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Abstract: Though much attention is dedicated to the development of its research and innovation
policy, the European Union constantly struggles to match the level of the strongest innovators in the
world. Therefore, there is a necessity to analyze the individual efforts and conditions of the 27 member
states that might determine their final innovative performance. The results of a scientific literature
review showed that there is a growing interest in the usage of artificial intelligence when seeking
to improve decision-making processes. Data envelopment analysis, as a branch of computational
intelligence methods, has proved to be a reliable tool for innovation efficiency evaluation. Therefore,
this paper aimed to apply DEA for the assessment of the European Union’s innovation efficiency from
2000 to 2020, when innovation was measured by patent, trademark, and design applications. The
findings showed that the general EU innovation efficiency situation has improved over time, meaning
that each programming period was more successful than the previous one. On the other hand, visible
disparities were found across the member states, showing that Luxembourg is an absolute innovation
efficiency leader, while Greece and Portugal achieved the lowest average efficiency scores. Both the
application of the DEA method and the gathered results may act as viable guidelines on how to
improve R&I policies and select future investment directions.

Keywords: research and innovation; innovation efficiency; computational intelligence; data
envelopment analysis (DEA); European Union; R&I policy

1. Introduction

Innovation is important for driving economic growth, creating jobs, advancing technol-
ogy, and increasing international competitiveness. However, though the European Union
(EU) regularly increases its budget for research and innovation (R&I) policy measures, the
strongest global innovators, such as Australia, Canada, South Korea, and the United States,
continue to have a performance advantage over the EU (European Commission 2022a). As
the development of a country’s innovation capacity benefits from the improvement of its
innovation efficiency (Erdin and Çağlar 2022), there is a necessity to evaluate the individual
27 member states’ capabilities to produce innovative outputs.

Innovation should be considered a dynamic phenomenon that is affected by socio-
technical, socio-economic, and socio-political environments (Carayannis et al. 2016). Ac-
cording to Haefner et al. (2021), artificial intelligence (AI)-based methods can evaluate
complex and changing situations. In addition, AI overcomes human limitations in in-
formation processing and is of great use in supporting such strategic planning tasks as
priority setting and resource allocation and in determining directions to invest in (Gil et al.
2020). Scholars agree that data envelopment analysis (DEA), as a part of computational
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intelligence methods, has a full potential to work as a reliable tool for the assessment of
innovation efficiency (Narayanan et al. 2022; Lee et al. 2019; Anderson and Stejskal 2019).

Though at first glance it might look that the subject of the EU innovation efficiency is
explicitly covered, a systematic review of the usage of DEA in the analysis of innovation
performance by Narayanan et al. (2022) proved that there is still room for future research.
According to Narayanan et al. (2022), whose literature review was obtained from Google
Scholar, Web of Science, and Scopus databases searched from 2010 to 2021, more attention
to cross-country studies, especially with comparative analyses, should be given. Moreover,
there is a necessity to evaluate whether the EU member states are able to use their capacities
(including the incoming EU financial flows for research and innovation) in the most efficient
way. Measuring the efficiency changes both in the matter of the member states and in a
time frame is essential in this context.

Therefore, this study aimed to apply DEA for the assessment of the European Union’s
innovation efficiency, taking three innovative outputs—patent, trademark, and design
applications—into consideration. The paper is organized as follows: Section 2 provides
an overview of the literature, Section 3 describes the methodology, i.e., the process of
selecting the variables and choosing the empirical approach, Section 4 summarizes the
results, Section 5 provides a discussion of the findings and a basis for future research, and
Section 6 outlines the conclusions.

2. Literature Review

Data envelopment analysis works especially well in cases where investment policy
decisions, both at the business and at the government levels, have to be made. For example,
Li (2019) attempted to evaluate the green innovation efficiency of provincial industrial
enterprises seeking to achieve sustainable economic development, and Zhu et al. (2021) as-
sessed the situation in energy-intensive industries. Long et al. (2020) analyzed the Yangtze
River Economic Belt (YREB) strategy for sustainable growth. They proposed a DEA model
to measure the green innovation efficiency of 11 provinces and cities and empirically evalu-
ated the influencing factors. One of the core results was that government financial support
is among the leading forces that can enhance green technology innovation development in
YREB cities. Fernández-Uclés et al. (2020) applied DEA to measure the economic efficiency
of Tunisian olive oil firms and found the organizational and technological variables that
are directly associated with greater efficiency.

If the European region is considered, there were multiple attempts to evaluate the
efficiency of innovation by employing DEA (e.g., Kalapouti et al. 2020; Anderson and
Stejskal 2019; Dzemydaitė et al. 2016; Juřičková et al. 2019; Xu et al. 2023; Gavurová
et al. 2019). However, different angles of approach to the same object were chosen. For
example, Xu et al. (2023), who investigated the sustainable innovation efficiency in EU
regions, considered not only “traditional” indicators of innovation, but also the negative
environmental outputs, such as carbon dioxide emissions. The results showed that the EU
has visible regional differences in the context of sustainable innovation.

Kalapouti et al. (2020) and Anderson and Stejskal (2019) focused on the efficiency
in the diffusion of innovation. Kalapouti et al. (2020) analyzed whether the EU regions
could leverage their innovative capacity to absorb and simulate the knowledge diffused
from their neighbors in the period of 1995–2006. Meanwhile, Anderson and Stejskal (2019)
found that Sweden, though being the leader in innovative output, was the least efficient
in diffusing innovation. Gavurová et al. (2019) used DEA to analyze the research and
innovation potential of the EU28 countries during 2010–2015. The findings demonstrated
that the most efficient countries were Bulgaria, Romania, Cyprus, Croatia, and the United
Kingdom.

Finally, Dzemydaitė et al. (2016) and Juřičková et al. (2019) concentrated on the
efficiency of the member states’ innovation systems. Dzemydaitė et al.’s (2016) findings
showed that out of all analyzed Eastern and Central EU regions, the Baltic States had a
relatively large portion of their population with tertiary education, yet this did not help in
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generating a significantly higher GDP per capita. The research by Juřičková et al. (2019),
covering the period of 2005–2016, also obtained quite unusual results: Germany, the best
EU performer in patent rankings, was classified as an inefficient unit with a 0.50 efficiency
scale.

In regard to the assessment of the EU innovation policy measures, experts and schol-
ars are using a variety of different methods. Surveys, interviews, and case studies are
usually employed for gathering primary data, while statistical databases, e.g., Horizon
2020 monitoring data, OECD, or Eurostat, are the sources for secondary data (European
Commission 2021). When the data have been collected, the official evaluations tend to
employ such quantitative methods as econometric modelling (European Commission 2017,
2018), bibliometric analysis (European Commission 2017), or simple descriptive statistics
(European Parliament 2018). However, the EU is seeking to enable the development and
uptake of AI (European Commission 2022c) to improve the innovation policy evaluation
processes.

3. Methodology

Having the above-described challenges in mind, data envelopment analysis was
chosen as a core method to examine which EU member states use their own as well as EU
R&I policy-added capacities in the most efficient way.

3.1. Selection of the Variables

The full definitions of the indicators and their sources may be found in Appendix A.
To begin with, since this study took the EU context into account and the EU Framework
Programs for Research and Innovation (FPs) are the most extensive scientific and technolog-
ical programs in the world, one of the core variables was EU R&I investment (see Table A1).
This variable covers the money flows to individual member states, channeled through the
funds of the EU FPs, i.e., the 6th FP, the 7th FP, and the Horizon 2020.

Other input variables choices were based on the logic of the redeveloped national
innovative capacity model (Andrijauskiene et al. 2021). The initial statistical data were
updated for this research, considering the period from 2000 to 2020. The first dimension
of common innovation infrastructure that was chosen reflects the nation’s background in
public R&D, education, and ICT knowledge. Next, a cluster-specific environment for inno-
vation describes the sectorial distribution in the country and its private sector contribution
to R&D and non-R&D. To continue with, the dimension of quality of linkages includes
venture capital that increases the ability to compete with the so-called ‘superstar firms’ and
the capacity for collaboration between the public and private sectors. The fourth dimension
considers international economic activities that are critical for knowledge spillovers. Fol-
lowing are diversity and equality as catalysts for the provision of complementary ideas that
lead to the creation of new products and processes. As a better regulatory quality might
target more efficient R&D projects and the inventor’s trust in the legal system is essential
to incentivize innovation, the sixth dimension was legal and political strength. The last
chosen dimension of input variables includes general socio-economic conditions that are
reflected by GDP and the size of the labor force in a particular country.

The output variables’ side in this research consisted of patent, trademark, and design
applications. Many scholars claim that a patent is the only evident indicator of inventive
activity with a well-grounded universality (Foray and Hollanders 2015; Furman et al. 2002;
Malik 2023; Zang et al. 2019). Patents reflect advancements in various fields, from phar-
maceuticals and biotechnology to electronics and software. Tracking patent activity can
provide insights into emerging trends, areas of research focus, and technological develop-
ments within industries (Law et al. 2018; Ryan and Schneider 2016; Varga and Sebestyén
2017). However, according to Martin (2016, p. 434), a certain type of innovations exists
that “have been ignored or are essentially invisible in terms of conventional indicators.”
This type is identified as ‘dark innovation’ or ‘hidden innovation’ and may include such
examples as innovations based on design or branding. Trademarks, in general, are the



Economies 2023, 11, 163 4 of 19

most extensively used intellectual property (IP) rights across various economic sectors and
firms (Castaldi 2018) but remain a much-undervalued type of IP in the empirical research
of innovation (van den Besselaar et al. 2018).

Another much under-researched type of innovation is design. Product and industrial
design typically involve significant levels of scientific input (Sunley et al. 2008). Yet,
according to Apostolos et al. (2017), despite the growing recognition of this IP, only a few
studies attempted to use this variable as an innovative output or to quantify its contribution
to the performance of a company or to national economic growth. To sum up, three types
of intellectual property rights (i.e., patent, trademark, and design applications) were chosen
as output variables to obtain a more comprehensive view of a country’s innovation activity
and to reflect both technological and non-technological innovation.

3.2. Correlation Analysis

In practice, a generic rule of thumb (n ≥ max {m × s, 3 × (m + s)}, where n is
the number of decision-making units (DMUs), and m and s are the inputs and outputs,
respectively)) was used to achieve a reasonable level of discrimination. In other words,
a principle for DEA is that the number of DMUs has to be equal to or larger than the
number of performance factors (Toloo et al. 2021). Therefore, a correlation test was firstly
completed, seeking to (1) minimize the number of the initial input variables and (2) find
the combinations of the variables that shared positive and relatively strong relationships so
that they later could be included into DEA.

Pearson’s correlation coefficient was computed between each set of variables. Pear-
son’s correlation coefficient (Sotos et al. 2009), denoted by the letter r, is a score that
calculates the strength of a linear relationship between two variables by dividing their
covariance by the product of their standard deviations. Given a pair of random variables
(x, y), the formula for r is:

r = ∑ (x − x̂)(y − ŷ)√
∑ (x − x̂)2∑(y − y)2

(1)

Pearson’s coefficient is based on two assumptions: first, that the variables have a
normal or Gaussian distribution, and second, that the two variables under consideration
have a linear relationship. It is a normalized measure of covariance, with the result always
falling between −1 and 1. A coefficient of −1.0 represents a perfect negative correlation,
while a coefficient of 1.0 reflects a perfect positive correlation. A coefficient of 0.0, on the
other hand, indicates that there is no linear correlation between the variables.

3.3. Data Envelopment Analysis

DEA is a linear non-parametric method that is used to compare the relative efficiency
of multiple similar instances or groups of decision-making units (DMUs) with multiple
inputs and outputs (Cooper et al. 2007). The task of measuring efficiency in DEA consists of
solving linear programming tasks for each of the instances which are under analysis. The
procedure can be described by the following formula (Charnes–Cooper–Rhodes (CCR)):

Maximize hk =
∑s

r=1 yrkur

∑m
i=1 xikvi

,

where
∑s

r=1 yrjur

∑m
i=1 xijvi

≤ 1,

and j = 1, 2 . . . , jk, . . . , n, (2)

ur ≥ ε, r = 1, 2, . . . , s,
vi ≥ ε, i = 1, 2, . . . , m
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ur ≥ ε, r = 1, 2, . . . , svi ≥ ε, i = 1, 2, . . . , m

Here, hk is the relative efficiency of DMUk, vi is the weight given to input i, ur is the
weight given to output r, yrj is the amount of output r from unit j, xij is the amount of input
i to unit j, n is the number of units or instances, s is the number of outputs, m is the number
of inputs, and ε is a small positive value. The relative efficiency hk for each DMU based
on the above conditions has to be smaller or equal to 1. When the maximum value hk of a
unit k equals 1, efficiency has been achieved, meaning that DMUk is efficient relative to the
other units in that case. On the other hand, hk < 1 means that DMUk is not efficient. Within
DEA, different models can be applied, including the CCR, BCC (Banker–Charnes–Cooper),
and SBM (Super-Efficiency-Based Measure) models. The CCR model assumes constant
returns to scale (CRS) and is widely used due to its simplicity and computational efficiency.
The BCC model allows for variable returns to scale and provides greater flexibility by
accounting for variations in the scale of operations. The SBM model introduces the concept
of super-efficiency and identifies a reference set of efficient DMUs. For this paper, the
CCR-DEA was selected as it offers a significant advantage by eliminating the need for
subjective weighting procedures when benchmarking comparable units and determining
an overall performance score for a DMU (Egilmez and McAvoy 2013). Additionally, the
CCR model allows for both input-oriented and output-oriented efficiency analysis. Unlike
other methods, DEA does not rely on the decision-maker’s subjective judgment to assign
weights to inputs and outputs. Instead, the weights are determined by the calculation
model itself, ensuring that the DMU’s efficiency is always maximized (Fancello et al. 2020).
This feature enhances the objectivity and fairness of the analysis by removing potential
biases in the weighting process.

4. Results

This section presents and explains the results of the correlation and data envelopment
analyses.

4.1. Findings of the Correlation Analysis

Figure 1 shows the statistically significant correlation between the input variables and
the output variable “patents”. To begin with, EU R&I Framework programs’ financial flows
had a positive relationship with the output (see eu_fp, correlation coef. 0.71). To continue,
we observed a strong and positive relationship with the indicators of an open economy
(i.e., exports and imports, coef. ≥ 0.9).

In addition, quite naturally, a number of R&D personnel (coef. 0.89), the share of
scientific publications among the top 10% most cited publications worldwide (pub_top10,
coef. 0.91), and the knowledge stock (coef. 0.76)—all representing a country’s common
innovation infrastructure—as well showed a positive association with the output. The anal-
ysis proved that the number of patent applications is positively related to R&D investment
in higher education (coef. 0.91) and private (coef. 0.67) sectors. Along with the already
mentioned indicators, cultural diversity and gender equality are important factors when
we talk about technological innovation (correlation coef. 0.77 and 0.71, respectively).

Continuing with the significant negative correlations, we observed the share of the
industry sector (coef. −0.89, though this result can be explained by the positive correlation
with the service sector (coef. 0.89)), a relatively inefficient public R&D investment (coef.
−0.85), corruption (coef. −0.78), and non-R&D investment (coef. −0.53).

Figure 2 shows the statistically significant correlation between the input variables
and the output variable “trademarks”. EU investment directed to research and innovation
appeared to be positively and significantly related (coef. 0.86), indicating that it is even
more crucial than in the case of patents. Other correlations found to be significant were
with R&D personnel (coef. 0.97) and R&D investment, generally in a country (coef. 0.94)
and both in the higher education and in private sectors (coef. 0.91 and 0.82, respectively).
Exports (coef. 0.92) and imports (coef. 0.88) likewise seemed to be important variables.
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Having in mind that trademarks are more “soft” innovative output, also the result of the
correlation with the services’ sector (coef. 0.89) appeared rational.
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Figure 2 also indicates that public–private collaboration, expressed by public–private
co-authored research publications, as well showed a significant strong positive correlation
(coef. 0.80). Knowledge stock, which is usually described as a pool of a country’s knowl-
edge, had a correlation coef. of 0.71. Other relevant input variables belonged to the section
of general socio-economic conditions that are represented by GDP per capita (coef. 0.87)
and the labor force (coef. 0.76). Similarly to the case of patents, cultural diversity as also
revealed to have an important role (coef. 0.86). Finally, a moderate positive correlation
was found between the trademarks and gender equality (coef. 0.69) and employees with
tertiary education (coef. 0.64).

The variables of income inequality and corruption showed logical negative correlation
outcomes (coef. −0.46 and −0.80, respectively). There was a similar observation for
public R&D and the industry sector, as in the case of patents (coef. −0.84 and −0.87,
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respectively). However, quite surprisingly, non-R&D investment was also negatively
related to trademarks (coef. −0.55), though it usually includes expenditures for such fields
as market research and feasibility studies, customer surveys, or consultancy assignments
that are inevitable in the process of development and application of a trademark.

Figure 3 shows the statistically significant correlation between the input variables and
the output variable “designs”. Here, we saw a strong positive correlation (coef. 0.76) with
the EU R&I investment. Going through the different sections of the national innovative
capacity elements, it is visible that half of the variables that reflect the common innovation
infrastructure were positively associated with the number of design applications (pub_top
10 (coef. 0.91), rd (coef. 0.90), rd_fte (coef. 0.90)), and knowledge stock (coef. 0.77)). Out of
five cluster-specific environment variables, only two turned out to be significantly related
to the output (sector_services (coef. 0.90) and private rd (coef. 0.68)). To continue, R&D
investment in the higher education sector and public–private collaboration that represent
the quality of linkages also turned out to be positively related with designs (coef. 0.92 and
0.82, respectively). Other significant correlations between the output and the inputs were
found with international economic activities (exports (coef. 0.90) and imports (coef. 0.87)),
multiculturalism (coef. 0.77), gender equality (coef. 0.72), and the general socio-economic
environment (expressed by GDP per capita (coef. 0.83) and the size of the labor force
(coef. 0.74)).

Economies 2023, 11, x FOR PEER REVIEW 8 of 21 
 

 
Figure 3. Statistically significant correlations between the input variables and the output variable 
“designs”. 

The results in Figure 3 also indicated that the intramural R&D investment in the pub-
lic sector once again seemed to be ineffective in the process of innovation development 
(coef. −0.83), comparably to the case of patents and trademarks. Other significant strongly 
negative correlations between designs and input variables were determined with corrup-
tion (coef. −0.80) and the industry sector (coef. −0.88). Though moderate, a negative corre-
lation was found with non-R&D investment (coef. −0.48). Besides the already mentioned 
financing types, non-R&D innovation investment also includes machinery, computer 
hardware and software, tooling up, design, and production engineering. Therefore, this 
result may be considered paradoxical because these processes are very important in de-
sign development and acquisition. 

4.2. Findings of the Data Envelopment Analysis 
There were three stages for variables to be included as inputs into the data envelop-

ment analysis: 
1. As DEA is based on the input–output logic, the input indicators that were negatively 

associated with the outputs were not included in the further investigation (e.g., in the 
case of design applications, these were intramural R&D investment in the public sec-
tor (coef. −0.83), corruption (coef. −0.80), the share of the industry sector (coef. −0.88), 
and non-R&D investment (coef. −0.48)). 

2. There had to be a statistically significant positive relationship of a coef. > 0.5 with the 
output variable (i.e., (1) patents, (2) trademarks, and (3) designs)), e.g., in the patents’ 
case, employees_edu, non_rd, corruption, public_rd, and sector_industry were omit-
ted from the analysis (see Section 4.1. for more information). 

3. If any multicollinearity (coef. > 0.9) between the input variables was captured, the 
input variable with the weaker relationship with the output variable was excluded 
from the later analysis (see the extended correlation results in Appendix B). 
As Figure 4 shows, the inputs for DEA represented different national innovative ca-

pacity elements as well as EU R&I investment. The output represented three distinct types 
of innovation, namely, patents, trademarks, and design. Since most of the results of R&I 
activities can only be captured in the longer term, a time lag of +1 year was used for the 
outputs. It is important to emphasize that the data of applications for IPR were chosen 
instead of granted IPR, since they provide a timelier account of innovative activity 

Figure 3. Statistically significant correlations between the input variables and the output variable
“designs”.

The results in Figure 3 also indicated that the intramural R&D investment in the public
sector once again seemed to be ineffective in the process of innovation development (coef.
−0.83), comparably to the case of patents and trademarks. Other significant strongly nega-
tive correlations between designs and input variables were determined with corruption
(coef. −0.80) and the industry sector (coef. −0.88). Though moderate, a negative correlation
was found with non-R&D investment (coef. −0.48). Besides the already mentioned financ-
ing types, non-R&D innovation investment also includes machinery, computer hardware
and software, tooling up, design, and production engineering. Therefore, this result may be
considered paradoxical because these processes are very important in design development
and acquisition.

4.2. Findings of the Data Envelopment Analysis

There were three stages for variables to be included as inputs into the data envelop-
ment analysis:
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1. As DEA is based on the input–output logic, the input indicators that were negatively
associated with the outputs were not included in the further investigation (e.g., in
the case of design applications, these were intramural R&D investment in the public
sector (coef. −0.83), corruption (coef. −0.80), the share of the industry sector (coef.
−0.88), and non-R&D investment (coef. −0.48)).

2. There had to be a statistically significant positive relationship of a coef. > 0.5 with
the output variable (i.e., (1) patents, (2) trademarks, and (3) designs)), e.g., in the
patents’ case, employees_edu, non_rd, corruption, public_rd, and sector_industry
were omitted from the analysis (see Section 4.1. for more information).

3. If any multicollinearity (coef. > 0.9) between the input variables was captured, the
input variable with the weaker relationship with the output variable was excluded
from the later analysis (see the extended correlation results in Appendix B).

As Figure 4 shows, the inputs for DEA represented different national innovative
capacity elements as well as EU R&I investment. The output represented three distinct
types of innovation, namely, patents, trademarks, and design. Since most of the results
of R&I activities can only be captured in the longer term, a time lag of +1 year was used
for the outputs. It is important to emphasize that the data of applications for IPR were
chosen instead of granted IPR, since they provide a timelier account of innovative activity
(Schneider 2005) and are entirely suitable for cross-country comparative econometric
analysie (Rodríguez-Pose and Wilkie 2019).
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The next sub-sections provide an overview of the outcomes of the DEA method
application. A relative efficiency of 1 indicated that efficiency was achieved, while relative
efficiency of less than 1 indicated that DMU was inefficient, as explained in Section 3.3.
Moreover, the variable with the highest efficiency value could be used as a reference to
evaluate the efficiency of the other variables and to set targets for the enhancement of the
performance of the other variables.

4.2.1. EU Innovation Efficiency across the Member States

Figure 5 illustrates the results of the application of the DEA method using member
states (regions) as decision-making units (DMU). In general, it can be stated that the
member states used their own capacities as well as EU R&I investment most efficiently
for the development of patents (average efficiency level (AEL) 0.83)), while the situation
was worse in the case of designs (AEL 0.60) and trademarks (AEL 0.55). In addition to this,
major differences were observed in the levels of efficiency across the individual countries:
for example, if we considered all three analyzed outputs (i.e., patents, trademarks, and
designs), Luxembourg appeared as an absolute efficiency leader. On the contrary, so-called
red flags had to be assigned to Greece and Portugal, where the average efficiency levels
were the lowest across the whole European Union.
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Figure 5. Average innovation efficiency levels by member state.

If the outputs were investigated separately, the results in Figure 5 showed that Lux-
embourg (AEL 0.92), Finland (AEL 0.86), Poland (AEL 0.84), Sweden (AEL 0.83), and the
Netherlands (AEL 0.80) managed to achieve the highest average efficiency results in the
context of patents. Differently, the least efficient member states were Slovakia (AEL 0.43),
Spain (AEL 0.41), Romania (AEL 0.39), Portugal (AEL 0.39), and Greece (AEL 0.20).

Considering the efficiency in using innovative capacity to attain higher numbers
of patent applications, the most achieving “players” were Germany (AEL 0.99), Finland
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(AEL 0.99), the Netherlands (AEL 0.98), Sweden (AEL 0.98), and Luxembourg (AEL 0.97).
Countries with the lowest scores were Spain (AEL 0.71), Lithuania (AEL 0.69), Greece (AEL
0.67), Estonia (AEL 0.64), and Portugal (AEL 0.63).

Finally, when analyzing trademark applications, the highest efficiency levels were
observed for Luxembourg (AEL 0.95), Poland (AEL 0.90), Malta (AEL 0.88), Cyprus (AEL
0.74), and Italy (AEL 0.71). The bottom five countries were Croatia (AEL 0.39), Latvia (AEL
0.38), Slovakia (AEL 0.35), Portugal (AEL 0.34), and Greece (AEL 0.26).

Experiments were conducted using different models of DEA, including CCR-DEA,
BCC-DEA, and SBM-DEA, to check the robustness of the findings. The obtained results
from the CCR, BCC, and SBM DEA models are presented in Table 1. When comparing
the efficiency scores obtained from these different models, it is important to consider the
underlying assumptions and characteristics of each model. The CCR (Charnes–Cooper–
Rhodes) model tends to yield higher efficiency scores compared to the BCC (Banker–
Charnes–Cooper) and the SBM (Slacks-Based Measure) models. This is primarily because
the CCR model assumes constant returns to scale (CRS) and does not consider scale
efficiency. By assuming CRS, the CCR model allows for potential scale advantages, resulting
in higher efficiency scores.

Table 1. Average innovation efficiency levels by member state using different DEA methods.

Region
Design Trademark Patent

CCR BCC SBM CCR BCC SBM CCR BCC SBM

Austria 0.68 0.68 0.67 0.55 0.54 0.54 0.55 0.54 0.54

Belgium 0.56 0.55 0.55 0.53 0.52 0.52 0.53 0.52 0.52

Bulgaria 0.69 0.68 0.68 0.59 0.58 0.57 0.59 0.58 0.57

Cyprus 0.61 0.61 0.61 0.74 0.74 0.73 0.74 0.74 0.73

Czechia 0.65 0.65 0.64 0.41 0.39 0.39 0.41 0.39 0.39

Germany 0.77 0.75 0.75 0.56 0.55 0.55 0.56 0.55 0.55

Denmark 0.79 0.77 0.78 0.55 0.53 0.54 0.55 0.53 0.54

Estonia 0.51 0.51 0.51 0.44 0.44 0.43 0.44 0.44 0.43

Greece 0.20 0.20 0.18 0.26 0.25 0.24 0.26 0.25 0.24

Spain 0.41 0.40 0.40 0.44 0.44 0.43 0.44 0.44 0.43

Finland 0.86 0.85 0.85 0.58 0.57 0.58 0.58 0.57 0.58

France 0.52 0.51 0.50 0.41 0.40 0.40 0.41 0.40 0.40

Croatia 0.49 0.47 0.48 0.39 0.38 0.40 0.39 0.38 0.40

Hungary 0.46 0.46 0.46 0.46 0.45 0.44 0.46 0.45 0.44

Ireland 0.50 0.49 0.49 0.57 0.56 0.56 0.57 0.56 0.56

Italy 0.79 0.78 0.78 0.71 0.70 0.70 0.71 0.70 0.70

Lithuania 0.47 0.45 0.45 0.51 0.49 0.50 0.51 0.49 0.50

Luxembourg 0.92 0.91 0.92 0.95 0.93 0.95 0.95 0.93 0.95

Latvia 0.44 0.44 0.42 0.38 0.36 0.36 0.38 0.36 0.36

Malta 0.63 0.62 0.62 0.88 0.88 0.88 0.88 0.88 0.88

Netherlands 0.80 0.80 0.78 0.68 0.67 0.67 0.68 0.67 0.67

Poland 0.84 0.82 0.83 0.90 0.89 0.89 0.90 0.89 0.89

Portugal 0.39 0.39 0.39 0.34 0.33 0.33 0.34 0.33 0.33

Romania 0.39 0.39 0.38 0.50 0.50 0.49 0.50 0.50 0.49

Sweden 0.83 0.83 0.81 0.59 0.59 0.59 0.59 0.59 0.59

Slovenia 0.57 0.55 0.55 0.52 0.51 0.52 0.52 0.51 0.52

Slovakia 0.43 0.42 0.43 0.35 0.34 0.34 0.35 0.34 0.34
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On the other hand, the BCC and SBM models offer a more comprehensive analysis by
considering both technical efficiency and scale efficiency. These models take into account
the possibility of variable returns to scale (VRS) and evaluate the performance of each
decision-making unit in terms of both utilizing inputs efficiently and operating at an
optimal scale. This more comprehensive analysis can potentially lead to lower efficiency
scores compared to the CCR model.

Despite the differences in assumptions and considerations, it can be observed that all
three models led to similar results. This suggests the robustness of the selected model in
capturing the performance and efficiency of the decision-making units under evaluation.
The similarity in results indicated that the efficiency scores obtained from these models were
in agreement, providing a consistent evaluation of the decision-making units. Therefore,
the comparable results across the CCR, BCC, and SBM models highlighted the robustness
and reliability of the selected model in assessing the efficiency of the evaluated units.

4.2.2. EU Innovation Efficiency throughout the Programming Periods

Figure 6 represents the situation during each programming period, including 2002–
2006, 2007–2013, and 2014–2020 (full results over the years are presented in Appendix C).
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Figure 6. Average innovation efficiency levels by programming period.

The general state of efficiency assessing patent applications can be considered very
good (86%) and did not vary much over time. During the years of the last analyzed
framework program (2014–2020), it reached 88%. In the context of EU investment, these
results may not be very surprising because the EU R&I policy was always much oriented
toward technological innovation. An especially useful pointer for European Union policy-
makers is that the recent substantial focus on non-technological innovation has “paid off”,
since each programming period was more and more advantageous in terms of trademark
and design applications. Regarding trademarks, the average efficiency level in the first FP
was 51% and reached 83% in the last analyzed FP. Likewise, for design applications, it was
49% in 2002–2006 and 81% in 2014–2020.

To conclude the findings of the DEA application in the context of EU innovation
efficiency, it can be claimed that the situation has improved over time, meaning that each
programming period was more successful than the previous one. On the other hand, we
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found visible disparities across the member states, which requires a special attention by
policymakers.

5. Discussion

The EU is a large and diverse economic and political unit, with many different coun-
tries and cultures. Therefore, it is a “relative utopia” to coordinate and successfully im-
plement unified policies to promote innovation. Naturally, the national backgrounds and
abilities to use internal assets in the most competent way play a vital role here. Our analysis
showed that Greece and Portugal were the least efficient when considering all three output
indicators.

Though direct comparisons were not possible because of the distinct choices of vari-
ables and methods, the results of multiple research articles also showed that Greece stood
in the last rows in innovation efficiency rankings. For example, Erdin and Çağlar (2022)
and Feng et al. (2021) showed that Greece’s performance in using innovation resources
efficiently to generate innovation outputs was below the average. Kanellopoulos and
Tsekouras (2023), who analyzed the micro level and the dataset of 1274 innovative manufac-
turing firms, found that Greek companies could produce the same innovation outputs using
significantly fewer innovation resources. To be precise, Aytekin et al. (2022) estimated that
Greece lacks knowledge, technology, and creative output and should be able to produce
3.14% more outputs with the current input levels. According to the authors, Greece should
take Italy, Montenegro, Serbia, and Turkey as effective role models in this case.

Portugal is as well quite often identified as a country that is lagging behind in the
context of innovation efficiency. The research by Faria et al. (2020), who employed data
from 206 European regions and applied a stochastic production frontier methodology,
demonstrated that all Portuguese regional innovation systems (except Lisbon’s) performed
slightly below the average of their EU counterparts. Similarly, studies by Liu et al. (2019)
and Feng et al. (2021) highlighted that Portugal’s innovation efficiency values are below
the EU average.

Feng et al. (2021) assumed that since Portugal and Greece are located in southern
Europe, this relatively low performance might be linked to issues of economic development
(e.g., the tiny scale of the industry and the backward technology). Other factors may
include absorptive capacity, collaboration, and networking. Particularly, Kontolaimou et al.
(2016) findings revealed the existence of constraints in knowledge flows from the European
metafrontier (such as Austria, Denmark, Germany, or Iceland) to group-specific frontiers.
Other factors that might distort the final results could be related to such challenges as
bureaucracy or corruption. When corruption becomes perceived as the norm, individuals
become less inclined to combat it, leading to its easier proliferation within the society
(Wawrosz 2019). Therefore, corruption weakens the trust of innovators in the legal system
(Dincer 2019) and undermines the foundational pillars of the governing institutions that
are essential for fostering increased levels of innovative activity. To be specific, Portugal
ranked 33rd, and Greece was 51st among 180 countries for the corruption perception index,
in relation to which, the country ranked first is perceived to have the most honest public
sector (Transparency International 2022).

Without a doubt, the results of this paper provide a basis for future research. It would
be relevant to investigate the situation at a member state level and to create individual
profiles that would help find the underlying reasons for the currently gathered average effi-
ciency results. Such methods as Bayesian neural network, fuzzy-set qualitative comparative
analysis, self-organizing neural maps, and multi-output neural networks can also be well
applicable to that case. Bacon et al. (2019), for instance, suggested a machine learning (ML)
approach for national innovation performance data analysis. They used a Bayesian neural
network for decomposing and predicting the innovation output. The results showed that
the ML method is extremely useful to identify the key determinants of innovative output
and evaluate the long-term effects of particular factors, such as R&I investment. Proksch
et al. (2017), on the other hand, applied a fuzzy-set qualitative comparative analysis to 17
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European countries and identified different strategies that might lead to a high national
innovative capacity (NIC) by combining certain determinants (e.g., Italy and Spain lacked
private R&D funding).

All in all, it is obvious that the designing process of the specific computational
intelligence-based instruments for innovation efficiency evaluation should be continued.
It would help in overcoming such methodological challenges as attribution/contribution
problems (innovations are developed in the context of a broader environment which also
influences the final R&I results) and big amounts of data (problems that are difficult to
handle by manpower might be solved).

6. Conclusions

Enhancing innovation efficiency should be a priority for the EU to increase its global
competitiveness. Therefore, this paper aimed to evaluate whether the EU member states
are using their capacities, including the incoming EU financial flows for R&I, in the most
efficient way. The efficiency changes were also assessed in a time frame.

To begin with, the study incorporated the EU R&I investment in the context of other
important national innovative capacity input indicators (see Appendices A and B). To
capture a more comprehensive and nuanced view of innovation performance, both tech-
nological and non-technological indicators were employed (i.e., patent, trademark, and
design applications). Afterward, correlation analysis and data envelopment analysis were
used to provide scientifically justified results.

Statistical correlations between the selected variables were determined to measure the
strength of the relationship between them. Certain correlation findings indicated that EU
R&I investment has a positive relationship with all three analyzed output variables—patent,
trademark, and design applications. Patents were most positively associated with exports,
R&D expenditures in the higher education sector, and high-quality journal publications.
Besides EU investment, the trademarks’ variable showed the greatest correlation with R&D
personnel, general intramural R&D expenditures, and exports. Design applications had the
strongest relationship with R&D expenditures in the higher education sector. However, all
three output variables were negatively associated with the share of the industrial sector in
the country, corruption, non-R&D expenditures, as well as R&D expenditures in the public
sector.

The correlation results were used as a basis to perform the data envelopment analysis,
excluding variables that had a low association with the tested output variables and those
that had multicollinearity. DEA revealed that the EU member states leverage their innova-
tive capacities for patent development most effectively, whilst not so much for trademarks
and designs. The country that is the most efficient in the development of all three analyzed
types of innovation—patent, trademark, and design applications—is Luxemburg. On
the contrary, Greece and Portugal seemed to be the least efficient in exploiting their own
capabilities as well as R&I investment for the before-mentioned innovative outputs. Finally,
as far as the efficiency was assessed throughout a time frame, a considerable improvement
in the last years was observed, especially in the case of trademark and design applications.
With regard to trademarks, the average efficiency level in the first Framework Programme
(2002–2006) was 51% and reached 83% in the last FP (2014–2020). Concerning design
applications, it was 49% in the 1st FP and increased to 81% in the Horizon 2020 period.
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Appendix A

Table A1. Input variables (adapted for this research, based on Andrijauskiene et al. 2021).

Name Definition Source

EU R&I investment

eu_fp EU R&I investment channeled through the Framework
Programs (euro per capita). European Commission (2022b)

Common innovation infrastructure

rd
Research and development investment (% of GDP). All
R&D investment plus gross fixed investment for R&D

performed within a country during a specific year.
Eurostat (2022)

public_rd Intramural R&D investment in the public sector (% of GDP). Eurostat (2022)

edu_exp Total public investment on education (% of GDP). Eurostat (2022)

rd_fte
Total R&D personnel and researchers by all sectors of
performance (% of total employment)—numerator in

full-time equivalent (FTE)
Eurostat (2022)

knowledge_stock
Cumulative variable formed from granted patents stock,

granted trademarks stock and granted designs stock.
Method used: factor analysis.

World Intellectual Property Organization
(WIPO) (2022)

pub_top10
Scientific publications among the top 10% most cited

publications worldwide (% of total scientific publications of
the country).

Web of Science (2022)

employees_edu Employees with tertiary education (% of total employees) Eurostat (2022)

ict Information and communication technologies (ICT) use
index. World Bank (2022)

Cluster-specific environment for innovation

private_rd Intramural R&D investment in the business sector (% of
GDP) Eurostat (2022)

non_rd Non-R&D innovation investment (% total turnover). Eurostat (2022)

sector_industry Employment in the industry sector (% total employment). World Bank (2022)

sector_services Employment in the services sector (% of total employment). World Bank (2022)

pop_urban Urban population (% of total population) World Bank (2022)

Quality of the linkages

higher_ed_rd Intramural R&D investment in the higher education sector
(% of GDP) Eurostat (2022)

venture_cap Venture capital (% of GDP) Eurostat (2022)

public_private_collab

Number of public–private co-authored research
publications (per capita). Publications were assigned to the
country/countries in which the business companies or other

private sector organizations were located

Web of Science (2022)

inno_smes_collab Innovative SMEs collaborating with others (% of SMEs). Eurostat (2022)
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Table A1. Cont.

Name Definition Source

International economic activities

exports Exports of goods and services (% of GDP) Eurostat (2022)

imports Imports of goods and services (% of GDP) World Bank (2022)

fdi Inward foreign direct investment (% of GDP) World Bank (2022)

Diversity and equality

multiculture Foreign country or stateless population (% total population). Eurostat (2022)

gender_equality Female share of employment in senior and middle
management (%) World Bank (2022)

income_inequality People at risk of poverty or social exclusion (% of
population) Eurostat (2022)

Legal and political strength

legal_political
Strength of the legal and political environment—judicial
independence, rule of law, political stability. 1(worst)–7

(best)
World Bank (2022)

corruption
Corruption perception index. Reversed ranking (Excel

RANK.AVG function) was applied, meaning that the higher
the rank, the more corrupted the country was.

Eurostat (2022)

ipr Protection of intellectual property rights, patent protection,
copyright protection. Property Rights Alliance (2022)

General socio-economic conditions

gdp_capita Gross domestic product (euro per capita). Eurostat (2022)

labour_force Employment and activity (thousands of persons, age from
15 to 64). Eurostat (2022)

Table A2. Output variables.

Name Definition Source

patent
Total patent applications (direct and PCT national
phase entries) by applicant’s origin (per million

inhabitants).

World Intellectual Property Organization (WIPO)
(2022)

trademark
Total trademark applications (direct and via the

Madrid system), by applicant’s origin (per million
inhabitants).

World Intellectual Property Organization (WIPO)
(2022)

design
Total design applications (direct and via the Hague

system), by applicant’s origin (per million
inhabitants).

World Intellectual Property Organization (WIPO)
(2022)
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