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Abstract

During the past few decades, globalization has dramatically changed the context of competitiveness 
around the world. Considering the role of competitiveness in the development of the digital 
economy, this paper aims to highlight the role of innovation, foreign direct investment (FDI), 
and human capital in supporting competitive European economies. The research hypothesis 
is that FDI, innovation, and human capital contribute to competitiveness growth. The paper 
extends the Cobb-Douglas function by including other competitiveness factors in a panel data 
framework based on the EU-28 countries in the period 2004-2018. The results indicate that GDP 
per capita variation is explained by human and physical capital, FDI, and R&D expenditure. 
Human capital plays a crucial role in economic development due to the innovation skills of 
individuals, which improve the productivity of these factors. Capital formation also makes a 
positive contribution to economic growth. The empirical evidence suggests that the changes in 
the GDP per capita are explained by modifications in the labor force and capital formation, as 
is described in the traditional framework of the Cobb-Douglas function. R&D expenditure and 
FDI stock, however, also play a significant role. Moreover, human capital could determine the 
adoption of external technology by absorbing new equipment and ideas.  On the other hand, the 
education index and capital formation showed a positive impact on GCI. 
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1. INTRODUCTION

During the last few decades, globalization and the acceleration of digitization adoption as the 
result of the Covid-19 crisis have changed the context of competitiveness around the world 
dramatically. There is an interconnected world where globalization has accelerated technological 
transfers. As a result of the third industrial revolution, digitization has facilitated access to 
both local and international markets, with significant impacts on competitiveness (Szeles & 
Simionescu, 2020). 

In numerous studies, many factors have been shown to have significant effects on competitiveness, 
most of this work has been incorporated into the Global Competitive Index aggregate, which 
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is based on 12 pillars (institutions, infrastructure, ITC adoption, macroeconomic stability, 
health, skills, product market, labor market, financial system, market size, business dynamism, 
and innovation capabilities) and is measured through 103 individual indicators.  The results 
for 2019 reveal that the “GCI score across the 141 economies studies is 60.7, meaning that the 
distance to the frontier stands at almost 40 points” (Schwab, 2019). Competitiveness registered 
a “declining trend in fundamental aspects of productivity,” reclaiming in the digitization era a 
“transformation toward new economic systems” that will combine “productivity, people and 
planet targets” (Schwab & Zahidi, 2020) as essential factors for improving the competitiveness in 
the future (Gavurova et al., 2020). In the digitization era, productivity is linked with the process 
of diffusion of innovation and technologies, with infrastructure (inclusive ITC infrastructure), 
equipment, and new technologies as essential elements. Innovation, considered as linking new 
ideas to the market or “a process of universal essence that has to be viewed from a systemic 
perspective” (Manuylenko et al., 2015) is also an important factor of increasing competitiveness 
(Priede & Pereira, 2013). Foreign direct investment (FDI) stimulates competition through the 
spillover of new technologies, long-life learning processes, and new managerial practices based on 
digitization, the effects of which on competitiveness depend on human capital in host countries 
in the form of education and skills. Human capital as a complementary and endogenous growth 
factor will require new skills, higher investment into education, as well as updated education 
curricula and reskilling programs to answer the latest labor market demand (Suroso et al., 2020). 
In this context Přívara (2020) emphasizes the importance of market conditions and emigration 
trends in the EU.

In Europe, the enlargement process of the EU led to significant heterogeneity, which affected 
development and competitiveness under the EU policy and created high discrepancies. The EU 
has upgraded its competitiveness to meet the new challenges using the meaningful opportunities 
created by one of the world’s largest markets as an efficient platform for organizing joint venture 
action, i.e. a place for improving local practices among members and providing technical support 
and co-financing. The single market of the European Union has served to increase competition 
between countries with significant differences, especially between older members and the newly 
integrated Eastern European countries, who have greatly affected by the transition. All of the 
changes involved could impact competitiveness directly or indirectly. 

In this context, the paper focuses on Europe after the enlargement, when the disparities among 
countries increased based on differences between previously and newly entering countries. The 
research hypothesis is that FDI, innovation, and human capital contribute to competitiveness 
growth. The study aims to highlight through appropriate models the relationship between FDI-
human capital and innovation in the countries of the European Union and competitiveness. 
GCI and GDP per capita at PPP are used as metrics of competitiveness. As FDI, innovation, and 
human capital might affect national competitiveness, the paper checks if these factors influenced 
competitiveness at EU level in the period 2004-2018, after the European enlargement.  

Firstly, the novelty of paper derives from the fact that authors model the influence of the chosen 
three factors on two alternative indicators selected as a proxy for competitiveness: the first being 
the composite indicator GCI, as “macroeconomic indicators do not reflect the real reality” 
(Baltgailis, 2019). The second indicator is gross domestic product (GDP) per capita, usually 
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considered to be a good measure of the welfare of a country.  A long-term objective of the EU 
has been set to increase competitiveness to offer their population a high standard of living. The 
correlation coefficient between these two indicators for the EU 28 countries for 2006-2016 was 
0.58 (Dobrovic et al., 2018), a significant statistical level to be used as a proxy for competitiveness. 
Secondly, the novelty of this paper derives from the fact that authors applied a mixed econometric 
method: i) the regression method, using the MG estimator for each panel member (Pesaran & 
Smith, 1995) and CCEMG estimator (Pesaran, 2006); ii) dynamic panel regression models and a 
ridge regression estimated in a Bayesian framework to determine the most competitive countries 
in the EU. Based on the indicators chosen as a measure for competitiveness and econometric 
methods, the results identify significant differences. The paper is organized into three parts: a 
synthetic view of literature, a short presentation of the methodology, and an empirical analysis 
with comments on the results and conclusions.  

2. LITERATURE REVIEW

A bibliometric study of economics literature over the last 70 years has investigated international 
competitiveness. Since 1970 authors have been focused on this topic, with their results published 
in 457 journals, which reveals the importance of this topic (Olczyk, 2016). The study shows that 
the papers could be grouped into four clusters based on the role of different factors seeking to 
explain international competitiveness. The first cluster is related to the role of knowledge, human 
capital, and innovation. The second is associated with the level of technological development, the 
third is related to location and globalization, and the last cluster is linked to environmental policy 
and regulation changes. Many approaches to competitiveness based on different competitiveness 
metrics have been employed, such as standard price indicators (Altomonte & Békés, 2014); non-
price competitiveness factors that might explain 30-40% of the export variation among EU 
countries, with the rest explained by standard export equation (Christodoulopoulou & Tkacevs, 
2014); computed indicators such as GCI; and wealth creation and productivity as the primary 
driver of cross-country differences (Squalli et al., 2008).

In a number of papers, competitiveness is shown as productivity, with some authors 
demonstrating the vital role of R&D and innovation in terms of increased productivity as a 
measure of competitiveness (e.g. Fernando, 2020). Giménez et al., (2015) applied alternative 
measures for human capital, concluding that no positive relationship exists between human 
capital and economic growth when human capital is measured by the average number of years 
of schooling in the total population or enrolment rate in secondary education. This relationship 
was strong in the 15 OECD countries in the period 1980-2005 if the new indicator proposed 
by the authors is taken into account. Regarding the relationship with innovation, the Granger 
causality test indicated a strong link between the new human capital indicator and the number of 
patents granted. The results are in line with the new theory of endogenous growth.  An analysis 
of the growth of human capital as a source to increase the number of innovative entrepreneurs 
and innovative products that indirectly drive economic growth through the innovative channel 
demonstrate, based on an OLS regression model, the existence of a long-term relationship 
between human capital, innovation and economic growth from a regional perspective, using the 
265 NUTS 2 or equivalent regions of the European Union (Diebolt & Hippe, 2019). 
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Another study is convinced about the idea that if the competitiveness in the EU should be 
understood, the focus must look at drivers of performance of top companies like the quality 
of human capital, institutional framework conditions, access to market, quality and branding, 
and ability of the firm to use the global value production chains (Wolff, 2016). The relationship 
between global competitiveness based on GCI and economic growth rate for 114 countries 
covering the period 2006-2014 showed the following when a panel Granger causality was used: 
a unidirectional causality from GDP growth to GCI, the fact that GCI can predict development 
only in a particular case, the relation was valid only in 66% of the total case samples, most often 
in the low-income countries (14 out of 15 that were investigated) and  rarely in the case of middle-
income countries. (Kordalska & Olczyc, 2016). 

Some papers focus on Competitiveness in EU countries based on GCI indicators and correlation 
with sub-index (Marčeta & Bojnec, 2020; Mura, 2020; Ivanová & Masárová, 2018; Zoroja & 
Pejić Bach, 2016) that show the importance of financial effort to sustained: i) research and 
innovation process at the national level to offer more products to internal and external market; 
ii) education system to increase the national human capital; iii) ITC infrastructure; iv) financial 
market development, etc.

In the last 8 years, the competitiveness gap of EU countries in the context of Europe 2020 
Strategy shows, using the Global Competitive Index, that EU 10 (Austria, Belgium, Denmark, 
Finland, France, Germany, Luxemburg, the Netherlands, Sweden and the United Kingdom) 
are closer to the US, and that China and India registered very rapid growth and improvement 
of the GCI score.  Based on Innovation criteria, Finland, Germany, Sweden, the Netherlands, 
Denmark, and UK are the most innovative countries of EU. Three of them (Finland, Sweden 
and Denmark) fulfill the 3% target and Germany with 2.84% is very close, but under the 4% 
target in South Korea, 3.4% in Japan and less than 3% in the US (Priede & Neuert, 2015).

An analysis of the relationship between the three sub-index of competitiveness and GCI on 
the one hand, and between research in industries and university and cluster development on 
competitiveness in the EU 28 countries on the other, highlight: i) the existences of a positive 
correlation between GCI and GDP per capita (0.67), and a not significant level for indicators 
of tertiary education (0.43); ii) that the level of the correlation between GDP per capita and 
enrolment into tertiary education was only 0.07; iii) the highest correlation coefficient for GCI 
with technology (absorption capacity-0.94 and availability-0.93) and quality of the educational 
system (0.84), that means that innovation and education of labor force are essential drivers for 
competitiveness in EU 28 (Marčeta & Bojnec, 2020). 

The analyses of the impact of innovation on productivity and growth in EU-28 from 1995 to 
2013 show that: i) the correlation coefficient was positive and significant (over the 0.5) in 16 
EU member states; ii) the coefficients were negative in five countries (France, the Netherlands, 
Slovakia, Sweden and UK), but only in one case, it was statistically significant at 5% and the 
correlation was weak (UK); for the rest of the countries, the level was positive but under 0.5 and 
statistically insignificant at 5%; iii)  a level of 2.85% of GDP investment in R&D maximized 
labor productivity, even if it is under  3%, it is considered to be  the target for 2020, taking 
into consideration that; in 2018  the average level for EU 28 was 2.12, and only four countries 
registered a level over 3% (Austria, Denmark, Germany, and Sweden) (Nekrep et al., 2018). 
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A study that analyzed the driver role of information and communication technology (ITC) to 
the competitiveness of European countries in 2011, using the K-means method to choose the 
four clusters and ANOVA analysis to test differences between them. The results show that 
Western, Northern, and Central Europe provide the most competitive countries in the world and 
invest more in ITC as compared to the countries that have recently entered UE that registered a 
development lag as compared to the countries from the first two clusters (Zoroja & Pejić Bach, 
2016). The role of innovation in economic growth appeared in a wide range of papers, but Florida 
(2002) highlighted the link between knowledge and economic development by introducing 
creative classes to measure human capital, which has creative capabilities.

The analyses of the impact of patent innovation and R&D on economic growth in the old EU 
member states (15 countries) and the new ones (13 countries) between 1993-2011 show that the 
knowledge pool reduces the cost of R&D for future innovations and the knowledge created as a 
result of R&D helps to increase the effectiveness of physical and human capital. Moreover, using 
panel models, the authors did not reveal any significant statistical link between R&D expenditure 
and economic growth in EU15 and EU13 countries. In contrast, patent-related growth results 
were significant, positive in EU-13 countries, and insignificant in the EU15 (Kacprzyk & Doryń, 
2017).

A study about the driver of competitiveness in the New EU Member State show, based on the 
dynamic panel model on one-step GMM estimator during 1999-2016, that the government and 
structure of export goods have a positive role in competitiveness measured as GDP per person 
employed. So, it can be stated that the competitiveness of contemporary economies is determined 
by non-price factors as governance indicators, financial development and efficiency of market 
services (Dumančić & Mačkić, 2017).

In terms of FDI, studies on their impact on economic growth are numerous, some of them 
pointing out that the effect of FDI on labor productivity, and hence on economic growth, 
depends on the absorption capacity of host countries. The interactions between the educated 
and high-educated population, being more mobile, could provide knowledge transfer, which 
means that human capital, measured by the educational level reached, and the intensity of small 
and medium-sized firms are statistically associated with development. Simultaneously, classes 
of creative workers or the share of advanced technology industries are insignificant from this 
perspective in the US (Faggian et al., 2016). 

All these papers highlight, based on different models proving that human capital, FDI, and 
innovation are important factors with direct effects on competitiveness at the national or 
regional level, but many other factors contribute to competitiveness development at the national 
or regional level. Also, the papers highlight that the competitiveness could be measured by 
composed indices as GCI or other indicators as a proxy for productivity or economic growth.

3. RESEARCH OBJECTIVE, METHODOLOGY AND DATA

This research aims to explain two indicators that reflect the economic competitiveness in the 
EU-28 in the period 2004-2018: GDP per capita growth and global competitiveness index. The 
research hypothesis is that FDI, innovation and human capital contribute to competitiveness 
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growth. Given this hypothesis, a Cobb-Douglas production function was extended to include 
different perspectives of technological progress.  

Let’s start from the standard form of the Cobb-Douglas production function: 

Yt=At ∙Kt
α∙Lt

1-α (1), 

where Y- output at time t, K- capital stock at time t, L-labor force at time t, α- parameter (0<α<1), 
A-parameter including total factor productivity which primary components are efficiency and 
technological progress.

It can be assumed that technology is determined by aspects related to skilled human capital 
(personnel and expenses in the R&D sector, population with tertiary education, innovation 
index, human development index), and investment (FDI stock and inflows). Suitable proxies 
for output growth might be represented by GDP per capita growth and global competitiveness 
index. In this context, it can be assumed a technology model: 

At=μ∙SHCt
β∙It

γ (2)

μ,β,γ- parameters, SHCt - skilled human capital at time t, It- investment at time t (foreign direct 
investment), u- error term (white noise)

If the value of At in equation (1) is replaced and the corresponding regression model is written, 
the results will be: 

Yt = μ∙SHCt
β∙It

γ∙Kt
α∙Lt

1-α∙ue (3)

The log-linearized form of the model is considered for estimations:

ln Yt =μ+β∙SHCt+γ∙It+α∙Kt+(1-α)∙Lt+ut (4)

In the case of more countries (all the EU countries, including the UK; i-index for the country) 
for which the data are registered in a certain period (2004-2018), the panel data model can be 
considered as follows: 

ln Yit =μ+β∙SHCit+γ∙It+α∙K it+(1-α)∙Lit+u it (5) 

Before constructing the panel data models, the stationary data is checked using unit root tests for 
data in level and for logarithmic data. As authors have unbalanced panel data, the Im-Pesaran-
Shin test is applied to check for stationarity. The logarithm data are stationary in the first level for 
all variables at a 10% level of significance. Therefore, authors will focus on heterogeneous panel 
estimators: all mean group type estimator (MG) and common correlated effects mean group 
estimator (CCEMG). Authors start from the following model:

Yit=βi∙X it+u it   (6) 

X it=α1i+τi∙ft+γi∙gt+eit   (7)

u it=α2i+τi∙ft+εit (8)

i=1,2,…,N and T=1,2,…,T, βi - country-specific slope associated with explanatory variables, ft, 
gt- unobserved common factor, τi- factor loadings capturing heterogeneity that does not change 
in time and cross-section dependence, εit,eit- white noise. The variables X it and Yit are observable. 
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u it includes errors (εit) and unobservable factors. α1i  and α2i capture heterogeneity across groups 
that does not change in time. 

The MG estimator calculation supposes the estimation of N group-specific OLS regressions 
and the computation of average based on estimates across groups. MG estimator does not 
assume cross-section dependence, and it is built for each panel member (Pesaran & Smith, 1995). 
CCEMG estimator allows for cross-section dependence and time-variant unobservable with 
heterogeneous effect across countries (Pesaran, 2006). The cointegration between variables is 
checked using the Westerlund test under two assumptions: some panels are cointegrated and all 
panels are cointegrated (Westerlund and Edgerton, 2007). Granger causality in the panel is also 
reviewed for stationary data. Dynamic panel regression models will be run to assess the impact 
of different variables on GDP per capita and GCI. Preliminary tests confirmed the existence of 
endogeneity. In the following equation (9), GDP per capita, respectively GCI is explained based 
on a set of endogenous variables.

yit=αyi,t-1+βX it+εit (9) 

εit=u i+vit  (10)

X it- a vector of exogenous regressors, α, β- column vectors of coefficients, yit and εit- random 
variables. Error term εit has two orthogonal components: ui (fixed effects), and vit (idiosyncratic 
shocks).

The differences between countries in terms of competitiveness make us consider a separate 
analysis for the sample countries with the highest GCI. Specific methods are deemed to process 
short time series for these countries. Therefore, ridge regression estimated in a Bayesian 
framework is considered for most competitive countries in the EU. Ridge regressions were built 
to GCI in these countries. Authors started the empirical analysis with information about the 
data used in the model. As authors explain the economic performance based on different factors, 
starting from the Cobb-Douglas function, more potential explanatory variables are considered 
in the analysis:

 y gross capital formation as a percent of GDP that will be used in the analysis as the increase 
in the stock of physical capital stock is expected to have a positive impact on production;

 y number of employed people in thousand persons from 15 to 64 years that will be considered 
as labor force;

 y population with tertiary education as percent in total population from 15-64 years, and 
Education Index (EDI), calculated using mean years of schooling and expected years of 
education, was used as a proxy for human capital.  Higher education is one of the crucial 
sources for the high skilled labor force that could support export growth and competitiveness 
(Landesmann & Leitner, 2015). Authors used the indicators that describe people’s education 
considering that the educated labor force is better at adopting new technologies. Technological 
progress could be modeled as a function of the level of education or human capital. The 
growth models based on the standard Cobb-Douglas production function show that human 
capital growth has insignificant effects in explaining per capita income growth. 



Journal of  Competitiveness 136

 y variables that reflect aspects from the R&D sector: Intramural R&D expenditure (GERD) 
in euro per capita, and R&D personnel expressed as full time; higher R&D and innovation 
will generate higher competitiveness;

 y indicators that reflect technological progress: Innovation Index also used by Atkinson (2013) 
that explain the role of innovation in enhancing competitiveness;

 y FDI as FDI inflow and FDI stock, from FDI/MNE database (www.unctad.org/fdistatistics); 
UNCTAD, United Nations. According to economic theory, FDI should enhance economic 
growth, which improves competitiveness. 

The variables, their computation and sources of data are presented in Table 1.

Tab. 1 ¬− Model variables. Source: own research
Variable used in the 
models

Computation Source of data

Gross capital 
formation 

As a percent of GDP (%)

Eurostat

Number of employed 
people

In thousand persons from 15 to 64 
years

Population with 
tertiary education 

As percentage in total population 
from 15-64 years (%)

Expenditure in the 
R&D sector

Intramural R&D expenditure 
(GERD) in euro per capita

R&D personnel Computed as a full time  

Education Index 
(EDI)

Calculated using mean years of 
schooling and expected years of 
schooling

Human Development 
Report, UNDP

Innovation index

Computed based 27 indicators 
aggregated into four subindices: 
framework condition, investment, 
innovation activities, and impacts 

European Innovation 
Scoreboard, 2010, 2017- 
2019, Annex F, and 2007 
Annex D

FDI inflow and FDI 
stock

mil. Dollar FDI/MNE database

Global 
Competitiveness 
Index GCI

GCI is computed based on 98 
indicators in 2018, organized into 12 
pillars. 

World Bank
GDP per capita in 
PPP (growth rate 
real)

GDP per capita in PPP (growth rate 
real) represents the annual percentage 
growth rate of GDP per capita using 
constant local currency.

The dependent variable is represented by GDP per capita in PPP, which is considered to be a proxy 
for national competitiveness (Petrariu et al., 2013) and, respectively, the global competitiveness 
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index (GCI).  There is a moderate correlation between these two indicators (0.664), comparable 
with the results of Dobrovic et al. (2018), who show a correlation coefficient of 0.58.  

4. RESULTS AND DISCUSSION

The hypotheses of cross-section dependence and heterogeneity are fulfilled since the economic 
growth or competitiveness in an EU country depends on the economic evolutions in other 
EU countries. Still, specific-country effects in the short-run made them different from other 
perspectives. The heterogeneity is explained by the different responses of governments to 
external shocks. The heterogeneous short-run and long-run relationships are reflected by the 
MG estimator that is consistent for many countries like in this analysis (28 countries). The main 
benefit of MG and CCEMG estimators is the alleviation of endogeneity (Pesaran et al., 1999).

On the other hand, the assumption of homogeneity could be fulfilled in the long term when 
CCEMF provides efficient and consistent estimators (Pesaran, 2006). Dynamic panel data 
models also reduce endogeneity. Ridge regressions for country-level analysis are justified by the 
small number of observations in the sample, which makes traditional linear regression unsuitable 
in this case. Firstly, the presence of unit roots is detected using a test for unbalanced panels, Im-
Pesaran-Shin test. GDP per capita, expenditure in the R&D sector, EDI, innovation index, capital 
formation, FDI inflows, and FDI stock are stationary at a 10% level of significance. The rest of 
the variables are stationary in the first difference. The data for all variables are transformed by 
applying the logarithm. These variables are stationary in the first difference. CCEMG estimators 
are computed to explain GDP per capita, and then MG and CCEMG estimators are calculated 
to describe GCI in the EU-28 in Table 2 and Table 3. 

Tab. 2 − Heterogenous panel estimators for explaining GDP per capita growth in the EU-28 
(2004-2018). Source: own research
Variable CCEMG estimator

Coefficient p-value

ln(expenditure in the R&D sector) 1.310 0.075
ln(labor force) -4.449 0.027
ln(capital formation) 3.371 0.076
Cross-section averaged ln(GDP per capita) 1.402 0.000
Cross-section averaged ln(expenditure in the R&D sector) -4.02 0.097
Cross-section averaged ln(labor force) 5.374 0.020
Cross-section averaged ln(capital formation) -5.150 0.026
Constant 4.558 0.479

According to the results in Table 2, the changes in the GDP per capita are explained by changes in 
the labor force and capital formation like in the traditional framework of Cobb-Douglas function, 
but also by R&D expenditure and FDI stock. Capital formation has a positive contribution, 
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while a decline in the labor force does not slow down GDP per capita.  The logarithm variables 
of expenditure in the R&D sector are significant but are an incorrect sign similar to the results of 
Petrariu et al. (2013), who obtained the same sign in a pooled data regression between economic 
growth and its determinants in the case of CEE countries and consider that this result suggests 
a catch-up process. Also, the logarithm of the labor force has an insignificant contribution, and 
the impact on GP per capita was negative, similar to the result obtained by Kosztowniak (2013). 
“Unequal distribution of education tends to have a negative impact on per capita income in most 
countries.” Fathy & Safijllin (2019) show using panel data for EU countries that “impact on labor 
force on real GDP per capita, have a big problem about the data on the labor market for wages 
and efficiency of the labor market. When the labor force participation was employed, the result 
was insignificant, and the sign was negative.

Tab. 3 − Heterogenous panel estimators for explaining GCI in the EU-28 (2004-2018). Source: 
own research

Variable  
MG estimator CCEMG estimator

Coefficient p-value Coefficient p-value

ln(personnel in the R&D sector) 0.094 0.057 -0.080 0.022
ln(capital formation) 0.140 0.000 0.140 0.000
ln(EDI) 0.779 0.017 0.883 0.013
Cross-section averaged ln(GCI) - - 1.090 0.000
Cross-section averaged ln(personnel in the 
R&D sector)

- - -0.659 0.090

Cross-section averaged ln(capital 
formation)

- - -0.111 0.003

Cross-section averaged ln(EDI) 0.199 0.060 -0.606 0.093
Constant 2.222 0.726 0.712 0.350

According to Table 3, the GCI changes are explained by changes in EDI, R&D personnel, 
and capital formation. Capital formation and EDI have a positive contribution to GCI. In this 
case, R&D personnel seems irrelevant for competitiveness. The unequal access to education 
determines decrease in GDP per capita in many countries.   The results contradict the results 
of the emerald model used by Akpinar et al. (2015), who highlight that education and R&D are 
the third and fourth most influential factors of competitiveness in the EU. The results for EU 
countries are in line with Fathy & Safijllin (2019), who showed that innovation is not enough to 
support significant economic development.

Authors checked for cointegration between the natural logarithm of GDP per capita/logarithm 
of GCI and the regressors in the model with ME estimators: natural logarithm of expenditure 
in the R&D sector, FDI stock, capital formation, and labor force. According to the Westerlund 
test, all the panels are cointegrated at a 10% level of significance. This result confirms a long-run 
relationship between these variables. 
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Granger causalities were checked using stationary panel data using GDP per capita, variation 
in expenditure per capita in the R&D sector, FDI stock, capital formation, and labor force. 
According to the results of Hurlin & Dumitrescu (2012), a Granger causality test indicated 
a bidirectional causal relationship between GDP per capita and capital formation (computed 
statistics: 9.1335 and 7.9433, p-values <0.05) as well as a causal relationship between FDI stock 
and GDP per capita for the EU-28 countries in the period 2004-2018 (calculated stat.=2.7594, 
p-value=0.0058). Using a Cobb Douglas model, Kosztowniak (2013) also found that the 
employment relationship with GDP is insignificant and negative. Rusu & Roman (2018) explain 
this finding by the fact that the great number of jobs were chosen instead of hours of work. 
The volume of FDI inflows depends on labor force capacity to apply the new technology and to 
value it. Previous studies highlight the finding that effects come under theoretical expectations 
because of the absence of adaptability of the labor force to the new technologies.  Bronzini & 
Piselli (2009) consider that R&D activity could have a slowing effect in reducing the disparities 
between countries. Hall et al. (2010) show that private R&D funds have a positive impact on 
GDP growth compared to government R&D funds.

The construction preliminary tests of the prior models were applied to all the regression models. 
Issues like endogeneity, heteroskedasticity, and autocorrelation were particularly examined 
before estimator selection. The Wooldridge test for autocorrelation was based on Drukker’s 
method, likelihood ratio tests for investigating heteroskedasticity was applied, with the results 
confirming the presence of heteroskedasticity and autocorrelation. Variance Inflation Factors 
(VIF) were computed for each explanatory variable to check for multicollinearity, but the values 
of VIF did not indicate a multicollinearity issue. While heteroskedasticity and autocorrelation 
were existent, endogeneity was found to be an issue. Therefore, authors used the GMM system 
for estimating the models in Tables 4 and 5. 

Tab. 4 − Determinants of GDP per capita in the EU (2004-2018) (System GMM estimation). 
Source: own research
Variable Coefficient t-statistics p-value

GDP per capita in the previous year 0.405 10.29 0.000
Variation in expenditure in the R&D sector -0.012 -7.21 0.000
FDI stock 0.000005 2.49 0.013
Capital formation 0.105 1.74 0.083
Constant 3.154 1.8 0.073

The panel data model in Table 4 indicates that FDI stock has a low positive impact on GDP 
per capita. In contrast, capital formation has the most substantial positive impact, as expected. 
Variation in expenditure in the R&D sector is negatively and weakly correlated to GDP per 
capita. Other authors consider that the R&D influence on economic growth is not automatically 
positive since R&D utilization depends on many institutional and social factors as well as country 
specificity (Simionescu et al., 2017). More expenses in the R&D sector are not reflected in the 
improvement of living standards, as time is necessary to incorporate the results of this sector 
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into the real life of the population. The R&D policies were better correlated with the global 
competitiveness index (see Table 5).

Tab. 5 − Determinants of GCI variation in the EU (2004-2018) (System GMM estimation). 
Source: own research
Variable Coefficient t-statistics p-value
GCI variation in the previous year 0.225 3.27 0.001
Capital formation 0.012 6.02 0.000
Variation in the personnel in the R&D sector 0.000002 5.68 0.000
Constant 3.159 10.02 0.000

The panel data model in Table 5 indicates that variation in GCI in the EU is explained by the 
capital formation and variation in the personnel engaged in R&D activities. As for the panel data 
models in Table 4 and Table 5 based on system GMM, the results of the Sargan test indicate that 
the null hypothesis of the exogenous instruments was not rejected. The Arellano-Bond test for 
idiosyncratic error autocorrelation suggests no autocorrelation. The test results for AR (1) and 
AR (2) processes in terms of first differences rejects the null assumption. According to the latest 
data published in 2019, only two EU countries placed in the period 2017-2018 among the 10 
most competitive countries in the world according to GCI values: the Netherlands (rank 4) and 
Germany (rank 7). In this context, a separate analysis of those countries would be necessary to 
identify the main drivers of competitiveness in each case.

In Table 6, the factors are presented that influence GCI in the Netherlands based on the Ridge 
regression with marginal MLE standardized coefficients (posterior mean) and the posterior 
probability that the standardized coefficient is within 1 standard deviation of 0 (prob.). 

Tab. 6 − Ridge regressions with marginal MLE to explain GCI in the Netherlands and 
Germany (2004-2018). Source: own research
Covariate Netherlands Germany
 posterior mean prob. posterior 

mean
prob.

intercept 0 1 0 1
ln(expenditure in R&D) 0.006      0.514      0.006      0.480      
ln(EDI) 0.007 0.661     0.004 0.557      
ln(personnel in R&D) 0.007      0.458      0.007      0.439      
ln(innovation index) 0.006      0.427      0.003      0.566     
ln(capital formation) 0.005      0.509      0.008      0.243      
ln(FDI stock) 0.007 0.605     0.002      0.642     
ln(population with tertiary 
education)

0.003      0.636     -0.001      0.665     

ln(labor force) -0.002 0.624 -0.002 0.637
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According to the ridge regression model in Table 6, the Netherlands’ GCI in 2004-2018 
depended on the innovation index, personnel in the R&D sector as well as expenditure in R&D 
and FDI stock. The GCI in Germany in the period 2004-2018 depended on capital formation 
(positive correlation), expenditure in the R&D sector, and personnel in the R&D sector. These 
results for Germany suggest that besides capital formation, the performance of the R&D sector 
and the inputs in this sector contributed to competitiveness in Germany. However, innovation 
did not have a significant impact on competitiveness growth in this country. The results for 
the Netherlands suggest that innovation and human capital in the R&D sector were the main 
drivers of competitiveness. Compared to Germany, in the Netherlands, innovation succeeded 
in transferring the results to economic performance. Analyzing the drive factors of a leader of 
competitiveness in the world based on WEF and IMD methodology, Loo (2012) show that for 
many of them innovation (Sweden, Switzerland, US), higher education and training (Switzerland, 
Sweden, Denmark) and labor market efficiency (US, Denmark) are the most important.

5. CONCLUSION

The complexity and dynamics of the competitiveness process in the modern international context 
have been demonstrated by a multitude of approaches and indicators measuring this process 
(simple indicators like GDP per capita and composite indicators like GCI, WCI, CGSI). Gaps 
in economic development among countries influence the impact of the key factors regarding 
competitiveness. The selection of the variables expressing the key factors is also important in 
establishing the dimension and the sense of influence. 

Human capital plays a crucial role in economic development due to the skills of innovative 
individuals which improve productivity. Moreover, human capital may determine the adoption 
of external technology by absorbing new equipment and ideas. Capital formation also has a 
positive contribution to economic growth. The methodological framework of the Cobb-Douglas 
function was extended by including, besides labor force and capital formation, aspects related to 
technological progress, R&D, and FDI.

The empirical evidence suggests that GDP per capita changes can be explained by alterations 
in the labor force and capital formation as in the traditional framework of the Cobb-Douglas 
function, although R&D expenditure and FDI stock also play a significant role.

The key limitation of the research is related to the GCI, which is a composite indicator; two-
thirds of the data used for calculating the GCI scores come from survey data, with only a third 
from statistical data. The utilization of the indicators such as stock and flow variables influences 
competitiveness analysis results. A limit of the study is given by the heterogeneity of the analyzed 
countries, which affecst the factors determining competitiveness, as this case study indicates. 
Rusu & Roman (2018) demonstrated significant differences among the indicators that determine 
competitiveness in the EU-10 countries according to the degree of economic development. 
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