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Abstract Research and development (R&D) of countries play a major role in a long-
term development of the economy. We measure the R&D efficiency of all 28 member
countries of the EuropeanUnion in the years 2008–2014. Super-efficient data envelop-
ment analysis (DEA) based on robustness of classification into efficient and inefficient
units is adopted. We use the number of citations as output of basic research, the num-
ber of patents as output of applied research and R&D expenditures with manpower
as inputs. To meet DEA assumptions and to capture R&D characteristics, we analyze
a homogeneous sample of countries, adjust prices using purchasing power parity and
consider time lag between inputs and outputs. We find that the efficiency of general
R&D is higher for countries with higher GDP per capita. This relation also holds for
specialized efficiencies of basic and applied research. However, it is much stronger
for applied research suggesting its outputs are more easily distinguished and captured.
Our findings are important in the evaluation of research and policy making.
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1 Introduction

Research and development (R&D) is work directed towards corporate or government
innovation. We focus on R&D on the national level as it plays a major role in the
development of the economy in long term. For that reason, many countries invest
significant part of their resources to R&D. These expenditures are directly a part of
the gross domestic product and immediately contribute to economic growth. However,
the purpose of R&D is its long-term effect on economic growth. In general, R&D can
be classified into basic research aiming at improvement of scientific theories and
applied research aiming at developing new technologies.

The question is whether R&D operations in a country are efficient in compari-
son with other countries. We measure R&D efficiency by data envelopment analysis
(DEA). Our main goal is to determine the efficiencies of basic and applied research
within European Union countries and to examine the following two hypotheses:

Hypothesis 1 The efficiency of a country’s R&D is interlinked with its level of eco-
nomic advancement. The greater the economic advancement of a country the more
efficient its R&D.

Hypothesis 2 The relation between R&D efficiency and the level of economic
advancement of a country also holds separately for basic and applied research. The
relation is stronger for applied research as its outputs are easier to capture and more
conspicuous.

We review the literature related to R&D in Sect. 2.1.We focusmainly on differences
between basic and applied research as well as on possible proxy variables. Advance-
ments of DEA are highlighted in Sect. 2.2. There are many studies analyzing the R&D
efficiency of countries using DEA methodology. We survey the literature regarding
R&D efficiency in Sect. 2.3. However, many of these studies overlook the importance
of analyzing the efficiency within the context of basic and applied research.

To rank countries by their R&D efficiency we adopt Chebyshev distance DEA
proposed by Hladík (2017). This method has many advantages over the classical
DEA. It is based on robustness of the (in)efficiency, is invariant to scaling, measures
super-efficiency and is naturally normalized.We describe this DEAmodel in Sect. 3.1.
To examine our hypotheses we use panel regression with random time effects. In this
model, the limited value of the efficiency is captured by logistic function. We describe
this panel regression model in Sect. 3.2.

In the empirical study, we compare R&D efficiency of 28 countries of European
Union in the years 2008–2014. As inputs to the R&D of a country we have chosen
total R&D expenditures (TERD) and the number of scientist and engineers (SAE). The
output of basic research is proxied by the number of citations of scientific publications
(CIT) while the output of applied research is proxied by the number of patent applica-
tions granted to theEuropeanPatentOffice (EPO). The level of economic advancement
of a country is represented by the gross domestic product per capita (GDP). We dis-
cuss the availability of the data and selection of variables in Sect. 4.1. Other possible
variables are discussed in Sect. 4.2. In Sect. 4.3, we rank countries based on overall
R&D efficiency as well as specialized efficiencies for basic and applied research. We
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compare our results of efficiency analysis with other studies in Sect. 4.4. The relation
of R&D efficiency and the level of economic advancement of a country is investigated
in Sect. 4.5. We find that the overall efficiency is higher for countries with higher
GDP supporting Hypothesis 1. We also find that the relation of applied research effi-
ciency to GDP is more distinctive than the one of basic research efficiency supporting
Hypothesis 2. Implications of our findings are discussed in Sect. 4.6.

We conclude the paper in Sect. 5. The first contribution of our paper is the ranking
of European countries based on basic and applied research that takes into account
homogeneity of countries, purchasing power parity and the time delay between inputs
and outputs. The second contribution is the exposure of positive relation between the
R&D efficiency and the GDP of a country. The third and final contribution is the
assessment of differences between basic and applied research in the context of R&D
efficiency.

2 Literature review

2.1 Basic versus applied research

Berbegal-Mirabent and Sabate (2015) studied interactions between basic and applied
research at Spanish universities in 2006–2010 using a regression model. They used
the number of scientific publications as a proxy for basic research and the number of
patents as a proxy for applied research. A study conducted by OECD (2004) about the
effects of patents showed that universities started to focus more on applied research
when the number of patents was included as a factor in budget allocation. Schmoch
(2005) studied institutional research in theEuropeanUnion.Again, he used the number
of scientific publications as proxy for basic research and the number of patents as a
proxy for applied research. However, he discussed that these variables might not
be ideal as not all universities are registered as patent applicants. Guellec and van
Pottelsberghe de la Potterie (2005) noted that the use of patents as an indicator in
R&D refers to applied research rather than to basic research.

The classification into basic and applied researchwas also criticized.Narayanamurti
et al. (2013) argued that it does not reflect rich connections between various types of
research. Desrochers (1998) warned that the patents are hard to compare as their real
value can vary. They also do not have to be the outcome of R&D but a defensive
strategy of a company. Finally, a lot of R&D outcome is impossible to patent or is
simply not patented due to secrecy or morality reasons. Krejčí and Stoklasa (2016)
dealt with a scientific monographs evaluation with a focus on the subjectivity in the
peer-review process. Problems with bibliometric data may arise for example due to a
language bias as argued by van Leeuwen et al. (2001).

2.2 Data envelopment analysis

DEA is a non-parametric method measuring efficiency of decision making units
(DMU). It was introduced by Charnes et al. (1978). In this model (also known as
the CCRmodel), constant returns to scale are assumed. Banker et al. (1984) proposed
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a model with variable returns to scale (also known as the BCC model). Dyson et al.
(2001) discuss a range of pitfalls and protocols in DEA applications such as homo-
geneity assumptions, returns to scale assumptions, input and output variables selection
and measurement problems. Since the original DEA study there has been published
a considerable amount of papers about DEA theory and applications. Emrouznejad
et al. (2008) list the DEA publications in the first 30years of its existence.

Classical DEA ranks only inefficient DMUs, the efficient DMUs have all the same
efficiency score equal to one. This shortcoming is overcome in many modifications of
DEA model. The ranking of efficient units is known as super-efficiency. This concept
was introduced by Andersen and Petersen (1993). Banker et al. (2017) discuss the use
of super-efficiency in identification of outliers. Other DEAmodels of super-efficiency
were proposed for example by Tone (2002), Jablonsky (2012) and Hladík (2017).

Another important issue is the sensitivity and stability of DMUs classification
(Charnes et al. 1992; Jahanshahloo et al. 2011). Cooper et al. (2001) surveyed analyt-
ical methods that study variations of single DMU as well as all DMUs. Hladík (2017)
took a different approach and proposed DEA model based directly on robustness of
(in)efficiency.

There are manymethods for the subsequent analysis of the dependence between the
efficiency score and relevant variables. This investigation of the exogenous influence
is known as the second stage of DEA analysis. The most common approach is to
use the logistic transformation in a regression model (Papke and Wooldridge 1996).
Other approaches include the beta regression and the fractional regression (Ramalho
et al. 2010). The two-stage double bootstrap DEA is also based on a regression model
and allows to evaluate potential bias in the efficiency score (Simar and Wilson 2007;
Halkos and Tzeremes 2013). The non-parametric conditional DEA can be used to
measure trade-off between efficiency and other variables (Varabyova et al. 2017).

2.3 Efficiency of research and development

Analysis ofR&Defficiency usingDEA is the subject ofmany studies.Nasierowski and
Arcelus (2003) used DEA to measure the influence of R&D efficiency on productivity
of a country byTobit regression.Lee andPark (2005) calculatedR&Defficiency aswell
as specialized efficiencies for 27 countries around the world grouped into 4 clusters to
achieve homogeneity.Wang andHuang (2007) analyzed efficiency of aggregatedR&D
activities of 30 countries using the R&D capital stock and the manpower as inputs and
the number of patents and the number of scientific publications as outputs. Sharma and
Thomas (2008) studied efficiency of 22 countries usingR&Dexpenditures and number
of scientists as inputs and the number of patents as output. Lee et al. (2009) compared
national R&D programs using DEA. Roman (2010) analyzed regional efficiencies
of Romania and Bulgaria. Thomas et al. (2011) studied patent efficiencies of U.S.
states with a 3-year delay between inputs and outputs. Aristovnik (2012) studied
the efficiency of R&D as well as education focusing on the new EU member states.
Cullmann et al. (2012) used a two-stage semi-parametric DEA to analyze R&D. Han
et al. (2016) analyzed efficiency of R&D of 15 Korean regions. Jablonsky (2016)
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evaluated both research and teaching performance of economic faculties in the Czech
Republic.

Cincera et al. (2009) analyzed R&D efficiencies of OECD countries using DEA
and stochastic frontier analysis in an extensive study. To rank countries they utilized
financial indicators with variable returns to scale. However, they report that the results
vary for DEA and stochastic frontier analysis because of the different specifications
of models.

Chen et al. (2011) used DEA to rank 24 countries around the world. They used
R&D manpower and expenditures as inputs and the number of patents, the number of
scientific articles and royalty and licensing fees as outputs. They find that the R&D
intensity, intellectual property rights protection, knowledge stock and human capital
accumulation have positive effects on R&D efficiency.

Ekinci and Ön (2015) surveyed the literature concerning with R&D efficiency and
discussed the selection of input and output variables for DEAmodel. Ekinci and Kara-
dayi (2017) followed with a study of R&D efficiency of European Union countries.
They use 9 variables in total. As inputs they used R&D expenditures conducted by
business enterprises, government and higher education sector, the number of full time
R&Dpersonnel, the number of people with tertiary education employed in science and
technology and employment in high technology and knowledge-intensive sectors. As
outputs they used the number of scientific publications, the number of patents granted
by the European Patent Office (EPO) and the number of patents granted by the United
States Patent and Trademark Office.

3 Methodology

3.1 Chebyshev distance DEA

Let us assume we have I input variables and J output variables of C countries in T
times. In general, DEA measures efficiency of a given DMU relative to other DMUs
in the set based on how efficiently it can transform inputs into outputs. In our case,
we consider different times t as different sets (i.e. we compare a given DMU to other
DMUs in the same time). For every DMU given by a country c and a time t , the
problem of measuring efficiency is formulated as finding the optimal weights of input
and output variables with respect to other DMUs at time t . We also consider the
possibility of a time delay between inputs and outputs. In many real-word situations,
it takes some time for inputs to be transformed into outputs. For example a scientific
paper is published in a journal (output) after 1 or 2years its authors received the funding
(input). For that reason we take outputs from time t but inputs are taken from time
t − h where h ≥ 0 is the time delay.

To evaluate efficiency of DMUs we adopt the Chebyshev distance DEA with con-
stant returns to scale proposed by Hladík (2017). The idea behind this method is to
rank DMUs based on robustness of efficiency or inefficiency classification to varia-
tions of input and output data using Chebyshev distance. Let Xt = (xc,t,i )

C,I
c=1,i=1 be

the nonnegative matrix of inputs and Yt = (yc,t, j )
C,J
c=1, j=1 be the nonnegative matrix

of outputs in a time t . We denote xc,t and yc,t the vectors corresponding to the cth
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row. We also denote X−c,t and Y−c,t the matrices with cth row missing (i.e. the inputs
and outputs of every DMU but c). For DMU given by country c = 1, . . . ,C and time
t = h+1, . . . , T , the efficiency score rc,t = 1+2δ∗

c,t is given by the optimal solution
δ∗
c,t to the optimization problem

max
δc,t ,

μc,t ,νc,t

δc,t

s. t. (1 − δc,t ) y′
c,tμc,t ≥ 1,

(1 + δc,t )x′
c,t−hνc,t ≤ 1,

(1 + δc,t )Y−c,tμc,t − (1 − δc,t )X−c,t−hνc,t ≤ 0,

μc,t ≥ 0,

νc,t ≥ 0,

(1)

where νc,t = (νc,t,1, . . . , νc,t,I )
′ are weights of inputs and μc,t = (νc,t,1, . . . , νc,t,J )

′
are weights of outputs. We use (perhaps unnecessary) notation of indices c and t to
emphasize that every country in every time has its own weights. The above introduced
model is a nonlinear programming problem. However, it can be effectively approxi-
mated by linear programming problem of the form

max
δc,t ,

μc,t ,νc,t

δc,t

s. t. y′
c,tμc,t ≥ 1 + 2δc,t ,

x′
c,t−hνc,t ≤ 1 − 2δc,t ,

Y−c,tμc,t − X−c,t−hνc,t ≤ 0,

μc,t ≥ 0,

νc,t ≥ 0.

(2)

Values rc,t ∈ (0, 1) indicate inefficient DMU while values rc,t ∈ [1, 2) indicate
efficient DMU.

The Chebyshev distance DEA has many desirable properties. As in classical DEA,
the efficiency scores are invariant to scaling of variables. The classification into effi-
cient and inefficient DMUs as well as the order of inefficient DMUs according to
their efficiency score is exactly the same as in classical DEA. The difference between
methods is in the values of efficiency scores. However, unlike the classical DEA, the
Chebyshev distance DEA also ranks efficient DMUs. This is related to the super-
efficiency of Andersen and Petersen (1993) with a key difference that their efficiency
scores for efficient DMUs are not invariant to scaling. The efficiency scores given by
the Chebyshev distance DEA are also naturally normalized which allows the compar-
ison of DMUs between different models.

Overall, the Chebyshev distance DEA is similar to the classical DEA model of
Charnes et al. (1978) with the super-efficiency extension (achieved by excludingDMU
under evaluation from the creation of efficiency frontier) of Andersen and Petersen
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(1993). The Chebyshev distance DEA offers quite straightforward interpretation. For
an inefficient DMU, the efficiency score is the Chebyshev distance to the nearest effi-
cient point (smallest possible variation of all inputs and outputs causing efficiency),
while for an efficient DMU, the efficiency score is the Chebyshev distance to the
nearest inefficient point (largest possible variation of all inputs and outputs preserv-
ing efficiency). The efficiency score directly indicates how a DMU is sensitive to
any changes of its inputs and outputs. Therefore, the sensitivity analysis of Charnes
et al. (1992) based on regions of stability is contained in efficient scores. A region
of stability is a cell in which all perturbations of inputs and outputs based on a given
measure (the Chebyshev distance in our case) preserve the efficiency/inefficiency of
considered DMUwhile the other DMUs are unchanged. Stable inefficient DMUs have
low efficiency score, stable efficient DMUs have high efficiency score and unstable
DMUs have efficiency score around 1.

3.2 Panel regression with random time effects and logistic function

Our goal is to find a relation between the efficiency score rc,t of a country c =
1, . . . ,C in a time t = 1, . . . , T and some other K variables denoted by vector zc,t =
(zc,t,1, . . . , zc,t,K )′. Generally, the efficiency score has limited values rc,t ∈ (0, s).
In our case of the Chebyshev distance DEA, rc,t ∈ (0, 2), i.e. s = 2. To capture
limited values of efficiency score we use logistic function. The logistic function is
rotationally symmetric around its inflection point (in our case 1). Thismakes it suitable
formodeling of efficiency score by theChebyshev distanceDEAas it is also symmetric
around 1 in the sense that it is based on robustness to (in)efficiency (i.e. the distance
to 1 for inefficient DMUs as well as efficient DMUs given by variations of data).

Aswe have efficiency scores forC countries and T timeswe utilize panel regression
with random time effects (Baltagi 2013). We combine panel regression with logistic
function into model

rc,t = s

1 + exp
(
α − z′c,tβ + ut + vc,t

) , for c = 1, . . . ,C, t = 1, . . . , T, (3)

where ut
iid∼ N(0, σ 2) are random time effects, vc,t

i id∼ N(0, ω2) are idiosyncratic error
terms, α is the intercept and β = (β1, . . . , βK )′ is the vector of coefficients. Notice
that α as well as β are the same for every country and every time. In this model, we
capture fluctuations of GDP level in time by the random time effects ut . The above
model can be linearized to

ln

(
s

rc,t
− 1

)
= α − z′c,tβ + ut + vc,t , for c = 1, . . . ,C, t = 1, . . . , T, (4)

which is a standard model of panel regression with random time effects (only with
transformed dependent variable).
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4 Empirical study

4.1 Data and variable selection

In the empirical study, we analyze member countries of the European Union in the
years 2007–2014. The reason for including only EuropeanUnion countries in the study
is their homogeneity in the sense of a common law and economic environment and
single aim of R&D.Although, some authors ignore homogeneity of countries (Cincera
et al. 2009; Chen et al. 2011), it is an important assumption of DEA as stressed for
example by Dyson et al. (2001) for general DEA applications and Lee and Park (2005)
specifically for national R&D efficiency. We use the following variables:

1. Total R&D expenditures (TERD) As one of the inputs, we use the total intramural
expenditures to R&D. Intramural expenditures include expenditures regardless of
the source of funds in the country and also transactions outside the country.We use
prices in Euros adjusted to constant prices of the year 2010 to ensure consistency
of the data in time. Next, we adjust the prices using purchasing power parities to
ensure comparability between countries with regard to different purchasing power.
Most of R&D efficiency studies ignore this step and we expect it to have a major
impact on efficiency of countries with lower R&D expenditures and lower prices.

2. Number of scientist and engineers (SAE) Another input is the number of scientist
and engineers. This variable includes personswith scientific or technological train-
ing who are engaged in professional work on science and technology activities,
high-level administrators and personnel who direct the execution of science and
technology activities.

3. Number of citations of publications (CIT) As output variable of basic research,
we use the number of citations of scientific publications. More specific, it is the
number of citations received to all scientific documents until the given year.

4. Number of patents (EPO) With regard to inclusion of countries only from the
European Union we use the number of patent applications granted to the European
Patent Office in a given year as output variable of applied research.

5. Gross domestic product per capita (GDP) As proxy variable for the level of eco-
nomic advancement of a country, we use gross domestic product per capita in
constant prices of the year 2010 adjusted by purchasing power parities. This is the
same approach as with TERD variable.

The data source of TERD, SAE, EPO and GDP variables is Eurostat. The data
source of CIT variable is Scimago Journal & Country Rank which aggregate data
from Scopus.

4.2 Discussion about other variables

We have also considered other variables as inputs and outputs. Besides SAE we have
considered the number of people with tertiary education employed in science and
technology. However, this variable did not have any notable impact on results and
we have decided to use only SAE variable. We have also considered classification of
R&D expenditures to government expenditures and business expenditures. However,
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Table 1 Efficiencies of general research of European Union countries in 2008–2014

Code Country 2008 2009 2010 2011 2012 2013 2014

AT Austria 0.971 0.987 0.928 0.881 0.919 0.849 0.805

BE Belgium 0.891 0.851 0.860 0.812 0.884 0.870 0.826

BG Bulgaria 0.764 0.636 0.586 0.558 0.632 0.533 0.586

HR Croatia 0.651 0.758 0.801 0.894 0.930 0.772 0.882

CY Cyprus 1.039 1.156 1.148 1.129 1.258 1.259 1.310

CZ Czech Republic 0.574 0.608 0.633 0.639 0.599 0.574 0.552

DK Denmark 1.071 1.029 1.173 1.172 1.103 1.032 1.060

EE Estonia 0.833 0.763 0.854 0.736 0.605 0.612 0.638

FI Finland 0.854 0.879 0.935 0.873 1.046 1.129 1.133

FR France 0.820 0.838 0.812 0.821 0.840 0.825 0.771

DE Germany 1.108 1.133 1.106 1.041 0.995 0.954 0.886

EL Greece 1.185 1.112 1.087 1.126 1.111 1.097 1.077

HU Hungary 0.731 0.688 0.617 0.639 0.640 0.593 0.561

IE Ireland 0.805 0.812 0.784 0.797 0.818 0.818 0.796

IT Italy 0.964 0.993 0.944 0.904 0.942 1.026 0.963

LV Latvia 0.507 0.447 0.680 0.569 0.654 1.002 0.683

LT Lithuania 0.506 0.424 0.511 0.557 0.579 0.528 0.564

LU Luxembourg 0.647 0.635 0.623 0.616 0.696 0.832 0.828

MT Malta 0.711 0.653 0.612 0.478 0.551 0.502 0.524

NL Netherlands 1.073 1.142 1.128 1.123 1.057 1.027 0.991

PL Poland 0.731 0.661 0.642 0.609 0.619 0.570 0.612

PT Portugal 0.699 0.663 0.623 0.684 0.644 0.698 0.735

RO Romania 0.495 0.443 0.552 0.612 0.530 0.536 0.683

SK Slovakia 0.826 0.705 0.778 0.655 0.691 0.599 0.669

SI Slovenia 0.864 0.888 0.842 0.817 0.780 0.950 0.748

ES Spain 0.674 0.697 0.734 0.722 0.746 0.822 0.914

SE Sweden 1.041 1.068 0.997 0.978 1.036 1.005 0.977

UK United Kingdom 0.849 0.859 0.845 0.858 0.835 0.844 0.818

we have decided for total expenditures to keep the number of variables in DEA model
small. As inputs we have also considered h-index and high-tech share on export.
However, these variables are indices and therefore not very suitable for DEA analysis
when mixing with nominal values (Dyson et al. 2001).

4.3 Results of efficiency analysis

We apply the Chebyshev distance DEA separately for every year from 2008 to 2014.
As it takes some time for inputs to be transformed into outputs, we use a 1-year delay
(i.e. inputs are taken from the previous year than outputs). We also assume constant
returns to scale.
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Table 2 Efficiencies of basic research of European Union countries in 2008–2014

Code Country 2008 2009 2010 2011 2012 2013 2014

AT Austria 0.838 0.874 0.747 0.684 0.678 0.696 0.642

BE Belgium 0.733 0.755 0.758 0.725 0.793 0.832 0.757

BG Bulgaria 0.763 0.636 0.575 0.518 0.509 0.378 0.426

HR Croatia 0.651 0.758 0.790 0.894 0.930 0.772 0.882

CY Cyprus 0.996 1.124 1.141 1.129 1.258 1.259 1.310

CZ Czech Republic 0.524 0.585 0.605 0.626 0.567 0.539 0.518

DK Denmark 1.067 1.027 1.173 1.153 1.103 0.989 1.034

EE Estonia 0.785 0.696 0.765 0.674 0.581 0.594 0.605

FI Finland 0.759 0.773 0.764 0.715 0.727 0.841 0.799

FR France 0.649 0.676 0.623 0.593 0.567 0.628 0.520

DE Germany 0.594 0.625 0.572 0.531 0.480 0.597 0.532

EL Greece 1.185 1.112 1.087 1.126 1.109 1.097 1.077

HU Hungary 0.654 0.643 0.568 0.564 0.533 0.494 0.489

IE Ireland 0.711 0.759 0.732 0.753 0.762 0.778 0.733

IT Italy 0.954 0.993 0.914 0.899 0.915 1.026 0.963

LV Latvia 0.348 0.317 0.546 0.427 0.354 0.348 0.421

LT Lithuania 0.503 0.424 0.482 0.510 0.440 0.333 0.371

LU Luxembourg 0.345 0.509 0.471 0.526 0.619 0.832 0.828

MT Malta 0.645 0.450 0.538 0.478 0.322 0.376 0.402

NL Netherlands 0.921 0.953 0.957 0.943 0.788 0.809 0.719

PL Poland 0.720 0.653 0.566 0.551 0.472 0.439 0.455

PT Portugal 0.686 0.661 0.622 0.684 0.635 0.697 0.733

RO Romania 0.494 0.441 0.548 0.592 0.481 0.479 0.604

SK Slovakia 0.816 0.705 0.750 0.611 0.650 0.564 0.669

SI Slovenia 0.826 0.881 0.842 0.817 0.780 0.950 0.748

ES Spain 0.642 0.683 0.726 0.711 0.702 0.820 0.914

SE Sweden 0.921 0.999 0.848 0.826 0.761 0.766 0.755

UK United Kingdom 0.760 0.797 0.783 0.771 0.653 0.670 0.599

Table 1 reports efficiencies of general R&D for 28 European Union countries in the
years 2008–2014. With the exception of Latvia the results do not significantly change
from year to year. This indicates that efficiencies are stable in time and without any
major trends (at least in the studied period). As we evaluate efficiencies in each year
separatelywecannot observe the effects of crisis or other effects connected to economic
cycles or supra-national R&D programs. The use of data adjusted to purchasing power
parities proved to be very significant in our analysis. This was evident specially for
countries with lower R&D expenditures and lower prices which have lower and more
reasonable efficiencies than in the case of original data. Similar results are reported
for efficiencies of basic research in Table 2 and applied research in Table 3.
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Table 3 Efficiencies of applied research of European Union countries in 2008–2014

Code Country 2008 2009 2010 2011 2012 2013 2014

AT Austria 0.971 0.985 0.928 0.878 0.918 0.840 0.785

BE Belgium 0.802 0.777 0.798 0.778 0.803 0.748 0.683

BG Bulgaria 0.244 0.200 0.197 0.267 0.386 0.384 0.391

HR Croatia 0.244 0.175 0.257 0.184 0.226 0.210 0.143

CY Cyprus 0.534 0.664 0.358 0.282 0.157 0.446 0.411

CZ Czech Republic 0.315 0.300 0.313 0.358 0.354 0.331 0.299

DK Denmark 0.930 0.823 1.049 1.125 0.962 0.879 0.825

EE Estonia 0.529 0.586 0.535 0.379 0.246 0.283 0.269

FI Finland 0.818 0.819 0.935 0.873 1.046 1.105 1.133

FR France 0.776 0.788 0.756 0.805 0.840 0.825 0.765

DE Germany 1.108 1.133 1.106 1.041 0.995 0.954 0.886

EL Greece 0.277 0.248 0.196 0.282 0.364 0.365 0.325

HU Hungary 0.473 0.477 0.449 0.500 0.502 0.488 0.416

IE Ireland 0.585 0.613 0.544 0.608 0.597 0.598 0.550

IT Italy 0.900 0.852 0.898 0.873 0.889 0.809 0.783

LV Latvia 0.477 0.411 0.504 0.459 0.593 1.002 0.544

LT Lithuania 0.195 0.105 0.210 0.252 0.373 0.420 0.410

LU Luxembourg 0.647 0.595 0.568 0.598 0.675 0.627 0.622

MT Malta 0.480 0.637 0.351 0.033 0.456 0.337 0.319

NL Netherlands 0.956 0.984 0.933 1.015 1.000 0.977 0.927

PL Poland 0.342 0.394 0.416 0.400 0.495 0.457 0.456

PT Portugal 0.222 0.150 0.143 0.187 0.211 0.229 0.228

RO Romania 0.138 0.110 0.152 0.258 0.302 0.332 0.419

SK Slovakia 0.371 0.290 0.434 0.400 0.353 0.315 0.241

SI Slovenia 0.716 0.614 0.538 0.559 0.560 0.570 0.508

ES Spain 0.402 0.416 0.412 0.426 0.493 0.502 0.471

SE Sweden 1.020 0.996 0.997 0.973 1.017 1.000 0.963

UK United Kingdom 0.616 0.652 0.648 0.693 0.749 0.744 0.672

The efficiency score can also be interpreted as a sensitivity to changes of inputs and
outputs. We can see in Table 1 that Denmark, Greece, Italy, Netherlands and Sweden
have efficiency score close to 1 and therefore are very sensitive to changes in variables
in the year 2014. A small variation in their inputs or outputs can lead to reclassification
from efficient to inefficient and vice versa. Contrary, Cyprus and Finland are stable
in their efficiency while the remaining countries are stable in their inefficiency in the
year 2014.

Figure 1 contains kernel densities while Fig. 2 contains histograms of efficiencies
and specialized efficiencies in the year 2014. We can see the differences between
basic and applied research as 8 countries have the efficiency lower than 0.4 in applied
research and only Lithuania has the efficiency lower than 0.4 in basic research. This
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Fig. 1 Kernel densities of research efficiencies of European Union countries in 2014
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Fig. 2 Histograms of research efficiencies of European Union countries in 2014

means that the differences between countries in basic research are not as significant
as in applied research.

We take a closer look at the case of Greece. As we can see in Tables 2 and 3,
Greece is efficient in basic research while it performs very poorly in applied research.
Overall, it is efficient according to Table 1. Greece has comparable bibliometrics to the
European average per capita. After the economic crisis in the 2009 there was a decline
in GDP and a significant drop in R&D expenditures. This was followed by a decline
in the number of published articles. As both R&D expenditures and the number of
published articles decreased, the efficiency score remained more or less on the same
level. This suggests a good choice of 1year as the time delay.

4.4 Comparison of the resulting efficiencies with other studies

Comparison of our results with other studies is difficult for the following reason. One
of the assumptions of DEA is the homogeneity of DMU set. However, most studies
evaluating R&Defficiency use rather heterogeneous set of countries (Wang andHuang
2007; Sharma and Thomas 2008; Cincera et al. 2009; Chen et al. 2011). This makes
their efficiencies unreliable because DEA ranks DMUs relatively to other DMUs. Lee
and Park (2005) overcome this issue by clustering countries to homogeneous sets of
DMUs. If we compare the results despite homogeneity violation, themajor differences
often occur in countries like Croatia, Czech Republic, Hungary, Luxembourg and
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Table 4 Results of panel regression models

Research α̂ seα̂ tα̂ β̂ se
β̂

t
β̂

σ̂ ω̂

General 1.348 0.083 16.226 37.734 3.086 12.227 0.042 0.316

Basic 1.366 0.108 12.624 29.897 4.007 7.460 0.003 0.410

Applied 3.029 0.146 20.761 77.866 5.281 14.744 0.111 0.538

The estimated intercept is denoted as α̂, its standard error as seα̂ and its t-statistic as tα̂ . The estimated
coefficient of GDP is denoted as β̂, its standard error as se

β̂
and its t-statistic as t

β̂
. Standard deviations are

denoted as σ̂ for time effects and ω̂ for idiosyncratic error terms

Romania (Aristovnik 2012; Cincera et al. 2009; Chen et al. 2011; Ekinci and Karadayi
2017).

Cincera et al. (2009) classify Croatia, Lithuania, Luxembourg, Malta and Romania
as efficient countries. According to our study, they are inefficient. The possible reason
for this is inclusion of countries from South America, North America, Europe and
Asia in their study.

The study of Chen et al. (2011) conducted for the years 1998–2005 finds that
Hungary is efficient while in our study it is inefficient. Again, this could be because
they use heterogeneous set of 16 European countries, 4 Asian countries and 4 countries
from South and North America.

Ekinci and Karadayi (2017) use the homogeneous set of all 28 members of the
EuropeanUnion.However, they do not use prices adjusted to purchasing power parities
which could also create major differences between the studies. They find Austria,
Croatia, Luxembourg, Poland and Romania to be efficient while in our study they are
inefficient with efficiency lower than 0.8. On the contrary, they do not find Denmark
and Greece efficient unlike our study. Our preliminary results for the year 2014 not
accounting for purchasing power parities are very similar to the results of Ekinci and
Karadayi (2017), specially in the case of efficiency of Luxembourg andRomania (Holý
and Šafr 2017).

4.5 Results of panel regression

To asses our hypotheses we adopt panel regression with random time effects and
logistic function to model R&D efficiencies. All parameteres of panel regression are
statistically significant with p value almost zero for t tests. Our analysis does not
indicate any violation of panel regression assumptions. However, it does not show
the direction of causality between R&D efficiency and GDP. The use of random time
effects seems to be appropriate as it captures fluctuations in overall GDP level.

In the analysis, we consider Luxembourg to be an outlier due to its high GDP per
capita. The reasons why Luxembourg has one of the highest GDP per capita in the
world lies in the fact that this country is an international centre of banking and financial
services and only few people working there are actual citizens.

The results are reported inTable 4.We stress the importance of correct interpretation
of the results as any change in the efficiency of one country could also affect the
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Fig. 3 Relation of efficiency of general research and GDP per capita of European Union countries in 2014
(left) and the efficiencies of general research of European Union countries in 2014 (right)

efficiencies of other countries. We focus mainly on differences in steepness of the
curve for basic and applied research which is more than double for applied research.
This might be because the outputs (and their quality) of basic research are more
problematic to identify than in the case of applied research.

Figure 3 shows the relation of general research efficiency to GDP per capita with
fitted logistic curve. The fitted logistic curve can also be used as another type of
classification based on average efficiency for a given GDP per capita. For example
the Czech Republic and Spain have similar GDP per capita and are both inefficient.
The Czech Republic has efficiency 0.552 making it below average for its GDP per
capita while Spain has efficiency 0.914making it above average for its GDP per capita.
Figure 4 shows the relation of efficiency of basic research and the number of citations
to GDP per capita. Interestingly, the number of citations does not exhibit any simple
relation to GDP per capita. Countries with lower GDP per capita tend to have lower
number of citations. However, countries with higher GDP are more volatile as some
countries have higher number of citations and some lower. Similar behaviour can be
seen in Fig. 5 for efficiency of applied research and the number of patents.

4.6 Implications of the results

The results have direct implications on our hypotheses. The analysis shows that there
exists statistically significant positive relation between the R&D efficiency and the
GDP per capita supporting Hypothesis 1. This is illustrated in Fig. 3.

Positive relation between specialized efficiencies is also statistically significant for
both basic and applied research. In the case of applied research the dependency of
R&D efficiency on GDP per capita is much more stronger than in the case of basic
research supporting Hypothesis 2. This is illustrated in Figs. 4 and 5. Distribution of
efficiencies of basic and applied research in Fig. 2 also supports Hypothesis 2.
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Fig. 4 Relation of efficiency of basic research and GDP per capita of European Union countries in 2014
(left) and relation of the number of citations and GDP per capita of European Union countries in 2014
(right)
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Fig. 5 Relation of efficiency of applied research and GDP per capita of European Union countries in 2014
(left) and relation of the number of patents and GDP per capita of European Union countries in 2014 (right)

5 Conclusions

We rank European Union countries based on R&D research using the Chebyshev dis-
tance DEA methodology. We use the number of citations as output of basic research,
the number of patents as output of applied research and R&D expenditure with man-
power as inputs. The main contributions of our paper are the following:

1. Unlike many other studies on similar topics, we take into account in our analysis
the assumption of homogeneity between countries, purchasing power parity and
time delay between inputs and outputs.
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2. We expose the positive relation between the R&D efficiency and the level of
economic advancement of a country. This is the expected result suggesting an
appropriate strategic usage of variables.

3. We study distinctions between basic and applied research.We show that in the case
of efficiency of applied research there are more significant differences between
countries than in the case of basic research.

We see the main application of our results in policy making. In the case of applied
research, our results do not suggest omitting the number of patents as an indicator for
outputs of applied research. In the case of basic research, efficiency of the number of
citations is not as connected to the level of economic advancement of a country as
some advanced countries demonstrate a rather low number of citations. This might be
because the outputs of basic research are harder to capture.
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