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Abstract An argument that received a lot of attention in the political and economic
discussion surrounding the recent crisis in the EU is that diverging trends in produc-
tivity across member countries will undermine the viability of the common currency.
This article examines the issue of convergence inmultifactor productivity using sector-
level data from 11 EU Member States. A state-space model is developed, and formal
Bayesianmodel comparisons are performed to infer whether productivity is diverging,
both at the aggregate level and at a sector-by-sector basis. The data point toward diverg-
ing productivity at the aggregate level, but suggest the opposite for many individual
sectors.

Keywords Convergence · Multifactor productivity · EU · Bayesian model
comparison · State-space model

1 Introduction

The recent economic crisis in Europe has led to a renewed interest in the theory of
optimum currency areas (OCA). As originally introduced by Mundell (1961) and
extended in a first wave by McKinnon (1963) and Grubel (1970), there is no role
in this theory for long-term productivity differentials between the political entities
comprising an OCA. The costs of committing to a fixed exchange-rate regime are due
to temporary asymmetric shocks in demand or productivity and the inherent downward
inflexibility of wages and price levels. Nevertheless, the political and, sometimes,
economic discussion around the economic crisis and the viability of the common
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currency were partly directed toward diverging productivity levels across EUMember
States, most often using the unit labor cost as the single measure of productivity.

Although initially absent from the theory of OCAs, long-term productivity differ-
entials may play a role in both the frequency and intensity of asymmetric shocks,
especially when one looks at the specific components of the economy. For example,
the probability of a shock being asymmetric is higher when the relative shares of two
economic sectors are very different among the members of a common currency area
(Alesina et al. 2003). Thus, the benefits of the members of the common currency area
specializing in the sectors where they have a comparative advantage may be partially
offset by the increased risk of asymmetric shocks (Krugman 1993; Frankel and Rose
1997). But, a common currency could induce specialization by lowering the cost of
international trade or incapacitate monetary measures to protect local infant indus-
tries. If, on top of that, different industries experience different rates of productivity
growth and compositional changes toward industries of ‘a highly innovative nature’
(vanArk 1990) occur at different rates acrossmembers, productivity differentials in the
total economy will increase. Lastly, differences in productivity levels before a shock
occurs may require different policy interventions in different members of the com-
mon currency area (Mélitz 1991), increasing the costs of giving up regional monetary
authority.

When viewed in a dynamic setting, an asymmetric shockwithin a common currency
area, in conjunctionwith the inability of implementing country-specificmonetary poli-
cies, could put in motion a cycle of events that may lead to divergence in productivity.
Such a shock would create unemployment in one region/country, say A, or inflationary
pressures in another, say B. If wages are inflexible downward and factors of production
are, at least partly, mobile across regions/countries, then resources will move from A
toward B. If there are no quality differences in the factors of production, this move
would be enough to restore equilibrium. On the other hand, if the factors of production
differ in quality, the most productive resources will be the first to move away from
A in the event of an adverse shock. Apart from region/country A being striped from
human and possibly physical capital, differences in productivity will be further fueled
by the fact that these resources will be put in use in region/country B, especially if
inter-industry mobility is high. Similar cycles of events that lead to divergence have
also been encountered in models of inter-regional/international trade (Krugman 1991)
and endogenous growth (Romer 1986, 1990; Grossman and Helpman 1990), but the
effects are amplified in the case of fixed exchange rates due to short-term unemploy-
ment inducing factor mobility.

On the other hand, a fixed exchange-rate regime could induce convergence in pro-
ductivity. By lowering transaction costs, a fixed exchange rate increases international
trade and foreign direct investment (Petroulas 2007), which, in turn, speeds-up tech-
nology spill-overs (Haskel et al. 2007). Furthermore, as trade intensity is positively
correlated with the synchronization of business cycles between trade partners, at least
for European economies (Frankel and Rose 1997; Abbott et al. 2008), migration of
resources is likely to be limited. Finally, Christopoulos and Tsionas (2005) find that
high inflation affects productivity negatively and argue that theMaastricht convergence

123



Is productivity diverging in the EU? Evidence from 11 Member… 1173

criteria, which emphasize nominal convergence, are likely to lead to convergence in
the real economy.1

Viewed from either a theoretical or an empirical perspective, whether productivity
converges across EUMember States remains an open question. In this article, I provide
formal tests on whether productivity in manufacturing and selected services sectors
has been converging or diverging across 11 EU Member States, since the Maastricht
Treaty was signed in 1992. The Maastricht Treaty opened the way to the European
Monetary Union and sparked a series of structural changes within the EU Member
States in preparation of an entirely new economic environment. Although the Euro as a
currency did not exist before 2000 and some countries in the sample have not adopted
the common currency even today, exchange rates became largely inflexible due to the
Maastricht convergence criteria. The focus is on manufacturing because output from
this sector is easily tradeable, thus, providing for better conditions for inter-country
competition. The analysis extends to a group of services sectors for which a well-
defined market exists. This is done so that value added for the sectors considered in
the analysis can be measured in terms of market value, rather than input costs.2

Contrary to the popular discussion, rather than labor productivity, I use multifactor
productivity as an indicator of competitiveness.3 This choice is motivated by the fact
that unit labor cost differences can be attributed to both technology differences and
differences in capital intensity, while it is difficult to fully disentangle the effects of
technical change and capital deepening on labor productivity (Wolff 1991). Instead,
becausemultifactor productivity is based on the specification of a production function,
it can be viewed as a measure that, at least partly, accounts for differences in capital
intensity and, contrary to growth-accountingmethods, the results depend less on short-
run fluctuations in input price ratios.

Studies on the convergence of productivity across countries are abundant. Islam
(1999, 2003a, b) reviews the relevant literature. Many studies on productivity conver-
gence, however, simply calculate productivity indexes across countries, but stop short
of performing a formal test on convergence. The inherent problem in this line of liter-
ature is that multifactor productivity levels are not observed in the data and calculating
productivity indexes requires strong assumptions (Di Liberto et al. 2008). Develop-
ment accounting (Klenow and Rodríguez-Clare 1997; Hall and Jones 1999; Caselli
2005), in particular, assumes a constant-returns-to-scale Cobb–Douglass technology
and decomposes output per worker into physical capital intensity, human capital and
residual productivity. The input elasticities used for the decomposition are usually
based on factor shares in total income or obtained from the literature and, because

1 This line of argument is theoretically sound, but convergence in the real economy depends on theMember
States complying with the Maastricht convergence criteria. In practice, compliance with these criteria was
more frequently the exception rather than the rule in the years that followed the Maastricht Treaty.
2 For example, for most countries in the sample educational services are provided almost exclusively by
the state. In this case, the sector’s value added is calculated in basic factor costs, which may differ widely
among countries, depending on the prices of inputs.
3 In a recent article, Herwartz and Siedenburg (2013) examine whether inflation in the unit labor cost
converges across eight Eurozone countries. They find that country-wide unit labor cost inflation rates
tended to convergence before the introduction of the Euro, but also identify diverging competitive positions
in the post-Euro period.
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multifactor productivity is calculated rather than estimated, this measure absorbs any
statistical noise from the data-generating process. Even if one is willing to accept
these assumptions, formal tests on convergence are plagued by the generated regres-
sors problem. Furthermore, if no form of dependence over time is assumed when
productivity is estimated/calculated, a second-stage regression of productivity on its
past values would, at best, reveal that the first stage is inefficient in not exploiting
this time dependence or, at worst, even contradict the first-stage assumptions. On
a related stream of the literature, productivity growth rates, rather than levels, are
calculated, most often using growth accounting. But again, no formal tests on conver-
gence can be performed as such tests would require productivity levels, not growth
rates.

In this article, I treat productivity levels as latent data which, however, can be
inferred from the observed data once a functional form is assumed for the repre-
sentation of the production technology. The hypothesis of β-convergence (Barro and
Sala-i-Martin 1992; Mankiw et al. 1992) in multifactor productivity is tested using
a single-step approach and Bayesian model comparison techniques, while account-
ing for statistical noise in the data-generating process. Furthermore, the analysis is
performed both at the levels of total manufacturing and total services and at a sector-
by-sector basis.4 Any combination of convergence or divergence in productivity at
the two levels of aggregation could occur, but the implications depend on the level
the analysis is performed. Divergence at the sector level would imply that differences
in technology levels across countries or the social and entrepreneurial environment
are the driving forces behind productivity differences. On the other hand, divergence
at the aggregate level could be attributed to additional factors. In particular, if pro-
ductivity exhibits a tendency to converge at the sector level, then divergence at the
aggregate level could still be observed simply because of varying productivity growth
rates across sectors and a high degree of specialization of theMember States in specific
sectors.

The remainder of this article is organized as follows: the next section presents the
model specification and assumptions and makes the connection between parameter
values and theoretical implications. Section 3 presents the statistical assumptions of
the model, as well as, the estimation and inference methods. Section 4 describes the
data, while the results are presented and discussed in Sect. 5. Section 6 summarizes
the major findings and draws conclusions.

2 Model specification and theoretical considerations

Consider a Translog specification of the aggregate production function:

log yit = log Ait + βK log Kit + βL log Lit

+βKK log2 Kit + βK L log Kit log Lit + βLL log
2 Lit + εit (1)

4 Although productivity comparisons in the literature are performed almost exclusively at the aggregate
levels of total economy or total manufacturing, there are some exceptions (Narasimham et al. 1988; Bernard
and Jones 1996; Deng and Jefferson 2011).
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where y is value added, K is capital stock and L labor use, i indexes countries and t
time and εit is a white-noise error term. Ait is the unobserved productivity level for
country i in year t . The following partial-adjustment process is imposed on log Ait :

log Ait − log Ai,t−1 = λ
(
log A∗

i,t−1 − log Ai,t−1
) + vit (2)

where log A∗
i,t−1 is the log-productivity level that is expected or feasible in period

t − 1 and could depend on country characteristics, while vit is another white-noise
error term. This process implies that the productivity growth rate between periods
t − 1 and t is proportional to the distance between the actual log-productivity and
its expected level in period t − 1. λ in the last expression is the speed-of-adjustment
parameter.

The partial-adjustment process in (2) forms the basis for testing for β-convergence
in productivity and, with the exception of the presence of statistical noise, it is similar
to the expressions used in empirical studies that test for β-convergence in income
per capita.5 The primary difference is that empirical studies in the economic growth
literature refer to the Solow–Swan model to justify the specification of the steady
state. In lack of such theoretical background, the specification of the steady state of
productivity has to be ad hoc.6

Although the existence of a steady state for productivity is treated here as an empir-
ical question, a specification of the steady state is required for this question to be
answered. Toward this end, the steady state is defined as a function of time and its
interactions with the stock of capital and labor use in period t :

log A∗
it = δ + γt t + γK t log Kit + γL t log Lit (3)

By restricting γK and γL to zero, this specification reproduces the process of neutral
technological progress assumed in the neoclassical growth model: A (t) = A (0) ·
eγt t . The interactions of time with the factors of production are included here to
capture any input-augmenting technical progress. Only economic fundamentals enter
the specification, and no attempt ismade to account for cross-country differences in the
institutional environment or other characteristics. In this way, the statistical analysis
that follows performs tests on whether convergence takes place unconditional on any
country differences, other than in input endowments.

Substitution of the steady state in the partial-adjustment process in (2) leads to the
autoregressive process:

log Ait = δ + ρ log Ai,t−1 + γt (t − 1)

+ γK (t − 1) log Ki,t−1 + γL (t − 1) log Li,t−1 + vit (4)

5 Equation (2) here is similar to equation (13) in Mankiw et al. (1992) and equation (10) in Barro and
Sala-i-Martin (1992).
6 Traditional economic growth models specify technological progress as an index that grows at a constant
rate. The evolution of productivity levels over time has been describedmore extensively in the technological
catch-up literature (Bernard and Jones 1996;Cameron et al. 2005), but the specifications there are also largely
ad hoc.
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where ρ ≡ 1 − λ is the persistence parameter. Successive substitution of log Ait in
this autoregressive process going back u time periods leads to:

log Ait = δ

(
u−1∑

s=0

ρs

)

+ ρu log Ai,t−u + γt

(
u−1∑

s=0

ρs (t − s − 1)

)

+ γK

(
u−1∑

s=0

ρs (t − s − 1) log Ki,t−s−1

)

+ γL

(
u−1∑

s=0

ρs (t − s − 1) log Li,t−s−1

)

+
(
u−1∑

s=0

ρsvi,t−s

)

(5)

Restricting for a moment γK and γL to zero, three cases with respect to the values
of ρ and γt are of interest regarding convergence in productivity across countries:

(i) If ρ < 1, letting u in (5) go to infinity leads to:

log Ait =
[
δ − γt

1 − ρ
− γtρ

(1 − ρ)2

]
+

[
γt

1 − ρ

]
t +

∞∑

s=0

ρsvi,t−s (6)

In this case, log-productivity stochastically adjusts toward the line defined by
the first two terms in (6). Although the process in (4) is non-stationary due to
the non-zero trend, it still has the tendency to revert to δ+γt (t−1)

1−ρ
− γtρ

(1−ρ)2
: if the

productivity level for a given country and time period is below what this trend
suggests, then it is expected that productivitywill grow such that asymptotically it
reaches the level described by this expression. The persistence of a deviation from
expected log-productivity is measured by the value of ρ. This case corresponds
to absolute β-convergence with a speed-of-convergence parameter equal to λ =
1−ρ. Furthermore, unless γt = 0, the adjustment is toward a target whichmoves
over time, rather than a time-invariant steady state.

(ii) If ρ = 1 the summation series in (5) do not converge if u goes to infinity and
one-time shocks in productivity persist indefinitely. Now (4) can be expressed
as � log Ait = δ + γt (t − 1) + vit and productivity grows, in expectation, at
a rate which is a linear function of time. Although neither β-convergence nor
divergence takes place here, this case is theoretically appealing because it can
capture any decline in the rate of productivity growth simply by a negative value
for γt .7

(iii) Lastly, if ρ > 1, then irrespective of the value of γt , the effects of one-time
productivity shocks escalate and the stochastic process in (4) explodes. This case

7 Two interesting special cases are nested in (i) and (ii): If ρ = 0 and γt > 0, then (4) becomes a simple
deterministic-trend process and (6) justifies the use of a time trend in the production function to capture
technical progress. If ρ = 1 and γt = 0, then (4) becomes a simple unit-root process. Both special cases
suggest that productivity grows, in expectation, at a constant rate, but have very different implications
regarding the transitory effects of fluctuations in productivity (Nelson and Plosser 1982; Campbell and
Mankiw 1987; Cochrane 1988; Gagnon 1988; Perron 1988).
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corresponds to divergence in productivity with a gap in log-productivity among
two countries widening exponentially over time.

Allowing for non-zero γK and γL only slightly changes the long-run behavior of
log A. The most interesting change occurs when ρ < 1. In this case, β-convergence
takes place, conditional on the levels of capital stock and labor use and the long-run
expected value of log-productivity depends on the entire history of these two variables.
Due to this dependence on factor endowments, the expected long-run level of log A
may differ among countries.

In this article, I estimate and test the relative plausibility of models corresponding
to the three cases presented above. Whether productivity gaps tend to shrink, widen
or exhibit no tendency to change can be inferred by the value of ρ.

3 Estimation approach

Given that productivity is not observable in the data, I use a state-space representation
of the model:

log yit = log Ait + βK log Kit + βL log Lit

+ βKK log2 Kit + βK L log Kit log Lit

+ βLL log
2 Lit + εit, εit ∼ N

(
0, σ 2

ε

)
(7)

log Ait = δ + ρ log Ai,t−1 + γt (t − 1)

+ γK (t − 1) log Ki,t−1

+ γL (t − 1) log Li,t−1 + vit, vit ∼ N
(
0, σ 2

v

)
(8)

log Ai1 = δ1 + vi1, vi1 ∼ N
(
0, σ 2

v1

)
(9)

where (7) is the observed equation, (8) is the hidden-state equation and (9) initializes
the stochastic process in period 1. This specification can be viewed as an autoregressive
random-effects model: each country realizes an initial level of productivity according
to Eq. (9), which then evolves according to the stochastic process described by Eq. (8).

Estimation of themodel described by these three equations is feasible through linear
Kalman filtering techniques. Such an approach would require integrating the hidden
states out from the joined density of log y and log A and then maximizing the resulting
integrated likelihood. However, to facilitate model comparison, a Bayesian approach
is used in this article.

3.1 Complete-data likelihood and priors

Let β and γ be the 5 × 1 and 3 × 1 vectors, respectively, that contain the parameters
associated with the capital and labor variables and their interactions and trend and its
interactions, as they appear inEqs. (7) and (8), and collect all parameters to be estimated
in a vector θ ≡ [

β, σ 2
ε , δ, γ , ρ, σ 2

v , δ1, σ
2
v1

]′
. The joint density of the observed data

and hidden states is:

123



1178 G. Emvalomatis

p ({log yit} , {log Ait} |θ)

= p
(
{log yit} | {log Ait} ,β, σ 2

ε

)
× p

(
{log Ait} |δ, γ , ρ, σ 2

v , δ1, σ
2
v1

)

=
(
2πσ 2

ε

)−I T/2
exp

{

− 1

2σ 2
ε

I∑

i=1

T∑

t=1

ε2it

}

×
(
2πσ 2

v1

)−I/2
exp

{

− 1

2σ 2
v1

I∑

i=1

v2i1

}

×
(
2πσ 2

v

)−I (T−1)/2
exp

{

− 1

2σ 2
v

I∑

i=1

T∑

t=2

v2it

}

(10)

where the first part is due to the normality of εit , the second part due to (9) and
the normality of vi1 and the last part is due to the normality of vit . To proceed with
estimation the following priors are imposed on the parameters:

– A multivariate normal density is used as the joint prior density of βs. The prior
means for βK and βL are set equal to 0.5, while prior means for the remaining βs
are set equal to zero. The prior covariance matrix is diagonal with entries on the
diagonal equal to 100. The normal prior is conjugate, and the high prior variances
placed on the parameters imply that prior beliefs will have negligible effects on
the final results.

– An inverse-Gamma prior is used for σ 2
ε as this is conjugate. The shape and scale

hyper-parameters of the prior are set equal to 0.1 and 0.001, leading to a very
vague prior.

– Independent normal priors are placed on δ, γ s and δ1 because these are conjugate.
All prior means are set equal to 0 and all prior variances equal to 100.

– Independent inverse-Gamma priors are imposed on σ 2
v and σ 2

v1
as these are con-

jugate. For both parameters, the shape and scale hyper-parameters are set equal to
0.1 and 0.001, respectively.

– The prior for ρ varies between models. For the case that corresponds to β-
convergence ρ has to be restricted on the unit interval. For this reason, a Beta
prior with shape hyper-parameters equal to 8 and 1 is used to reflect prior expec-
tations of high persistence in log-productivity levels. The case that corresponds to
divergence requires ρ to be above unity. To make the comparison between the two
models as objective as possible, the problem is re-parameterized with ρ = 1 + σ

and a Beta(1,8) prior is placed on σ . In this way, both models incorporate prior
beliefs that the value of ρ is close to unity, but they impose antithetic priors along
this point. When estimating the unit-root model, ρ is not a parameter to be esti-
mated and no prior is required.

Most priors used are conjugate and estimation can proceed via Gibbs sampling. The
only exception isρ, for which the full conditional does not belong to any known family.
However,Metropolis–Hastings updates can be used for ρ within the Gibbs algorithm.8

8 See Gelfand and Smith (1990) and Chib and Greenberg (1995) for an overview of the Gibbs and
Metropolis–Hastings algorithms.
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Log-productivity levels are treated as latent data in the model and integrating the
hidden states from the likelihood involves a standard application of data augmentation
(Tanner and Wong 1987). Country- and time-specific estimates of log-productivity
can be obtained as a byproduct of the data-augmentation technique.

3.2 Log-marginal likelihood and model comparison

Model comparison is based on Bayes factors (Kass and Raftery 1995), in the spirit
of unit-root tests as presented in Koop (1991, 1992). In short, the relative posterior
probability of two competing models, M1 and M2, can be expressed as:

p (M1|D)

p (M2|D)
= p (D|M1)

p (D|M2)

Prob (M1)

Prob (M2)
(11)

whereD represents the (observed) data, and Prob
(
M j

)
is the prior probability ofM j

being the true model. It is common practice to place equal prior probabilities on the
competing models and this approach is taken here as well. p

(D|M j
)
is the density of

the data givenM j , but marginally with respect to unobserved states and parameters:

p
(D|M j

) =
∫

p
(D|θ j ,M j

)
π

(
θ j |M j

)
dθ j (12)

θ j in the last equation is the parameter vector for model j and π
(
θ j |M j

)
is the

prior density placed on θ j under model j . With equal prior model probabilities model
comparison reduces to calculating the Bayes factor and, if one is willing to assume
that the set of models is exhaustive, then posterior model probabilities can be obtained
using the posterior odds ratio and the fact that probabilities sum to unity. Competing
models are compared to each other after the unknown parameters are integrated out
of the joint density of data and parameters. The integration is with respect to the
priors placed on each model. Therefore, model comparison in this article is based on
examining how well the data conform to alternative prior beliefs regarding the values
of the parameters and, in particular, the value of ρ. No reference priors are available for
the state-spacemodel and, in this respect, the tests are not ‘objective’ in the senseKoop
(1992) defines the term. Nevertheless, antithetic priors around unity are imposed on
ρ in the models of convergence and divergence, while all other priors are the same in
all models.

Before proceeding with model comparison, the marginal density of the data with
respect to the hidden states and parameters has to be calculated. This marginal density
can be obtained in two steps. An approximation to the logarithm of the density of the
data marginally with respect to both the hidden states and parameters can be obtained
using the Laplace–Metropolis estimator (Lewis and Raftery 1997):

log
[
p

(D|M j
)] ≈ P

2
log [2π ] + 1

2
log

[|H∗|] + logπ
[
θ∗
j

]
+ log p

[
D|θ∗

j

]
(13)
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where P is the dimension of θ j , θ∗
j is an MCMC estimator of θ j that maximizes the

integrated likelihood, p
[
D|θ∗

j

]
, and H∗ is the Hessian of the integrated likelihood

evaluated at θ∗
j . The integrated likelihood is the density of the data, marginally with

respect to the hidden states, evaluated at θ∗
j . Given that the hidden state enters the

observed equation linearly and using the normality assumptions on the error terms,
this last density can be evaluated using standard linear Kalman filtering techniques.9

3.3 Alternative specifications of the data-generating process

The state-space model specified in Eqs. (7)–(9) allows log-productivity to be coun-
try specific and to evolve over time, but it restricts the remaining parameters of the
production function to be the same across countries. However, country heterogene-
ity could manifest itself in the data in alternative ways. To decide whether pooling
together country data in a model such as the one described above, two additional
data-generating processes are considered and the proposed models are compared to
them.

First, country heterogeneity could be reflected on differences in the slope coef-
ficients of the production function, as well as in the constant term. In a random-
coefficients model (Hildreth and Houck 1968; Swamy 1970), each country is assumed
to have its own vector of parameters. In a hierarchical specification, these country-
specific vectors of parameters are drawn from a multivariate normal distribution:

log yit = x′
itβ i + εit, β i ∼ N

(
β̄,Σ

)
, εit ∼ N

(
0, σ 2

ε

)
(14)

where y is, as before, value added, xit is a k × 1 vector that stores the values of k inde-
pendent variables for country i in period t and β i is a k × 1 vector with the associated
coefficients for country i . β i is a draw from a multivariate normal distribution with
mean vector β̄ and variancematrixΣ . The production function is specified as Translog
in capital labor and time, but, contrary to the state-space model, the constant term is
no longer autoregressive. This is because allowing for random coefficients deprives
the productivity index, A, from its meaning as the sole technology index: if countries
are allowed to have idiosyncratic slope coefficients, then technology differences and
differences in productivity would stem from two sources.

The structural parameters in this hierarchical model are β̄, σ 2
ε andΣ . In a Bayesian

setting, the typical choice for the prior ofΣ is an inverse-Wishart distribution, because
this is conjugate. The degrees-of-freedom parameter of the inverse-Wishart prior is set
equal to 2k, while a diagonal matrix is used as the scale parameter, which restricts the
variance of all βi s except the constant term to be small, reflecting prior expectations of
little variability in the production function parameters across countries. Similar priors
as in the state-space models are used for the remaining parameters.

9 A technical appendix with the full and complete conditionals of the models’ parameters and the Kalman
filtering techniques used to calculate the marginal likelihood is available from the author upon request.
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Lastly, the data could have been generated by a simple random-effects process
where the country effects are restricted to be time invariant and the slope coefficients
common to all countries:

log yit = x′
itβ + εit + αi , εit ∼ N

(
0, σ 2

ε

)
, αi ∼ N

(
0, σ 2

α

)
(15)

In this specification, αi is a country-specific term that captures deviations of log-
productivity from its average level (a constant term is included in xit) and the
production function is still assumed to be Translog in capital, labor and time. An
inverse-Gamma prior is imposed on σ 2

α with shape and scale parameters equal to 0.01.
The values of the log-marginal likelihood resulting from the random-effects and

random-coefficients model can be estimated using the Laplace–Metropolis estimator
given in Eq. (13). For both models, the latent data (β i s in the random-coefficients
and αi s in the random-effects model) can be integrated from the likelihood function
analytically. Because the dependent variable in all five models considered is the same,
these values of the log-marginal likelihood can be used directly to compare the models
and to calculate posterior model probabilities.

4 Data

The data used for the empirical analysis are obtained fromOECD’s Structural Analysis
(STAN) database and are based on Revision 3 of the International Standard Industrial
Classification (ISIC) system. Although STAN contains series starting as early as 1970,
only data from 1993 until 2007 are extracted from the database. The time interval is
restricted so that Germany is included in the analysis after the structural break due to
its reunification and because series are incomplete for some countries prior to 1993.
Four out of the EU-15 Member States have very incomplete series and are excluded
altogether. Unfortunately, three out of the four excluded countries were at the center
of the recent debate on productivity differentials: Greece, Ireland and Portugal. The
fourth country excluded due to missing data is Luxembourg.

The data are at the 2-digit industry level as defined by ISIC Rev. 3, although some
industries are combined due to data availability. Additionally, two aggregates of total
manufacturing and total services are provided for the 11 countries considered in this
study. Table 1 provides the correspondence between the industry codes and the official
ISIC descriptions of the sectors, along with the abbreviations of the descriptions used
throughout this paper.

The variables used in the analysis are value added, labor use and stock of capital per
sector. Value added and capital stock are measured in billions of constant Euros (2000
is the base year). For Denmark, Sweden and the UK, national currencies are converted
to Euros/ECUs using the average annual exchange rates reported by Eurostat.

Labor input is reported by STAN in persons engaged in the industry. To account
for within-country changes in human capital over time, the original labor variable
was transformed to medium-skilled labor equivalents using data from the EUKLEMS
database (O’Mahony and Timmer 2009). EU KLEMS provides information at the
industry level on the shares of three types of labor (low-, medium- and high-skilled) in
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Table 1 Codes and description of economic sectors under ISIC, Rev. 3

Industry code ISIC, Rev. 3 description Abbreviation

C15T37 Manufacturing

C15T16 Food products, beverages and tobacco Food&Beverages

C17T19 Textiles, textile products, leather and
footwear

Textiles&Clothing

C20, C21T22 Wood and products of wood and cork—pulp,
paper, paper products, printing and
publishing

Wood&Paper

C23T25, C26 Chemical, rubber, plastics and fuel
products—other non-metallic mineral
products

Chemical&Fuel

C27T28 Basic metals and fabricated metal products Metals&Products

C29T33 Machinery and equipment Machinery&Equipment

C34T35 Transport equipment Transport equipment

C36T37 Manufacturing n.e.c. and recycling Manufacturing N.E.C.

C50T67 Services

C50T52 Wholesale and retail trade-repairs Trade&Repairs

C55 Hotels and restaurants Hotels&Restaurants

C60T64 Transport, storage and communications Transport&Communications

C65T67 Financial intermediation Financial services

total hours worked and in total labor compensation. Medium-skilled labor equivalents
are obtained using the transformation L = sM

cM
N , where sM is the share of medium-

skilled labor in total hours worked, cM is the share of medium-skilled labor in total
labor compensation and N is the number of persons engaged in the industry.10 This
transformation accounts for changes in the composition of labor over time, but only
within a country. No effort, whatsoever, is made to account for cross-country differ-
ences in human capital because the definitions of labor types in EU KLEMS differ
among countries. Therefore, any differences in productivity levels that result from the
models are partly due to differences in initial endowments of human capital.

There are two particularities regrading the capital variable. The stock of capital is
not reported for all sectors in the case of France, and these sectors are excluded from
the analysis. The stock of capital series for the Netherlands do not go back to 1993
for all sectors. Nevertheless, deflated values of gross capital formation and capital
consumption are used to construct an approximation to the stock of capital.

Summary statistics of the variables for the aggregates of total manufacturing and
total services are reported in Table 2. The data are characterized by large variability,
most of which, however, is due to differences in the size of the sectors across countries,
rather than over time. Regarding themeasurement of labor, only small increases appear
from the original labor variable to the medium-skilled equivalents. This is because

10 The transformation assumes that each type of labor receives its marginal-value product and that units of
one type of labor can be transformed to another by multiplying it by the relative marginal productivities.
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Table 2 Summary Statistics of the Models’ Variables

Mean SD Min. Max.

Manufacturing

Value added (2000 e, billions) 125.070 119.495 16.683 502.498

Capital (2000 e, billions) 200.338 167.933 33.542 550.634

Labor (persons engaged, millions) 2.479 2.335 0.361 8.678

Medium-Skilled Equivalents
(persons engaged, millions)

2.499 2.382 0.383 9.118

Services

Value added (2000 e, billions) 169.884 139.224 20.628 461.136

Capital (2000 e, billions) 287.351 217.403 56.891 780.677

Labor (persons engaged, millions) 4.020 3.490 0.572 10.613

Medium-skilled equivalents (persons
engaged, millions)

4.077 3.583 0.509 11.164

the ratio of shares of medium-skilled labor in total hours worked and total labor
compensation is, for most countries and sectors, close to unity, although increasing
over time.

One of the main arguments in this article is that, although productivity could be
converging across countries at the sector level, divergence could be taking place at the
aggregate levels because sectors experience different productivity growth rates and the
shares of sectors in total manufacturing or total services differ among countries. To
examine this claim, the data are analyzed in two phases. First, the models described in
Sect. 2 are applied to total manufacturing and total services data for all 11 countries in
the dataset. This analysis considers convergence in productivity assuming that there
exists a production function at the aggregate level. Next, sector-by-sector models
are run for all countries with available data, assuming that there exists a production
function at the sector level and allowing for different factor elasticities and parameter
values, in general, across industries. In both levels of analysis, themodels are compared
to a random-coefficients specification that relaxes the assumption that the parameters
of the production functions are common to all countries.

To facilitate interpretation of the results, the shares of sectors in the value added
of their respective aggregates, for each country and for the last year of available
data (2007), are presented in Table 3. On average, firms classified under Machin-
ery&Equipment and Chemical&Fuel contribute the most in the value added of total
manufacturing. Remarkable differences appear in the shares of the capital-intensive
industries (Machinery&Equipment and Transport Equipment). On the other hand,
smaller differences in shares among countries are observed for the services sectors.

The data used in this study cover a transitional period after the structural break
introduced by the Maastricht Treaty. This break can be viewed as a shock to the
systemand, assuming that the adjustment process of productivity toward its steady state
does not differ between periods of transition in non-fundamental economic quantities
(institutions, etc.) and periods of relative tranquility, this shock introduces variability
in the data that will facilitate estimation if the models’ parameters. On the other
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Table 3 Share of each sector in total-manufacturing and services value added in 2007 (%)

Austria Belgium Denmark Finland France Germany

Manufacturing

Food&Beverages 10.2 13.9 13.1 6 12.3 6.5

Textiles&Clothing 2.8 4.8 1.7 1.1 3.5 1.7

Wood&Paper 13.8 10.9 13.3 20.5 – 7.7

Chemical&Fuel 19.2 32.4 21.7 10.4 24.6 19.4

Metals&Products 13.9 14.6 9.7 10.7 – 12.3

Machinery&Equipment 26.8 13.7 32.4 50.8 – 33.4

Transport equipment 8.7 7 2.7 1.8 10 17

Manufacturing N.E.C. 4.9 2.5 5.8 1.6 – 2.1

Services

Trade&Repairs 42.4 44.2 41.1 42.2 41.2 49

Hotels&Restaurants 13.5 5.3 4.3 5.6 8.7 6.8

Transport&Communications 23.8 27.4 28.8 35.6 28 27.6

Financial services 20.3 23.1 25.9 16.7 22.2 16.5

Italy Netherlands Spain Sweden UK Average

Manufacturing

Food&Beverages 9.7 16.8 13.2 6.1 13.9 11.1

Textiles&Clothing 10.5 1.8 4.9 0.8 3 3.3

Wood&Paper 8.3 12.1 11.6 13.5 14.1 11.4

Chemical&Fuel 18.5 28.3 23.6 17 21.6 21.5

Metals&Products 17.7 12.1 16.6 11.1 11 11.8

Machinery&Equipment 24.7 16.7 13.8 36.5 20 24.4

Transport equipment 5.8 5.7 11.5 14.9 11.8 8.8

Manufacturing N.E.C. 4.8 6.7 4.8 2.6 4.5 3.7

Services

Trade&Repairs 41.3 48.2 34.7 47.5 42.3 43.1

Hotels&Restaurants 12.4 5.1 21.4 4.9 9.8 8.9

Transport&Communications 28 25.4 22.3 30 26.9 27.6

Financial services 18.3 21.6 21.7 17.7 21 20.4

hand, due to the short time span, the data may not contain enough information to
provide conclusive evidence in favor of a single model. Posterior model probabilities,
however, quantify the uncertainty with respect to the true model (convergence, unit
root or divergence) and reflect the degree to which the data can distinguish between
the competing models.

5 Results and discussion

The results presented in this section are based on 600,000 retained draws from the
posterior distribution of the models’ parameters. One in every ten draws from the
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Table 4 Parameter estimates for total manufacturing

Model 1: ρ < 1 Model 2: ρ = 1 Model 3: ρ > 1

Mean SD Mean SD Mean SD

log K 0.258 0.148 0.326 0.146 0.579 0.142

log L 0.687 0.132 0.669 0.132 0.527 0.121

log K · log K −0.071 0.022 −0.063 0.022 −0.019 0.023

log K · log L 0.124 0.038 0.110 0.037 0.044 0.039

log L · log L −0.058 0.018 −0.052 0.017 −0.026 0.017

ρ 0.990 0.010 – – 1.055 0.012

constant 0.032 0.004 0.031 0.004 0.028 0.004

trend −0.001 0.001 −0.001 0.001 −0.002 0.001

trend · log K 0.000 0.000 0.000 0.000 0.000 0.000

trend · log L 0.000 0.000 0.000 0.000 0.000 0.000

δ1 −1.469 0.898 −1.465 0.920 −1.762 0.752

σε 0.048 0.021 0.048 0.021 0.052 0.023

σv 0.345 0.022 0.343 0.022 0.318 0.021

σv1 1.827 0.930 1.642 0.632 1.883 0.591

posterior is retained to reduce loss of precision due to the draws being autocorrelated.
Table 4 reports the parameter estimates from the three models applied to the total
manufacturing data. The model that imposes ρ = 1 results in factor elasticities11

close to 1
3 and 2

3 for capital and labor, respectively, while deviations from this norm
are observed for the models that impose convergence and divergence. For the model
that imposes ρ > 1, in particular, the elasticity with respect to capital is estimated
considerably higher, implying increasing returns to scale. The estimate of ρ in the first
model is very close to unity, already suggesting that the data would favor the model of
divergence. Formal model comparison verifies this observation: the first row of Table 5
provides very strong evidence in favor of the model that implies divergence.

Turning to the task of testing convergence in productivity at a sector-by-sector
basis, Table 5 reports the posterior probabilities of the three models when applied to
the sector-level data and including all countries in the sample.12 Although for many
sectors, the data do not provide conclusive evidence in favor of a particular model,
the 12 individual sectors are split almost equally among the three competing models.
The data support the model that implies convergence for Manufacturing N.E.C. and
for three out of four services sectors. These sectors either experienced slow rates of

11 Prior to estimation the data on capital and labor are normalized by their geometricmeans. This normaliza-
tion makes the parameters associated with log K and log L directly interpretable as production elasticities,
evaluated at the geometric mean of the data.
12 The random-effects and random-coefficients models described in Sect. 3.3 resulted in values of the log-
marginal likelihood much smaller than the ones obtained from the state-space models, and the associated
posterior model probabilities were practically zero for all sectors considered. To conserve space, these
results, as well as parameter estimates at the sector level, are not reported, but are available from the author
upon request.
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Table 5 Posterior model probabilities

Industry Model 1: ρ < 1 Model 2: ρ = 1 Model 3: ρ > 1

Manufacturing 0.00 0.00 1.00

Food&Beverages 0.03 0.61 0.36

Textiles&Clothing 0.04 0.75 0.21

Wood&Paper 0.05 0.50 0.45

Chemical&Fuel 0.01 0.44 0.55

Metals&Products 0.06 0.74 0.20

Machinery&Equipment 0.00 0.07 0.93

Transport equipment 0.03 0.82 0.16

Manufacturing N.E.C. 0.85 0.14 0.01

Services 0.00 0.09 0.91

Trade&Repairs 0.87 0.12 0.01

Hotels&Restaurants 0.99 0.01 0.00

Transport&Communications 0.00 0.13 0.87

Financial services 0.96 0.04 0.00

innovation in the last 20years, or the innovations are easily transferable across bor-
ders. On the contrary, the model that imposes divergence is favored by the data for
sectors that have experienced substantive innovations over the last decades: Chemi-
cal&Fuel (which includes pharmaceuticals), Machinery&Equipment (which includes
electronics) and Transport Equipment.

Country- and time-specific estimates of log-productivity levels can be obtained
from the estimation process as a byproduct of the data-augmentation technique. Table 6
reports the average (over time) multifactor productivity growth rates per sector and
country.13 The first row of the table corresponds to total manufacturing and suggests
an average productivity growth rate of 2.7%. Productivity growth in the services
aggregate is much lower. However, large differences appear across countries, with
Finland and Sweden experiencing growth rates around 6% for total manufacturing,
while the rate for Italy is below 1% and for Spain it is even negative. The growth rates
for total manufacturing for Finland and Sweden are driven mostly from the extremely
high productivity growth in Machinery&Equipment and the large shares of this sector
in the two economies. In turn, the extremely high growth rates for this sector are most
likely due to the innovations in electronics and telecommunications equipment that
took place during the period covered by the data.

In the sector dimension, average productivity growth rates vary from as low as
−0.3% for Hotels&Restaurants to as high as 4.7% for Machinery&Equipment. In
general, productivity growth rates appear to be higher in sectors that have been largely
transformed by the innovations in information technology (Machinery&Equipment,

13 The productivity growth rate between periods t−1 and t for country i is estimated by log Ait−log Ai,t−1,

where log Ait is the samplemean of the draws from the posterior for this particular hidden state. The numbers
reported in Table 6 are for the models with the highest posterior probability for each sector.
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Table 6 Average multifactor productivity growth rates (%) per sector and country

Austria Belgium Denmark Finland France Germany

Manufacturing 3.1 2.5 1.9 6.3 2.3 3.3

Food&Beverages 2.3 1.2 −0.2 4.5 0.4 1.1

Textiles&Clothing 2.8 4.4 2.9 4.5 2.8 2.8

Wood&Paper 3.7 2.4 1.4 3.9 – 0.8

Chemical&Fuel 3.9 2.1 3.7 2.9 2.0 3.5

Metals&Products 2.5 3.0 −0.2 3.5 – 2.9

Machinery&Equipment 2.9 3.5 2.5 11.3 – 4.7

Transport equipment 4.5 0.1 1.8 1.9 2.2 3.1

Manufacturing N.E.C. 2.8 2.4 2.5 3.5 – −0.7

Services 0.5 0.5 1.8 3.2 0.7 1.0

Trade&Repairs 1.4 0.4 2.5 4.7 1.2 0.3

Hotels&Restaurants −0.6 −0.7 −2.6 2.2 −0.2 0.5

Transport&Communications 0.6 0.5 1.5 2.9 3.4 3.1

Financial services 3.3 5.1 5.8 3.5 −1.2 −0.1

Italy Netherlands Spain Sweden UK Average

Manufacturing 0.5 3.0 −0.5 5.7 2.0 2.7

Food&Beverages −0.9 2.3 −1.4 1.2 0.9 1.0

Textiles&Clothing 2.0 4.0 0.3 2.6 3.2 2.9

Wood&Paper 0.1 1.5 −1.2 1.4 0.6 1.5

Chemical&Fuel 0.0 4.5 −0.4 4.3 2.9 2.7

Metals&Products 1.4 3.0 −0.5 2.6 2.7 2.1

Machinery&Equipment 1.2 3.0 0.4 13.1 3.9 4.7

Transport equipment 1.3 5.0 0.3 6.4 1.4 2.5

Manufacturing N.E.C. 1.0 1.3 −0.5 5.1 −0.2 1.7

Services 0.5 2.5 −1.3 1.8 0.5 1.0

Trade&Repairs 0.7 3.5 1.3 3.5 0.6 1.8

Hotels&Restaurants −0.3 −0.5 −1.7 1.1 −0.8 −0.3

Transport&Communications 2.3 3.1 −1.0 1.5 2.0 1.8

Financial services 2.0 2.7 3.5 2.2 3.9 2.8

Chemical&Fuel) and the advent of the Internet (Financial Services). On the other
hand, the low or negative productivity growth rates for some sectors are mostly due to
increases in input use rather than declining output value. For Spain, in particular, the
rate of increase in human capital was very high during the period covered by the data,
which leads to a fast growth in labor use, measured in medium-skilled equivalents.
This, in turn, results in negative estimates of productivity growth for most sectors in
the country.

Differences in productivity growth rates among countries are, for most sectors, far
from negligible. Further, some patterns seem to emerge. For example, productivity
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Fig. 1 Evolution of log A in total manufacturing per country

change is negative in Italy and Spain even in industries where the average productivity
growth rates are well above 1%, while industries in these two countries consistently
experience lower productivity growth than the sample average. On the contrary, pro-
ductivity growth for most industries in Austria, Finland and Sweden is above the
sample average. The last three countries became members of the EU in 1995, and the
increased growth rates could be attributed to catching up in terms of technology or
expansion in the enlarged market.

The vastly different productivity growth rates among countries reported in Table 6,
even at the sector level, do not necessarily contradict the hypothesis of β-convergence
per se. Under β-convergence countries with positive deviations from the expected
productivity level should experience, in expectation, lower than average productivity
growth rates. The converse is true for countries with negative deviations. However,
in the context of the application, this argument would require Italy and Spain to have
the highest productivity levels in the sample, while Sweden and Finland the lowest,
a claim that is unlikely to be true. To examine this issue further, Fig. 1 presents the
evolution of log A in total manufacturing per country. From this figure, it is apparent
that the opposite is true: Italy and Spain start in 1993 with the lowest productivity
levels in the sample and after 10years of very low or negative growth rates they are
left behind from the majority of the countries.14 On the contrary, the considerably
faster productivity growth rates experienced by Finland and Sweden led them to the
top of the list with the most productive countries. Furthermore, the results in Table 5
suggest that convergence is most likely to take place in sectors for which the growth
rates do not vary vastly across countries.

To examine whether the data from Italy and Spain are driving the results toward
divergence, the entire analysis is repeated, this time excluding these two countries.

14 To a lesser degree, this finding persists also in the sector-by-sector results. Again, the results are available
from the author upon request.
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Table 7 Posterior model probabilities excluding Italy and Spain

Industry Model 1: ρ < 1 Model 2: ρ = 1 Model 3: ρ > 1

Manufacturing 0.06 0.65 0.30

Food&Beverages 0.37 0.58 0.05

Textiles&Clothing 0.61 0.34 0.05

Wood&Paper 0.74 0.22 0.03

Chemical&Fuel 0.20 0.73 0.07

Metals&Products 0.00 0.90 0.10

Machinery&Equipment 0.90 0.07 0.03

Transport equipment 0.06 0.81 0.13

Manufacturing N.E.C. 0.88 0.11 0.01

Services 0.03 0.60 0.37

Trade&Repairs 1.00 0.00 0.00

Hotels&Restaurants 0.84 0.15 0.01

Transport&Communications 0.06 0.79 0.15

Financial services 0.98 0.02 0.00

Table 7 reports the posterior probabilities of the three models when applied to sector-
level and aggregate data for this subsample. This time themodel that imposes a unit root
is favored by the data for both aggregates, although the evidence is not conclusive.
Furthermore, for all sectors except hotels and restaurants the probability mass has
moved toward the model of convergence.

Finally, productivity growth rates for the models applied to the subsample that
excludes Italy and Spain are reported in Table 8. As expected, average productivity
growth rates are now higher. A comparison of the productivity growth rates and the
shares of industries in total-manufacturing value added leads to a couple of observa-
tions. First, with some exceptions, countries tend to experience higher-than-average
productivity growth rates in the industries with higher-than-average shares within the
country. The causality behind the correlation between growth rates and shares could
run in both directions. On one hand, economic activity within a country could be spe-
cialized in the sectors for which the country has a comparative advantage in terms of
generating innovations. On the other hand, it could be the case that economies of scale
in specific sectors, especially with respect to R&D, are leading to a faster rate of inno-
vations. Second, for most countries the sector-specific growth rates weighted by the
sector shares provide a good predictor of the growth rate in the two aggregates (as esti-
mated using the total-manufacturing and total services data). Given that the data favor
the unit-root models at the disaggregate level and the rather large differences (among
sectors) in productivity growth rates, this observation implies that non-convergence
at the aggregate level is, to a large extend, driven by differences (among countries) in
the shares of individual sectors.
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Table 8 Average multifactor productivity growth rates (%) per sector and country, excluding Italy and
Spain

Austria Belgium Denmark Finland France

Manufacturing 3.3 2.9 2.2 6.3 2.4

Food&Beverages 2.4 1.1 0.0 4.8 0.6

Textiles&Clothing 2.7 4.4 2.5 4.0 3.1

Wood&Paper 3.8 2.1 2.5 4.1 –

Chemical&Fuel 3.9 2.1 3.8 3.0 2.0

Metals&Products 2.7 2.9 0.3 3.1 –

Machinery&Equipment 4.7 3.2 5.5 13.1 –

Transport equipment 4.6 −0.3 2.2 1.8 2.2

Manufacturing N.E.C. 2.8 2.5 2.4 3.5 –

Services 0.5 0.6 1.8 3.1 0.8

Trade&Repairs 1.2 0.1 2.4 4.7 0.7

Hotels&Restaurants −0.7 −0.6 −2.4 2.1 −0.6

Transport&Communications 0.8 0.5 2.0 3.0 3.2

Financial services 3.3 5.0 6.1 3.6 −1.8

Germany Netherlands Sweden UK Average

Manufacturing 3.3 3.3 5.8 2.1 3.5

Food&Beverages 1.5 2.3 1.7 0.6 1.7

Textiles&Clothing 3.3 3.8 2.5 3.7 3.3

Wood&Paper 0.5 1.7 1.3 0.5 2.1

Chemical&Fuel 3.6 4.4 4.3 2.9 3.3

Metals&Products 2.9 3.0 2.7 2.7 2.6

Machinery&Equipment 4.9 4.2 13.8 3.9 6.7

Transport equipment 3.0 4.9 6.1 1.1 2.9

Manufacturing N.E.C. −0.3 1.3 5.0 −0.4 2.1

Services 1.0 2.6 1.9 0.7 1.4

Trade&Repairs 0.3 3.1 3.3 0.8 1.8

Hotels&Restaurants 0.0 −0.6 1.2 −1.2 −0.3

Transport&Communications 3.0 3.1 1.7 1.2 2.1

Financial services −0.2 2.9 2.4 3.6 2.8

6 Conclusions

This article examines the issue of convergence in multifactor productivity across 11
EU Member States. Two possible reasons for divergence are identified: (1) the level
of technology or the social and entrepreneurial environment differ among countries,
leading to divergent trends in productivity in each sector alone, or (2) different sec-
tors experience different rates of productivity growth which, when coupled with high
specialization of each Member State in particular sectors, leads to divergence at the
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aggregate level.Anovelmodel is developed around the problemof testingwhether con-
vergence or divergence takes place and Bayesian model comparisons are performed,
both at the sector and total manufacturing/services levels.

In general, the data provide strong evidence against the hypothesis of convergence
in productivity at the aggregate levels and both possible reasons for divergence could
contribute to this result. First, productivity levels, as well as growth rates for Italy
and Spain are lower than the sample mean for almost all sectors considered. This
finding suggests that country-wide characteristics, not specific to particular sectors,
prevent these two countries from catching up with the remaining Member States.
These characteristics could include aspects of the institutional environment or, given
the measure of labor input used in this study, low initial levels of human capital. When
these two countries are dropped from the sample, the data favor the model that implies
neither convergence nor divergence at the aggregate level.

Second, when examining each sector in isolation, the data favor the model of con-
vergence for more than half of the industries considered in this study and the unit-root
model for the remaining industries. Therefore, non-convergence at the aggregate level
in the reduced sample (excluding Italy and Spain) is unlikely to be driven by country-
wide characteristics. Given the large differences in productivity growth rates across
sectors and the different shares of each sector in their respective aggregates, the find-
ings of this study point toward attributing the absence of convergence at the aggregate
level to sector-specific characteristics, coupled with the specialization of particular
Member-State economies in specific sectors.

Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 Interna-
tional License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if changes were made.
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