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Abstract

The aim of the paper is to assess the impact of knowledge-intensive specialisation on Total Factor 
Productivity (TFP) in the EU regional scope. To calculate TFP defined as the aggregated output-input 
ratio, we employ the multiplicatively-complete Färe-Primont index as it satisfies all economically-
relevant axioms and tests from the index number theory. The knowledge intensive specialisation of 
EU regions is captured by the statistics on high-tech industry and knowledge-intensive services, i.e. 
the employment in high-tech sectors as a percentage of total employment (HTS). The research sample 
consists of 248 EU regions at NUTS 2 level. The key findings of the study indicate that the employment 
in high-tech manufacturing and knowledge-intensive services is not distributed uniformly in the 
EU regional space. Similarly, TFP also varies substantially across the EU regions. Moreover, the 
results of the research model estimation show that specialisation in high-tech manufacturing and 
knowledge-intensive services directly affects regional TFP. The main implication of our analysis for 
the policymakers is to explore and support knowledge-intensive specialisation patterns, that should 
be built upon existing regional technological competencies and human capital endowment according 
to the smart specialisation strategies approach.

Keywords: regional specialisation, knowledge-intensive specialisation, TFP, productivity, innovation, 
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INTRODUCTION
Differences in the level of economic development 

within the EU countries are large and persistent 
(Iammarino et al., 2017). An evidence in the relevant 
literature supports the view that the existing 
disparities in regional economic development can be 
predominantly attributed to the differences in total 
factor productivity (TFP) (Easterly and Levine, 2001; 
Beugelsdijk et  al., 2018). Therefore, the question 
arises which factors contribute to the differences in 
the level of productivity in the EU regional space. 

So far, the studies in the relevant literature 
investigated the impact of intangible factors (human 

capital, social capital and technological capital) on 
the TFP levels in the EU regions (Dettori et al., 2012) 
or examined the relative importance of the drivers 
of TFP in the manufacturing sector of EU countries, 
namely Foreign Direct Investment (FDI), investment 
in Information and Communication Technologies 
(ICT), human capital, R&D, trade openness and 
rationalization efforts (Gehringer et  al., 2014). 
Moreover, the empirical evidence indicated that 
TFP disparities could reflect different structures 
of regional economies (International Monetary 
Fund, 2018) and that the productivity dynamics 
is differentiated by the effects of agglomeration 
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externalities (Marrocu et  al., 2013). It was also 
demonstrated that changes in specialisation have 
direct consequences on regional productivity rates, 
which in turn may result in regional economic 
development imbalances (Mora and Moreno, 2010).

Facing persistent differences in the level of 
innovativeness and productivity across European 
regions, the EU policy has recently shifted toward the 
so-called smart specialisation approach that became 
its dominant paradigm (European Commission, 
2010). In this light the analysis of the relationship 
between specialisation, in particular in knowledge 
and innovation-driven sectors, and TFP seems to be 
an interesting research problem. The direct empirical 
evidence on the relationship between knowledge 
intensive specialisation and TFP on the regional level 
is however limited. 

Bearing in mind the above considerations, and in 
order to address the identified gap in the relevant 
literature the aim of the paper is to assess the impact 
of knowledge-intensive specialisation on TFP levels 
in the EU regions.

The value added of this paper lies mostly in the 
following three aspects. Firstly, the paper contributes 
to research on the impact of knowledge intensive 
specialization on productivity at the regional level. The 
studies so far have analysed and assessed this issue at 
the country level. The existence of large disparities 
among European regions provides a  sufficient 
justification for choosing the regional (NUTS 2) scope 
of the analysis instead of national level. It is worth 
to point out that large differences among regions in 
Europe have important implications for designing 
economic policies of EU. Secondly, our paper 
examines the impact of regional specialisation on TFP, 
whereas the evidence in the relevant literature, so 
far, focuses on the impact of specialisation on labour 
productivity growth (Piras et  al., 2012) or economic 
growth (GDP per capita) (Evangelista et  al., 2015). 
Lastly, our results demonstrates the TFP spillovers 
within European regions, but these processes are not 
explicitly realized by the employees from the high-tech 
sectors. The results of our analysis have important 
policy implications as they indicate the significance 
of knowledge intensive specialization in European 
regions in shaping their productivity growth and 
designing their smart specialization strategies. 

In order to shed light on the formulated research 
problem we analyse the spatial distribution of 
knowledge intensive specialization across EU regions, 
captured by the statistics on employment in high-tech 
manufacturing and knowledge-intensive services. 
Similarly, we examine the distribution of TFP 
levels in the EU regional space. To calculate TFP we 
employ the multiplicatively-complete Färe-Primont 
index. To assess the impact of knowledge intensive 
specialisation on TFP we use the linear regression 
with both endogenous and exogenous spatial lags. 
The research sample covers 248 European regions at 
the NUTS 2 level, over the 2014–2016 period. 

The remainder of the paper is organised as follows. 
The next section presents the literature review on the 
role of knowledge intensive specialization in shaping 
the regional productiveness. The third section 
describes the data sources and methods employed 
to assess the spatial distribution of knowledge-
intensive specialisation and TFP and the relationship 
between them in the EU regions. The fourth section 
demonstrates the results of the analysis along with 
discussion of the key findings. Finally, the last section 
recapitulates the main conclusions of the study, 
presents policy implications, and provides some 
suggestions for further research.

Literature Review
The assorted literature on specialisation is 

rooted in Marshall’s theory (1920). Most recently, 
specialisation is not understood as concentration 
within one sector, but it is actually defined as “related 
variety”, as according to Grillitsch et  al. (2018) 
competitive advantage depends on local knowledge 
resources but also on linkages between related 
entities, which accelerate learning and innovation 
processes. This viewpoint emphasizing that related 
economic activities should be considered as 
regional specialisation is presented also by Kemeny 
and Storper (2015). Also Frenken et al. (2007) argue 
that distinctive, but simultaneously related, regional 
industrial structure has a positive impact on a long-
run innovativeness, as closely related activities 
create basis for interaction, leading to innovation 
and productivity growth. 

Benefits from specialisation are essential to 
knowledge-intensive and innovation activities. 
The empirical evidence provided by Foray (2014) 
indicates that there are substantial indivisibilities 
in knowledge production and the proximity 
of a  sufficiently large R&D sector is needed. 
Additionally, his research also revealed that the 
existence of economies of scale, economies of scope 
and spillovers is an essential determinant of the 
productivity of innovation activities.

According to the New Economic Geography 
(NEG) paradigm (Krugman, 1998), geographical 
concentration and localised spillovers are beneficial 
for productivity and growth (Ottaviano and Thisse, 
2004). The productivity dynamics is differentiated 
by the effects of agglomeration externalities 
according to the product life cycle and the maturity 
stage of a  given area (Marrocu et  al., 2013). As 
Kemeney and Storper (2015) point out, regional 
specialisation should positively impact productivity 
through the three main mechanisms assumptive 
in the NEG models: sharing of input suppliers, 
matching of specialized labour demand and 
supply, and occurrence of technological learning 
or spillovers effects, especially where innovation 
involves many different types of actors spread 
across different organizations. 
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Midelfart-Knarvik et  al. (2000) indicate  several 
determinants of regional specialisation, including 
in particular: human capital and the existence of 
a  specialised regional labour pool, the presence of 
agglomeration economies, regional investments and 
innovation activities. Localisation and urbanisation 
externalities favour regional specialisation as 
economic activities tend to cluster in dense urban 
areas with a  strong functional specialisation in 
knowledge-intensive and high-skilled activities 
(Meliciani and Savona, 2015). Regional specialisation 
may be also affected by the specialisation behaviour 
of other regions (Mora and Moreno, 2010). 
Spillovers within the same industry are thought to 
be more substantial than those across industries. 
Peer regions, similarly specialised in low or high-
tech sectors, are expected to have the highest 
impact on regional specialisation changes. What 
is worth to point out however, Mora and Moreno 
(2010) also demonstrate that physical distance plays 
still significant, and even more influential, role than 
similarity in specialisation. 

According to Jungmittag (2014) two kinds of 
specialisation can be distinguished, on the basis of 
the new growth theory: Smithian and Ricardian 
specialisation. The first one leads to the occurrence 
of learning-by-doing effects and increasing returns 
to scale, independent of the technological areas 
in which a  given economy is specialised. The 
second one, stresses the qualitative character of an 
economy’s technological specialisation, considered as 
an opportunity for higher productivity growth. This 
viewpoint could be observed in R&D growth models 
(Romer, 1990; Grossmann and Helpman, 1991).

The tendency observed both on regional and 
national level that the factors of production are 
accumulated in spatial proximity, implies that 
innovation activity is highly concentrated (Jung and 
López‐Bazo, 2017). Accumulation of factors results 
in positive externalities and, as a consequence, only 
certain places achieve higher productivity levels 
(Moreno et  al., 2005). Such inequality in the levels 
of productivity, caused by the spatial dependence 
of productivity distribution along time is typical for 
EU as the changes in this factor have a  significant 
geographical component (Di Liberto and Usai, 2013). 

A crucial measure of productivity is Total Factor 
Productivity (TFP). TFP is the part of output which 
cannot be directly attributed to the amount of inputs 
used in the production process. The level of TFP 
thus determines how efficiently and intensely the 
available inputs are used in production. A  survey 
provided by Del Gatto et  al. (2010) reviews and 
classifies most of the available methodologies and 
approaches for productivity estimation according to 
three main criteria: macro vs. micro, frontier vs. non-
frontier, and deterministic vs. econometric. In the 
several studies investigating the differences in TFP 
performance across countries or regions frontier 
models are applied (eg. Enflo and Hjertstrand, 

2006). Under this approach productivity growth 
is broken down into components attributable 
to efficiency change, technological progress and 
capital accumulation (Salinas-Jiménez, 2003). TFP 
is decomposed by means of productivity indexes, 
in particular the Malmquist index, which seems to 
be the most frequently employed in the empirical 
analyses. However, as O’Donnell (2012) argues, the 
Malmquist TFP index is incomplete as he points 
out that multiplicatively-complete aggregated TFP 
indexes are better applicable in wider economic 
contexts. One of them is the Färe-Primont index, 
which we employ in the analyses conducted in the 
present paper.

Empirical analyses confirm the presence of a high 
and persistent level of TFP heterogeneity across 
EU regions and regional productivity polarisation 
between high and low TFP levels (Di Liberto and 
Usai, 2013). Facing such differences in the level of 
innovativeness and productivity across European 
regions, the EU policy has recently shifted toward the 
so-called smart specialisation approach that became 
its dominant paradigm, constituting a key pillar for 
the Cohesion Policy of the European Commission 
for the period 2014–2020. According to Foray 
(2014) the concept of smart specialisation refers to 
“the capacity of an economic system (a  region for 
example) to generate new specialities through the 
discovery of new domains of opportunity and the 
local concentration and agglomeration of resources 
and competences in these domains”. The smart 
specialisation could be described as a  framework 
for prioritizing the allocation of innovative 
resources that are pivotal to a  given region. As 
each region shows a particular economic trajectory, 
it demands specific and place-based policies 
(González-López et  al., 2019). Following the smart 
specialisation strategies approach should release 
positive knowledge externalities both within as well 
as between regions. In particular, these strategies 
are crucial for the regions characterized by low TFP 
levels (Mc Cann and Ortega-Argilés, 2015).

Considering the fact that knowledge intensive 
activities are significantly concentrated across the 
European regional space (Marrocu et al., 2013), we 
expect their significant impact on differences in TFP 
levels. This notion allows us to formulate the key 
hypothesis of the study:

H1: Knowledge-intensive specialisation has 
a significant positive impact on TFP.

MATERIALS AND METHODS

Research Design
Our empirical analysis uses data referring to 

a  sample of 248 European regions at the NUTS 2 
level, and taking into account the years 2014–2016. 
The NUTS 2 level (basic regions) is appropriate 
for complex economic analyses, since it is used by 
Member States to apply their regional policies. On 
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the other hand, the NUTS 3 level may be applied for 
analyses, where more specific regional measures 
should be taken. The knowledge intensive 
specialisation of EU regions is captured by the 
statistics on high-tech industries and knowledge-
intensive services, i.e. the employment in high-tech 
sectors as a percentage of total employment (HTS). 
The data provided by the Eurostat are aggregated 
according to the sectoral approach. In the case 
the manufacturing industries, the aggregation 
is based on technological intensity (i.e. R&D 
expenditure/value added). In turn, services are 
aggregated into knowledge-intensive services on 
the basis of the share of tertiary educated persons 
at NACE 2-digit level. As such, high-tech industries 
include: the manufacture of basic pharmaceutical 
products and their preparations, the manufacture 
of computer, electronic and optical products, while 
high-tech knowledge-intensive services contain: 
motion picture, video and television programme 
production, sound recording and music publish 
activities, programming and broadcasting activities, 
telecommunications, computer programming, 
consultancy and related activities, information 
service activities, and scientific research and 
development.

For the purpose of TFP calculation, we employ two 
inputs one and output. Our measures of the input 
variables are employment (E) in thousand hours 
worked and gross fixed capital formation (GFCF), 
which consists of resident producers’ investments, 
deducting disposals, in fixed assets during a  given 
period. The output variable is gross domestic product 
(GDP) at current market prices. The regional data on 
GDP, employment and gross fixed capital formation 
have been derived from the Eurostat. 

The Färe-Primont index is used to calculate 
the aggregated output-input ratio, i.e. the total 
factor productivity (TFP). Due to its properties 
(i.e. determinateness and transitivity), this index 
is better than other more popular productivity 
indices (e.g. the Malmquist index) (Briec et al., 2018). 
O’Donnell (2011) shows that this index fulfils all 
economically-relevant axioms and tests from index 
number theory. The class of linearly homogeneous, 
non-negative, and non-decreasing output-input 
aggregator functions applied in the Färe-Primont 
index are as follows (O’Donnell 2011): 

Q(q) = D0(x0, q, t0),� (1)

X(x) = D1(x, q0, t0),� (2)

where x0 and q0 are vectors of representative input 
and output quantities, t0 denotes a  representative 
time period, and D0(.) and D1(.) are output and input 
distance functions. 

As mentioned previously, there are several 
parametric and semiparametric estimators applied 
to TFP estimation, besides non-parametric methods 
(including the Färe-Primont index). Van Beveren 
(2010) provides an excellent review of the former 
group. As suggested by Van Biesebroeck (2007), the 
non-parametric methods should be preferred over 
the parametric and semiparametric ones, when 
technology is heterogeneous, returns to scale are not 
constant, and measurement error is relatively small.

In order to find the impact of HTS on TFP we use 
the linear regression with both endogenous and 
exogenous spatial lags, i.e. the spatial Durbin model 
(Elhorst 2010). The model is given as:

    
 

     it ij jt it ij jt i iti j i jy w y x w x ,� (3)

where: wij – the spatial weighting matrix and 
μi  –  panel-level effects, which may be fixed or 
random.

The spatial weight matrix is calculated as the 
contiguity matrix for first-order neighbours. We use 
the raw normalization for this matrix. We fit the 
above model by applying the maximum likelihood 
method. 

RESULTS AND DISCUSSION
Tab. I displays the summary statistics of our data. 

We see that the average level of TFP is 0.3, while 
the average employment in the sample regions is 
3.65%. It should be noted that the average level of 
TFP was slightly decreasing in the analysed period. 
On the other hand, the opposite trend was observed 
in the case of the employment in high-tech sectors.

Fig.  1 shows the average employment in high-
tech manufacturing and knowledge-intensive 
services at the regional level. High employment 
in high-tech sectors is frequently seen in capital 
regions or neighbouring regions to capitals. The 
Berkshire, Buckinghamshire and Oxfordshire 
region of the United Kingdom, which is located 
close to London, has 10.8% of its employed people 
in high-tech sectors. Similarly, one out of ten 

I: Summary statistics

Variable Mean Std. Dev. Min Max

GDP 56752.59 63414.05 3053.27 683961.80

GFCF 11211.08 13013.18 456.16 154285.90

E 1455002 1165965 147866.20 9532803

HTS 3.65 1.91 0.70 11

TFP 0.30 0.06 0.14 0.58
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employees is employed in the high-tech sectors in 
Helsinki-Uusimaa region. Other examples include 
Hovedstaden (Denmark) with 9.5%, Praha (Czechia) 
with 9.2%, Inner London and Warszawski stołeczny 
(Poland) with 9.1%, and Bratislavský kraj (Slovakia) 
with 8.9%. On the contrary, the lowest ratio (below 
1%) were reported in Sud – Est (Romania), Anatoliki 
Makedonia, and Peloponissos (Greece). 

At national level, Portugal, Slovakia, Romania, 
Finland, and Belgium show the largest regional 
variation of the average employment in high-tech 
sectors (i.e. the interquartile range), while the smallest 
variation is observed in Austria and Bulgaria (Fig. 2). 
Some important differences among countries also 
emerge when comparing the positional average (i.e. 
median) of HTS. For countries with more than one 
region, the highest national values were registered in 

Slovakia, the United Kingdom, Czechia, and Belgium, 
while the lowest value was observed in Greece.

As regards the average level of TFP, the most 
productive regions in EU are placed along the United 
Kingdom, Germany and Italy corridor (Fig. 3 while 
the lowest levels of TFP are situated in peripheral 
regions of Eastern Europe (i.e. Bulgaria, Poland and 
Romania). What is worth noting, the extremely low 
TFP scores for these regions are also reported by 
Beugelsdijk, Klasing and Milionis (2018). 

Tab.  II shows the results of the spatial Durbin 
model estimation. Our model accounts for 57% 
of the total variance of TFP. In order to take into 
account the institutional proximity among regions 
located in particular countries, we included country 
dummies in the model. A  similar approach was 
used by Kijek and Kijek (2019) to study knowledge 
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2: Regional disparities in employment in high-tech sectors
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spillovers within European regions. Analysing 
the direct effect of HTS on TFP, we notice that the 
increase of own employment in high-tech sectors 
results in higher regional TFP. This finding supports 
our hypothesis. As mentioned previously, high-
tech sectors are key drivers of economic growth 
and productivity, and finally provide high value-
added employment. Moreover, high-tech sectors 
play a  key role in international trade and their 
development allows for improving performance in 
other sectors. For example, Evangelista et al. (2015) 
show that technological specialisation matters for 
the regional productivity growth. They argue that 
specialisation in key enabling technologies – KETs 
provides benefits for both technologically developed 
regions and technology backward regions. What is 

important, the effects of KETs are supposed to be 
stronger in the latter group.

Looking at the indirect effect of HTS, we find that 
it is insignificant. However, we should notice that 
the spatial autocorrelation parameter ρ is relatively 
large and significant. This finding, in turn, suggests 
that TFP spills over from nearby regions, but its 
diffusion is not explicitly realized by the employees 
from the high-tech sectors. On the one hand, one 
would expect that the increase of employment in 
high-tech sectors in a  region leads to the increase 
of its TFP and spurs additional (codified) knowledge 
flows into neighboring regions. On the other hand, 
the positive effects of human capital spillovers may 
be only found when the complementary stock of 
regional R&D is accumulated (Kijek and Kijek 2019). 

 47 
3: TFP in EU regions

II: Estimates of model parameters

TFP Coef. Std. Err. z P > |z|

TFP
HTS 0.003 0.001 2.54 0.011

Cons. 0.279 0.016 17.81 0.000

W
HTS 0.002 0.002 0.83 0.409

TFP 0.150 0.039 3.81 0.000

Country specific dummies Yes

Direct effect HTS 0.003 0.001 2.62 0.009

Indirect effect HTS 0.003 0.002 1.07 0.282

Total effect HTS 0.006 0.003 2.18 0.029

Wald test of spatial terms: chi2(2) = 19.08; Prob > chi2 = 0.000; Pseudo R2 = 0.57
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CONCLUSION
The main results of this paper can be summarised as follows. First, TFP varies substantially across the 
EU regions. The extremely low TFP scores were observed in peripheral regions of Eastern Europe. 
Second, the employment in high-tech manufacturing and high-tech knowledge-intensive services 
is not distributed uniformly in the EU regional space. High employment in high-tech sectors was 
recorded in capital regions or neighbouring regions to capitals. Finally, the results of the research 
model estimation show that specialisation in high-tech manufacturing and high-tech knowledge-
intensive services directly affects regional TFP. 
The results of this study allow for drawing some policy implications. The main implication of our 
analysis for policymakers is to explore and support knowledge-intensive specialisation patterns. 
The patterns of specialisation should be built upon existing regional technological competencies 
and human capital endowment. According to the smart specialisation theory policymakers should 
develop learning networks and deepen the linkages within the region in the promising fields of 
specialisation (Foray et al., 2011). As suggested by Boschma et al. (2012), more diversified regions 
have better growth opportunities than strongly specialised regions.
Beyond the presented results, this study paves the way for different avenues of future research. For 
example, it might be interesting to identify whether specialisation in high tech manufacturing is 
a complimentary or substitute strategy to specialisation in knowledge-intensive services. Moreover, 
future research should focus on emerging technological areas and finding their impact on regional 
growth. 
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