the fit of the model on a sector-by-sector basis. The estimates of p are statistically significant

22This can be seen by comparing the MG-FIML country-specific results in Table 3 with (i) the MG-CCE
country-specific results in Table B5 in Appendix B, and (ii) the WMG-FIML country-specific results in Table
B4 in Appendix B. The first comparison indicates a large decline in the degree of inflation’s backward-looking
behaviour when we adjust for cross-sectional correlation. The second comparison suggests that in most sample
countries adjusting for GVA based weights leads to moderately higher estimates of inflation persistence. Hence,
the decline in the country-specific A> when we switch from MG-FIML to WMG-CCE should be attributed to the
adjustment for cross-sectional correlation.

23The WMG-FIML country-specific results in Table B4 in Appendix B also reveal a few instances of negative
and statistically significant £ and/or 6 panel estimates. On the other hand, in line with the MG-FIML country-
specific results in Table 3, the MG-CCE country-specific results in Table B5 in Appendix B reveal no case of
significantly negative impact from marginal costs on inflation. Therefore, in the few instances where we identify
such an impact, it is related to the use of GVA based weights.

24Results are presented in Table B6 in Appendix B.
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in all cases, ranging from 0.784 in agriculture, hunting and forestry to 0.911 in real estate,
renting and business activities. Compared to marginal costs’ dynamics, inflation dynamics
exhibit more considerable heterogeneity across sectors, with A’ estimates reaching a minimum
of around 0.1 in agriculture, hunting and forestry, and fishing while the maximum value is 0.365
in health and social work. Another sector characterized by high inflation persistence is public
administration, defence and compulsory social security. Finally, while A\> < A/ in all cases, the
effect of marginal costs on inflation is not statistically significant for the majority of the sample
sectors. Furthermore, out of the three sectors which are economically important in terms of
their contribution to the national GVA across the sample countries, only in total manufacturing
is the closed-form solution estimate of the relationship between inflation and marginal costs

significant.

[TABLE 6 HERE]

Much stronger support for the importance of forward-looking expectations in price setting
is provided by the WMG-CCE panel estimates in Table 6. Specifically, not only do we obtain
positive and statistically significant estimates of £ and/or 6 in most cases, but also the estimates
of the degree of backward-looking behavior are substantially lower, as compared to those in
Table 5. For example, the estimate of A’ for the wholesale and retail trade sector displays a very
large decline (from 0.296 to 0.071). At the same time marginal costs become significant when
we switch from MG-FIML to WMG-CCE. Similar findings are obtained for real estate, renting
and business activities, another economically important service sector. It should be noted that
the improvement in the marginal costs’ significance can be attributed to the the weighting

25 Table 6 also reveals a

scheme, as opposed to the adjustment for cross-sectional correlation.
few instances of significantly negative relationship, or no relationship at all, between marginal
costs and inflation. In contrast to the MG-FIML results in Table 5, total manufacturing is one
of the sectors where the estimated £ is significantly negative. Thus, overall, the WMG-CCE
results imply that the NKPC model works well in the majority of the sectors, including two out

of the three of the most important sectors.26

2Particularly, examination of the WMG-FIML and MG-CCE sector-specific results in Tables B8 and B9,
respectively, in Appendix B reveals that in the former there are 10 instances of positive and significant 6’s, as
compared to a single case (mining and quarrying) in the latter. On the other hand, as in the country-specific
results, the reduction in inflation persistence in the sector-specific results can be attributed to the adjustment for
cross-sectional correlation. Specifically, sector-specific estimates of \? decline significantly when CCE, as opposed
to FIML, is used, but remain largely unchanged when WMG, as opposed to MG, is used.

26Using the alternative approach to calculate the CCE factors, there is even stronger support for the NKPC.
See Table B7 in Appendix B.

15



6 Conclusions

There is a nascent theoretical literature which emphasizes the importance of heterogeneity in
inflation dynamics. Sheedy (2007) suggests that the assumption of homogeneous inflation dy-
namics in not innocuous and highlights that inflation persistence is lower once we account for
heterogeneity in price stickiness. Carvalho (2006) suggests that monetary policy shocks are larger
and more persistent in heterogeneous economies. Related to the previous point, Leith and Mal-
ley (2007) point out that monetary policymakers should be concerned since sectoral differences
in pricing behaviour also imply significant sectoral differences in reponse to monetary policy.
Finally, IJP suggest that using sectoral NKPC estimates in a calibration exercise produces siz-
able differences in the response of output and inflation and they argue that heterogeneity can

have welfare implications.

Nevertheless, only a few studies have attempted to estimate the NKPC using sectoral data.
This paper makes a significant contribution to this emerging literature. We emphasize that it is
important to examine disaggregate inflation data and to utilize the appropriate estimation ap-
proach. Our results from time-series and panel estimation techniques suggest that sector-level
heterogeneity has important consequences for the aggregate. Heterogeneity helps to explain
the over (under) estimation of the the degree of backward-looking behavior (impact of marginal
costs) in empirical investigations of the NKPC that use aggregate data. Specifically, while aggre-
gate data estimates suggest a weak impact from real marginal costs on inflation, our disaggregate
estimates generally provide stronger evidence for the theoretical role of marginal costs, while at
the same time the estimated inflation persistence is reduced. Hence, our results indicate that
an empirical approach which combines disaggregate information with heterogeneous-consistent
estimation techniques helps to reconcile to a great extent the NKPC with the data and reverse
the biases imposed by approaches that ignore heterogeneity. However, it should be added that
the results can be country-specific. While the evidence is not very supportive for the NKPC in
some of the smaller countries in our dataset, the model does well to explain inflation in the US,
UK, Germany and France. Given that the data are qualitatively similar and harmonized across
countries, we could conjecture that a plausible explanation for this dichotomy is related to the
assumptions underlying the NKPC. Particularly, it might be the case that in the smaller coun-
tries either the assumption of monopolistic competition and/or the notion that firms set prices
only considering the labour share of income are not fully satisfied. This dichotomy between

small and big countries provides fertile ground for further research.
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Table 1: NKPC Aggregate Time Series Estimates

Country § & P b N 0
Austria 0.116 0.193 0.95 0.104 0.896 0.009
Belgium 0.723 -0.201 0.789 0.420 0.580 -0.025
Denmark 0.846 0.149 0.802 0.458 0.542 0.016
France 0.574 0.237 0.977 0.365 0.635 0.004
Germany 0.412 0.22 1.018 0.292 0.708 -0.003
Greece 0.69 0.349 0.938 0.408 0.592 0.013
Ireland 0.583 0.195 0.970 0.368 0.632 0.004
Ttaly 0.772 0.153 0.984 0.436 0.564 0.001
Netherlands 0.758 0.076 0.967 0.431 0.569 0.001
Portugal 0.864 -0.245 0.724 0.464 0.536 -0.036
Spain 0.767 0.272 0.983 0.434 0.566 0.003
Sweden 0.698 0.166 0.929 0.411 0.589 0.007
UK 0.785 -0.212 0.605 0.440 0.560 -0.047
USA 0.704 1.455 0.45 0.413 0.587 0.47

Notes: This table shows the Full Information Maximum Likelihood
(FIML) time-series estimation results using aggregate data. The fre-
quency of the variables in our dataset is annual and the sample period
is 1971-2005 (T=35). Estimates in bold indicate statistical signifi-
cance at the 5% level.

Table 2: NKPC Aggregate and Disaggregate Estimates

MG-FIML WMG-FIML MG-CCE WMG-CCE

Agg Disagg | Agg Disagg | Agg Disagg | Agg  Disagg

0.664 0.423 | 0.671 0.400 | 0.343 0.148 | 0.230 0.129
0.200 0.077 | 0.820 0.125 | 0.058 0.029 | 0.310 0.106
0.863 0.863 | 0.671 0.849 | 0.723 0.805 | 0.575 0.795
0.389 0.272 | 0.398 0.254 | 0.217 0.091 | 0.176 0.087
0.611 0.728 | 0.602 0.746 | 0.783 0.909 | 0.824 0.913
0.030 0.013 | 0.241 0.031 | 0.019 0.010 | 0.137 0.039

T LT M

Notes:This table shows the Mean Group (MG) and Weighted Mean Group
(WMG) panel estimates of the hybrid NKPC using aggregate and disaggregate
data. These are obtained by averaging the individual Full Information Maximum
Likelihood (FIML) and Constant Correlated Effect (CCE) time-series estimation
results. In the aggregate data case the number of cross-sections (N) is equal to
14 (countries), while in the disaggregate data case N=210 (= 14 (countries) x 15
(sectors)). The frequency of the variables in our dataset is annual and the sam-
ple period is 1971-2005 (T=35). The Gross Value Added (GVA) based weights
used for WMG in the case of aggregate data can be seen in Table B2-Panel B in
Appendix B. They are calculated by dividing the average national GVA by the
sum of the average national GVAs across the sample countries. The weights used
for WMG in the case of disaggregate data are calculated by dividing the average
sectoral GVA of the given country by the sum of the average national GVAs across
the sample countries. The GVAs are expressed in common terms using 1997 Ger-
man currency PPPs. Estimates in bold indicate statistical significance at the 5%
level.
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Table 3: NKPC Country Disaggregate MG-FIML Estimates

Country 6 & P b N 0

Austria 0.204 0.060 0.883 0.125 0.875 0.000
Belgium 0.383 0.015 0.8240 0.122 0.878 -0.032
Denmark 0.375 0.085 0.823 0.249 0.751 0.023
France 0.601 0.124 0.878 0.356 0.644 0.009
Germany 0.338 0.151 0.837 0.227 0.773 0.057
Greece 0.465 0.099 0.870 0.308 0.692 0.025
Ireland 0.479 -0.081 0.882 0.313 0.687 -0.014
Italy 0.511 0.066 0.835 0.314 0.686 -0.004
Netherlands 0.474 -0.018 0.896 0.294 0.706 -0.001
Portugal 0.474 0.215 0.876 0.3103 0.687 0.019
Spain 0.520 0.047 0.906 0.324 0.676 0.001
Sweden 0.391 0.199 0.861 0.261 0.739 0.024
UK 0.400 -0.023 0.891 0.270 0.730 0.019
USA 0.293 0.213 0.804 0.195 0.805 0.055

Notes: This table shows the country-specific Mean Group (MG)-Full
Information Maximum Likelihood (FIML) panel estimates of the hybrid
NKPC using disaggregate data. These are obtained by averaging the
disaggregate FIML time-series estimation results across the 15 (=N)
sample sectors in a per-country basis (e.g. German agriculture, hunting
and forestry, German construction, etc). The frequency of the variables
in our dataset is annual and the sample period is 1971-2005 (T=35).
Estimates in bold indicate statistical significance at the 5% level.

Table 4: NKPC Country Disaggregate WMG-CCE Estimates

Country ) 13 o AP N 0
Austria -0.036 -0.020 0.820 -0.158 1.158 -0.0056
Belgium 0.139 -0.012 0.859 0.099 0.900 -0.0015
Denmark 0.107 0.115 0.744 0.041 0.958 0.041
France 0.144 0.061 0.868 0.100 0.899 0.011
Germany 0.161 0.123 0.874 0.115 0.884 0.041
Greece 0.411 -0.080 0.825 0.285 0.719 -0.011
Ireland -0.037 0.0867 0.869 -0.055 1.055 0.003
Ttaly 0.118 0.004 0.729 0.070 0.929 0.004
Netherlands 0.420 -0.110 0.858 0.260 0.739  0.003
Portugal 0.266 -0.101 0.845 0.171 0.828 -0.007
Spain 0.245 -0.045 0.911 0.181 0.818 0.000
Sweden 0.123 -0.033 0.757 0.087 0.912 -0.008
UK 0.127 0.111 0.801 0.103 0.896 0.034
USA 0.098 0.168 0.749 0.067 0.932 0.061

Notes:This table shows the country-specific Weighted Mean Group
(WMG)-Constant Correlated Effect (CCE) panel estimates of the hy-
brid NKPC using disaggregate data. These are obtained by averaging
the disaggregate CCE time-series estimation results across the 15 (=N)
sample sectors in a per-country basis (e.g. German agriculture, hunting
and forestry, German construction, etc). The frequency of the variables
in our dataset is annual and the sample period is 1971-2005 (T=35). The
Gross Value Added (GVA) based weights used for WMG can be seen in
Table B1 in Appendix B. They are calculated by dividing the average
sectoral GVA by the average national GVA. Estimates in bold indicate
statistical significance at the 5% level.
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Table 5: NKPC Sectoral Disaggregate MG-FIML Estimates

Sector o 13 p b N 0

Agriculture, Hunting and Forestry 0.173 0.141 0.784 0.115 0.885 0.047
Fishing 0.136 -0.034 0.813 0.092 0.908 -0.037
Mining and Quarrying 0.288 0.110 0.844 0.218 0.782 0.019
Total Manufacturing 0.497 0.139 0.880 0.307 0.693 0.012
Electricity, Gas and Water Supply 0.304 0.135 0.879 0.222 0.778 0.019
Construction 0.508 -0.068 0.808 0.314 0.686 -0.003
Whosale and Retail Trade 0.485 0.053 0.832 0.296 0.704 -0.007
Hotels and Restaurants 0.420 0.082 0.852 0.272 0.728 0.004
Transport, Storage and Communication 0.432 0.180 0.901 0.280 0.720 0.010
Financial Intermediation 0.345 0.282 0.800 0.241 0.759 0.078
Real Estate, Renting and Business Act. 0.531 -0.009 0.942 0.331 0.669 0.003
Public Admin., Def. and Comp. Soc. Sec. 0.592 0.150 0.934 0.362 0.638 0.043
Education 0.523 -0.205 0.898 0.322 0.678 -0.009
Health and Social Work 0.587 0.032 0.861 0.365 0.635 0.000

Other Community, Social and Pers. Serv. 0.518 0.159 0.911 0.336 0.664 0.015

Notes:This table shows the sector-specific Mean Group (MG)-Full Information Maximum Likelihood
(FIML) panel estimates of the hybrid NKPC using disaggregate data. These are obtained by averaging
the disaggregate FIML time-series estimation results across the 14 (=N) sample countries in a per-
sector basis (e.g. French construction, German construction, etc). The frequency of the variables in
our dataset is annual and the sample period is 1971-2005 (T=35). Estimates in bold indicate statistical
significance at the 5% level.

Table 6: NKPC Sectoral Disaggregate WMG-CCE Estimates

Sector ) 13 p b N 0

Agriculture, Hunting and Forestry -0.076 0.451 0.685 -0.095 1.095 0.217
Fishing 0.124 0.059 0.776 0.076 0.924 0.003
Mining and Quarrying 0.256 0.286 0.807 0.197 0.803 0.043
Total Manufacturing 0.060 -0.043 0.868 0.040 0.960 -0.002
Electricity, Gas and Water Supply -0.005 -0.114 0.822 -0.011 1.011 -0.023
Construction 0.384 -0.131 0.823 0.244 0.756 -0.014
Whosale and Retail Trade 0.090 0.076 0.599 0.071 0.929 0.044
Hotels and Restaurants 0.194 0.095 0.843 0.153 0.847 0.014
Transport, Storage and Communication 0.195 0.175 0.781 0.137 0.863 0.039
Financial Intermediation 0.008 0.461 0.680 0.004 0.996 0.173
Real Estate, Renting and Business Act. 0.119 0.045 0.873 0.078 0.922 0.008
Public Admin., Def. and Comp. Soc. Sec. 0.137 0.530 0.747 0.112 0.888 0.148
Education 0.075 0.085 0.748 0.041 0.959 0.064
Health and Social Work 0.370 0.049 0.858 0.237 0.763 0.003

Other Community, Social and Pers. Serv.  0.151 0.004 0.794 0.118 0.882 0.001

Notes: This table shows the sector-specific Weighted Mean Group (WMG)- Constant Correlated Effect
(CCE) panel estimates of the hybrid NKPC using disaggregate data. These are obtained by averaging
the disaggregate CCE time-series estimation results across the 14 (=N) sample countries in a per-sector
basis (e.g. French construction, German construction, etc). The frequency of the variables in our dataset
is annual and the sample period is 1971-2005 (T=35). The Gross Value Added (GVA) based weights used
for WMG can be seen in Table B2-Panel A in Appendix B. They are calculated by dividing the average
sectoral GVA of the given country by the sum of the average sectoral GVAs across the sample countries.
The GVAs are expressed in common terms using 1997 German currency PPPs. Estimates in bold indicate
statistical significance at the 5% level.
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Appendix A

This Appendix discusses the underlying econometric model used in this paper. Using the re-

striction )\f =1- )\?, the characteristic polynomial of Eq. (3) is given by:

1=MNL-—1-XM)L7) =0 (A1)

Where L is the lag operator, Lz = x;_1, and L™' = F is the lead operator, Fz; = Tig1-
The roots of the characteristic polynomial are §; = )\? /(1 — )\?) and 67 = 1. When ¢; < 1 and
|pj| < 1 existence of a stationary solution is guaranteed, but sunspot shocks may characterise
an infinite number of solutions (Jondeau and Le Bihan, 2008). Disregarding sunspot shocks the

fundamental solution is given by:

(o.9]
Tje = 0mja—1 +0;(1+67)Be Y sjeek + vj (A2)
k=0

Where v =¢€j4+/(1 — /\é’-) and Ugj =E(?,) = Ugj (1-— )\?)2.

gt

Under the assumption that marginal costs follow an AR(1) process (see Eq. (4)), the closed

form solution shown in Eq. (A2) becomes:
it = 0jTje—1 + &85 + Vst (A3)

Where & = 0;/(1 —\2) (1 — p;).

The closed form solution with AR(1) marginal costs can be written in terms of the hybrid NKPC

parameters as follows:

0.
Tji—1 + ’ PR + vt (A4)
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Table B3: Hybrid NKPC time-series estimates, aggregate
data, CCE

5 3 P) N0 N 0
Austria 0.252 -0.025 0.755 -0.337 1.337 -0.008

Belgium 0.587 0.004 0.840 0.370 0.630 0.004
Denmark 0.461 0.07 0.644 0.316 0.684 0.017

France 0.271 0.141 0.924 0.213 0.787 0.008
Germany 0.264 -0.203 0.507 0.209 0.791 -0.079
Greece 0.610 0.164 0.749 0.379 0.621 0.026
Ireland -0.052 -0.173 0.842 -0.055 1.055 -0.029
Italys 0.319 -0.192 0.630 0.242 0.758 -0.054

Netherland 0.793 0.24 0.833 0.442 0.558 0.022
Portugal 0.674 0.057 0.755 0.403 0.597 0.008

Spain 0.378 -0.043 0.832 0.274 0.726 -0.005
Sweden 0.367 -0.175 0.771 0.268 0.732 -0.029
UK 0.237 0354 0.553 0.191 0.809 0.128
USA 0.147 0.587 0.480 0.128 0.872 0.266

Notes: This table shows the Constant Correlated Effect (CCE) time-
series estimation results using aggregate data. The frequency of the
variables in our dataset is annual and the sample period is 1971-2005
(T=35). Estimates in bold indicate statistical significance at the 5%
level.

Table B4: Hybrid NKPC panel estimates, disaggregate data,
country-specific WMG-FIML

Country 1 ¢ P b N 0

Austria 0.172 0.024 0.898 0.091 0.909 -0.026
Belgium 0.417 -0.063 0.884 0.284 0.716 -0.005
Denmark 0.453 0.071 0.846 0.292 0.708 0.019
France 0.650 0.109 0.880 0.380 0.620 0.005
Germany 0.363 0.043 0.860 0.247 0.753 0.028
Greece 0.533 0.077 0.905 0.344 0.656 0.015
Ireland 0.468 -0.026 0.944 0.311 0.689 -0.009
Ttaly 0.649 0.108 0.798 0.380 0.620 0.012
Netherlands 0.568 0.017 0.913 0.344 0.656 0.002
Portugal 0.567 0.203 0.877 0.354 0.646 0.017
Spain 0.610 0.040 0.936 0.366 0.634 0.000
Sweden 0.460 0.221 0.864 0.296 0.704 0.026
UK 0.464 0.035 0.847 0.303 0.697 0.026
USA 0.312 0.201 0.827 0.204 0.796 0.049

Notes:This table shows the country-specific Weighted Mean Group
(WMG)- Full Information Maximum Likelihood (FIML) panel esti-
mates of the hybrid NKPC using disaggregate data. These are ob-
tained by averaging the disaggregate FIML time-series estimation re-
sults across the 15 (=N) sample sectors in a per-country basis (e.g.
German agriculture, hunting and forestry, German construction, etc).
The frequency of the variables in our dataset is annual and the sam-
ple period is 1971-2005 (T=35). The Gross Value Added (GVA) based
weights used for WMG can be seen in Table Bl in Appendix B. They
are calculated by dividing the average sectoral GVA by the average na-
tional GVA. Estimates in bold indicate statistical significance at the 5%
level.
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Table B5: Hybrid NKPC panel estimates, disaggregate data,
country-specific MG-CCE

Country § & P P N 0

Austria 0.027 -0.006 0.813 -0.048 1.048 0.003
Belgium 0.147 -0.055 0.778 -0.007 1.007 0.064
Denmark 0.091 0.110 0.749 0.034 0.966 0.028
France 0.137 0.045 0.865 0.088 0.912 0.010
Germany 0.152 0.195 0.805 0.114 0.886 0.070
Greece 0.331 -0.054 0.782 0.229 0.771 0.005
Treland -0.015 0.073 0.795 -0.027 1.027 -0.017
Ttaly 0.034 0.013 0.781 0.003 0.997  0.000
Netherlands 0.382 -0.103 0.844 0.243 0.757  0.007
Portugal 0.382 -0.091 0.835 0.121 0.879 -0.006
Spain 0.184 -0.061 0.861 0.129 0.871 -0.002
Sweden 0.152 0.005 0.772 0.113 0.887 0.000
UK 0.124 0.130 0.811 0.098 0.902 0.036
USA 0.129 0.213 0.740 0.089 0.911 0.075

Notes:This table shows the country-specific Mean Group (MG)- Con-
stant Correlated Effect (CCE) panel estimates of the hybrid NKPC
using disaggregate data. These are obtained by averaging the disag-
gregate CCE time-series estimation results across the 15 (=N) sample
sectors in a per-country basis (e.g. German agriculture, hunting and
forestry, German construction, etc). The frequency of the variables
in our dataset is annual and the sample period is 1971-2005 (T=35).
Estimates in bold indicate statistical significance at the 5% level.
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Table B6: Hybrid NKPC panel estimates, disaggregate data,
country-specific WMG-CCE

Country § & P b N 0

Austria 0.011 0.016 0.864 -0.064 1.064 0.006
Belgium 0.064 0.097 0.901 0.040 0.960 0.037
Denmark 0.123 0.101 0.790 0.059 0.941 0.038
France 0.234 0.040 0.819 0.170 0.830 0.005
Germany 0.016 0.102 0.813 -0.024 1.024 0.043
Greece 0.032 -0.001 0.868 -0.012 1.012 0.001
ITreland -0.141 -0.062 0.843 -0.226 1.226 -0.029
Ttaly 0.031 0.270 0.666 -0.001 1.001 0.165
Netherlands 0.297 -0.098 0.836 0.194 0.806 -0.005
Portugal 0.131 0.004 0.861 0.093 0.907 0.008
Spain 0.096 0.006 0.890 0.065 0.935 0.006
Sweden 0.071 0.111 0.853 0.156 0.844 0.039
UK 0.097 0.098 0.850 0.078 0.922 0.043
USA 0.134 0.298 0.784 0.094 0.906 0.109

Notes:This table shows the country-specific Weighted Mean Group
(WMG)-Constant Correlated Effect (CCE) panel estimates of the hybrid
NKPC using disaggregate data. These are obtained by averaging the dis-
aggregate CCE time-series estimation results across the 15 (=N) sample
sectors in a per-country basis. The CCE factors are estimated on a per
country basis. The frequency of the variables in our dataset is annual
and the sample period is 1971-2005 (T=35). Estimates in bold indicate
statistical significance at the 5% level.
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Table B7: Hybrid NKPC panel estimates, disaggregate data, sector-specific WMG-CCE

Sector ) £ P P N 0

Agriculture, Hunting and Forestry -0.029 0.513 0.664 -0.039 1.039 0.260
Fishing 0.183 0.206 0.813 0.119 0.881 0.125
Mining and Quarrying 0.244 0.954 0.628 0.189 0.811 0.368
Total Manufacturing 0.120 0.006 0.871 0.085 0.915 0.002
Electricity, Gas and Water Supply 0.226 0.084 0.870 0.173 0.827 0.052
Construction 0.359 0.046 0.744 0.248 0.752 0.026
Whosale and Retail Trade -0.095 0.205 0.647 -0.121 1.121 0.118
Hotels and Restaurants 0.217 0.137 0.821 0.145 0.855 0.021
Transport, Storage and Communication 0.069 0.255 0.753 0.057 0.943 0.070
Financial Intermediation 0.090 0.479 0.715 0.077 0.923 0.162
Real Estate, Renting and Business Act. 0.090 0.042 0.920 0.066 0.934 0.011
Public Admin., Def. and Comp. Soc. Sec. 0.107 0.707 0.719 0.088 0.912 0.274
Education 0.032 0.231 0.717 0.015 0.985 0.127
Health and Social Work 0.369 0.088 0.893 0.239 0.761 0.004

Other Community, Social and Pers. Serv.  0.224 0.045 0.866 0.163 0.837 0.006

Notes:This table shows the sector-specific weighted Mean Group (WMG)- Constant Correlated Effect
(CCE) panel estimates of the hybrid NKPC using disaggregate data. These are obtained by averaging
the disaggregate CCE time-series estimation results across the 15 (=N) sample sectors in a per-country
basis. The CCE factors are estimated on a per country basis. The frequency of the variables in our
dataset is annual and the sample period is 1971-2005 (T=35). The Gross Value Added (GVA) based
weights used for WMG can be seen in Table B2-Panel A in Appendix B. They are calculated by dividing
the average sectoral GVA of the given country by the sum of the average sectoral GVAs across the sample
countries. The GVAs are expressed in common terms using 1997 German currency PPPs. Estimates in
bold indicate statistical significance at the 5% level.
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Table B8: Hybrid NKPC panel estimates, disaggregate data, sector-specific WMG-FIML

Sector 1) £ p P N 0

Agriculture, Hunting and Forestry 0.052 0.381 0.713 0.022 0.978 0.149
Fishing 0.301 0.045 0.829 0.192 0.808 0.002
Mining and Quarrying 0.305 0.114 0.842 0.232 0.768 0.014
Total Manufacturing 0.557 0.052 0.909 0.340 0.660 -0.001
Electricity, Gas and Water Supply 0.343 0.144 0.912 0.249 0.751 0.009
Construction 0.587 -0.121 0.816 0.364 0.636 -0.012
Whosale and Retail Trade 0.454 0.233 0.695 0.303 0.697 0.058
Hotels and Restaurants 0.557 0.043 0.856 0.348 0.652 0.002
Transport, Storage and Communication 0.415 0.245 0.858 0.278 0.722 0.022
Financial Intermediation 0.209 0.477 0.731 0.160 0.840 0.142
Real Estate, Renting and Business Act. 0.246 -0.020 0.934 0.150 0.850 0.001
Public Admin., Def. and Comp. Soc. Sec. 0.335 0.370 0.798 0.227 0.773 0.109
Education 0.217 0.018 0.780 0.117 0.883 0.033
Health and Social Work 0.632 0.100 0.934 0.382 0.618 0.000

Other Community, Social and Pers. Serv. 0.441 0.122 0.866 0.302 0.698 0.014

Notes:This table shows the sector-specific Weighted Mean Group (WMG)- Full Information Maximum
Likelihood (FIML) panel estimates of the hybrid NKPC using disaggregate data. These are obtained by
averaging the disaggregate FIML time-series estimation results across the 14 (=N) sample countries in
a per-sector basis (e.g. French construction, German construction, etc). The frequency of the variables
in our dataset is annual and the sample period is 1971-2005 (T=35). The Gross Value Added (GVA)
based weights used for WMG can be seen in Table B2-Panel A in Appendix B. They are calculated by
dividing the average sectoral GVA of the given country by the sum of the average sectoral GVAs across
the sample countries. The GVAs are expressed in common terms using 1997 German currency PPPs.
Estimates in bold indicate statistical significance at the 5% level.

Table B9: Hybrid NKPC panel estimates, disaggregate data, sector-specific MG-CCE

Sector ) £ p b N 0

Agriculture, Hunting and Forestry -0.009 0.103 0.777 -0.034 1.034 0.049
Fishing 0.011 -0.035 0.750 -0.017 1.017 -0.071
Mining and Quarrying 0.133 0.111 0.769 0.094 0.906 0.018
Total Manufacturing 0.092 0.030 0.827 0.037 0.963 0.016
Electricity, Gas and Water Supply 0.0563 0.016 0.793 0.038 0.962 0.005
Construction 0.211 -0.132 0.785 0.115 0.885 -0.022
Whosale and Retail Trade 0.119 -0.053 0.779 0.063 0.937 -0.006
Hotels and Restaurants 0.123 -0.033 0.807 0.082 0.918 -0.015
Transport, Storage and Communication 0.130 0.087 0.820 0.069 0.931 0.027
Financial Intermediation 0.067 0.288 0.749 0.041 0.959 0.104
Real Estate, Renting and Business Act. 0.273 0.036 0.894 0.176 0.824 0.005
Public Admin., Def. and Comp. Soc. Sec. 0.246 -0.016 0.833 0.166 0.834 0.023
Education 0.264 -0.143 0.836 0.184 0.816 -0.011
Health and Social Work 0.291 0.116 0.807 0.198 0.802 0.012

Other Community, Social and Pers. Serv. 0.222 0.059 0.853 0.150 0.850 0.012

Notes:This table shows the sector-specific Mean Group (MG)- Constant Correlated Effect (CCE)
panel estimates of the hybrid NKPC using disaggregate data. These are obtained by averaging the
disaggregate CCE time-series estimation results across the 14 (=N) sample countries in a per-sector
basis (e.g. French construction, German construction, etc). The frequency of the variables in our
dataset is annual and the sample period is 1971-2005 (T=35). Estimates in bold indicate statistical
significance at the 5% level.
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Appendix C

Figure 1: Hybrid NKPC time-series estimates of 9, disaggregate data, FIML
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Notes: This figure shows the disaggregate data Full Information Maximum Likelihood
(FIML) time-series point estimates of 6. The frequency of the variables in our dataset
is annual and the sample period is 1971-2005 (T=35). The horizontal axis units cor-
respond to the 15 sample sectors. Particularly, 1: agriculture, hunting and forestry; 2:
fishing; 3: mining and quarrying; 4: total manufacturing; 5: electricity, gas and water
supply; 6: construction; 7: wholesale and retail trade; 8: hotels and restaurants; 9:
transport, storage and communication; 10: financial intermediation; 11: real estate,
renting and business activities; 12: public administration, defence and compulsory so-
cial security; 13: education; 14: health and social work; 15: other community, social
and personal services.
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Figure 2: Hybrid NKPC time-series estimates of &, disaggregate data, FIML
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Notes: This figure shows the disaggregate data Full Information Maximum Likelihood
(FIML) time-series point estimates of £. See also the notes of Figure 1.

34




Figure 3: Hybrid NKPC time-series estimates of p, disaggregate data, FIML
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Notes: This figure shows the disaggregate data Full Information Maximum Likelihood
(FIML) time-series point estimates of p. See also the notes of Figure 1.
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