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Abstract

The paper seeks to explore the drivers of European innovation represented by three inno-
vation outputs (patent, trademark, and design applications), emphasizing spatial autocor-
relation and heterogeneity. It includes data from 202 regions from 22 European Union
(EU) Member States, along with 18 regions from Switzerland, Norway, and Serbia in
2019, providing a more comprehensive geographic scope. By considering multiple indica-
tors of innovation output, including patents, trademarks, and design applications, the main
objective is to examine spatial innovation spillovers and the heterogeneous responses of
regional innovation output to innovation inputs in the context of European regions. To
achieve this goal, the main instrument of the analysis is a newly proposed methodologi-
cal framework called Mixed Geographically Weighted Regression-Spatial Autoregressive
(MGWR-SAR) models. The analysis suggests that while all innovation inputs (most-
cited publications, research and development expenditure in the business sector, human
resources in science and technology, and population density) are justified in increasing
all innovation outputs, the strength of particular determinants of innovation might vary
across regions. Moreover, the analysis reveals valuable insights into how spatial spillo-
vers influence regional innovation. The impact of spatial connections varies across the
regions, with patents showing the strongest linkages, affecting about 92.27% of regions.
Although trademarks and designs have fewer spatial connections (approximately 50% of
regions), they still play a significant role in innovation. Although patents have traditionally
dominated discussions of innovation, the findings reveal the importance of incorporating
designs and trademarks as complementary indicators. Overall, the study highlights the
need for multiple metrics to comprehensively evaluate innovations.
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Introduction

Nowadays, most research and development (R&D) policies, as well as economic
development theories, perceive research and innovation as key success factors deter-
mining employment and economic growth. Increased R&D investment leads to the
development of technologically innovative products, enabling companies to gain
benefits such as increased market share, ultimately contributing to economic growth
and employment (Kinkel et al., 2005). While these conclusions emerge from numer-
ous empirical studies, many issues related to the innovation process remain unclear.
Problems such as the origin of innovation, the primary drivers of innovation, and
the impact of location on innovation persist. It is evident that innovation is driven
by internal factors within firms (e.g., capabilities, processes, or human resources),
but the influence of external factors and spatial aspects is increasingly highlighted.
The external environment can stimulate innovation through connections between
research centers, industries, or higher education institutions. For instance, in the
study by Guastella and Van Oort (2015), localized spillovers of knowledge were
considered to explain the spatial concentration of innovation activities.

According to RadoSevi€ et al. (2017), there is a need to focus more on regionally
specific strategies, especially in the catch-up regions of the European Union (EU),
where innovation often relies on the gradual improvement and adoption of existing
technologies rather than large investments in research and development. Universi-
ties in these areas should prioritize increasing knowledge dissemination capacities
to facilitate the dissemination of expertise from key regions and inform local firms
of available technologies. In addition, policies should prioritize the promotion of
cooperation between leading research universities in core regions and universities in
catch-up regions, possibly through funding schemes to stimulate cooperation and the
establishment of regional universities in catch-up regions to strengthen knowledge
transfer capabilities.

Given these considerations, the evaluation of innovation performance at the
regional level has become imperative. However, the scarcity of regional innovation
data poses challenges, complicating comparative assessments of regional innova-
tion systems and measurements of innovation. A valuable data source for address-
ing these challenges in the context of examining the innovation activities of Euro-
pean regions is the Regional Innovation Scoreboard (RIS), which provides statistical
information on the innovation performance of regions. The RIS 2019 report (Hol-
landers et al., 2019) offers an evaluation of innovation systems performance across
EU Member States regions, Serbia, Norway, and Switzerland. The Oslo Manual
(OECD/Eurostat, 2018) serves as another valuable data source for understand-
ing and measuring innovation within firms and across industries. Developed by
the Organization for Economic Cooperation and Development (OECD), it offers
standardized guidelines and methodologies for collecting and interpreting innova-
tion data. Through internationally agreed-upon definitions and practices, the manual
ensures consistency in measuring innovation activities such as R&D, technology
adoption, and organizational changes. Utilizing the Oslo Manual as a data source
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enables countries and organizations to gather reliable and comparable information
on innovation performance.

In contemporary research on regional innovation activities, the conventional reli-
ance on patents as the primary proxy for measuring innovation outputs has been
challenged. In this paper, we try to propose a novel approach to regional innovation
evaluation by expanding the scope of innovation output proxies to include trademark
applications and design applications. By considering multiple indicators of innova-
tion output, including patents, trademarks, and design applications, our main objec-
tive is to examine spatial innovation spillovers and the heterogeneous responses of
regional innovation output to innovation inputs in the context of European regions.
To address this goal, we employ a methodological framework that integrates Mixed
Geographically Weighted Regression-Spatial Autoregressive (MGWR-SAR) mod-
els. This approach enables us to simultaneously examine spatial autocorrelation
and heterogeneity while considering multiple innovation output proxies. Given the
outlined goal and research methodology, this paper aims to answer the following
research questions:

e Innovation Output Proxies: We hypothesize that the inclusion of trademark and
design applications alongside patents as proxies for innovation output will pro-
vide a more comprehensive understanding of regional innovation dynamics com-
pared to using patents alone.

e Spatial Innovation Spillovers among European regions: We hypothesize that
regional innovation spillovers might lead to increased innovation activities in
neighboring regions (indicated by patents, trademarks, and designs).

e Spatial Differentiation of Model Parameters: We hypothesize that the parameters
of MGWR-SAR models will demonstrate spatial differentiation, indicating vary-
ing levels of spatial dependence and innovation drivers across different regions
of Europe.

e Spatial Autocorrelation and Heterogeneity': We assume that spatial autocor-
relation and heterogeneity will coexist in the regional innovation environment,
reflecting both spatial innovation spillovers and variations in innovation patterns
across regions, with model parameters expected to vary over space.

By applying the MGWR-SAR models to regional innovation data encompassing
patents, trademarks, and design applications, our aim is to provide a comprehensive

! Spatial autocorrelation refers to the positive or negative correlation of a variable with itself due to the
spatial location of observations. It can result from complex, unobservable processes such as interac-
tion phenomena or technological diffusion. On the other hand, spatial heterogeneity acknowledges that
the influence of explanatory variables on the dependent variable varies across observation locations. In
the context of the regional innovation problem, spatial autocorrelation refers to the positive or negative
correlation of innovation activities within a region with those in neighboring regions. This means that
regions with high levels of innovation tend to be spatially clustered, while regions with low levels of
innovation are also clustered together. Spatial heterogeneity, on the other hand, refers to the variation
in the strength and nature of innovation processes across different regions. This implies that the factors
influencing innovation outcomes, such as access to resources, infrastructure, or human capital, may vary
from one region to another.
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analysis of the regional innovation environment, particularly focusing on the Euro-
pean regions. These findings may have significant implications for regional innova-
tion policy. If the spatial non-stationarity of the parameters were confirmed, regional
policy instruments would have to be heterogeneous. In addition, differences may
arise in relation to different innovation outputs. Our use of MGWR-SAR models
serves as a primary validation tool to address these research questions. To the best
of the author’s knowledge, this is the first analysis of the regional innovation prob-
lem considering both spatial effects based on the MGWR-SAR approach, with the
three innovation outputs being modeled variables.” Simultaneous examination of
both spatial effects is rarely conducted, not only in relation to innovation activities
of the regions. One reason for this may be the scarcity of spatial econometric tools
suitable for addressing both problems simultaneously. It appears that one of the few
possibilities is a new class of MGWR-SAR models (Geniaux & Martinetti, 2018).
The rest of the paper is structured as follows: the next section provides a literature
overview; the Methodology section includes data and study area descriptions and
the main theoretical backgrounds of the study. Empirical results are presented and
interpreted in the Results and Discussion section. The main concluding remarks can
be found in the Conclusion and Limitations and Future Research section. The paper
closes with references. Additional tables and figures are included in the Annex.

Literature Review

One of the key questions when measuring innovation is the question of what can
be considered an innovation output. Economists (e.g., Griliches, 1990 or Jaffe &
de Rassenfosse, 2017) have been debating about the issues of measuring innova-
tive activity and technological progress but the answer is not so straightforward and
innovation output can be represented in various ways. The term “inputs to innova-
tion” generally refers to the resources committed to innovation (investment in R&D
and intellectual capital) and the term “innovation output” refers to the new prod-
ucts and processes announcements. The capacity of firms to develop new products
determines their competitive advantage. For this reason, the number of patents is
considered the main indicator of the rate of new product innovation. Patents, while
valuable for protecting technical innovations, have limitations in capturing certain
types of innovation comprehensively. This includes non-technical innovations and
those that may not meet patentability criteria. Additionally, the time-consuming and
costly nature of obtaining patents, coupled with the requirement for detailed disclo-
sure, may render them less suitable for some businesses. In such cases, designs or
trademarks offer alternative forms of intellectual property protection. Designs might
be ideal for safeguarding the aesthetic aspects of products, while trademarks excel in
protecting brand identity and market presence. These options are often simpler and
more cost-effective to obtain, providing valuable protection for a broader range of

2 The author has already published papers (Furkova, 2021 and Furkové, 2022) where the MGWR-SAR
approach has been applied but only in connection with patents as an innovation output.
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innovations and intellectual property assets. Patent applications tend to be lower at
service companies than in the manufacturing sector; trademarks and design applica-
tions are a privileged method of registration in the services segment (Blind et al.,
2003). Trademarks and designs as well as patent applications constitute property
rights but of a different nature and they are considered important innovation indi-
cators. The Oslo Manual (OECD/Eurostat, 2018) also outlines different indicators
and methods to capture different aspects of innovation, such as R&D expenditure,
patents, trademarks, and design registrations.

The relationship between the inputs and outputs provides information on the
R&D effectiveness. The well-known concept of the Regional Knowledge Production
Function (RKPF) model (see Pakes & Griliches, 1980 or Moreno et al., 2005a) is
one of the options to model the relationship between the innovation inputs and out-
puts. In Jaffe (1989), the RKPF model extension to spatial context was introduced.
Jaffe also noted that when discussing data on the inputs, outputs, and effectiveness
of innovative activity, it is important to distinguish between the underlying concept
of concern and the proxy or measure used to indicate innovation. In many empirical
studies (e.g., Autant-Bernard & LeSage, 2011; Charlot et al., 2015; Moreno et al.,
2005a, 2005b; Popescu et al., 2023), the number of patent applications has been
accepted as innovation output.

Table 10 (see Annex) provides a more comprehensive overview of papers focused
mostly on patent applications as an innovation output. The number of patent appli-
cations is also an inevitable part of the RIS innovation indicators.

In empirical analyses that examine the innovative activities of companies or
regions, designs and trademarks are mentioned much less compared to patents.
Mendonga et al. (2004) took the first important step in analyzing trademarks as an
innovation indicator, which they define as a partial or complementary measure of
innovative output for firms. The authors suggest that trademarks must be combined
with additional data to produce consistent results regarding innovation. Their anal-
ysis confirms the close relationship between innovation and the marketing efforts
of companies. Additionally, trademarks often accompany the introduction of new
and innovative products and services to the market, expressing the innovativeness of
these products or services. Gotsch and Hipp (2012) assessed the use of trademarks
as innovation indicators, particularly for services where traditional metrics fall short.
Their study, based on European Community Innovation Survey data, showed a
positive correlation between trademark registration and innovation success among
German firms. They also noted that knowledge-intensive business services tend to
favor trademarks over patents for safeguarding innovation. Similarly, Flikkema et al.
(2014) conducted a study on small- and medium-sized enterprises in the Benelux
countries. They found that nearly 60% of registered trademarks were linked to inno-
vation activities, primarily the launch of new products or services. Their findings
support the notion of trademarks as effective innovation indicators for SMEs.

The research in Ribeiro et al. (2022) also emphasizes the value of trademark
data as complementary indicators of innovation alongside patents. It presents evi-
dence from extensive trademark and patent databases, showing a strong correlation
between the two across various scales. By incorporating trademark data, the study
suggests a more comprehensive understanding of innovation processes, especially
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in-service sectors, low-patent-usage sectors, and among exporting entities in devel-
oping countries. Overall, it underlines the importance of integrating trademark data
into innovation studies to capture diverse forms of innovation effectively.

As outlined in previous empirical research (e.g., Audretsch & Feldman, 2004;
Kumar, 2008; Charlot et al., 2015; Guastella van Oort, 2015; Kijek & Kijek, 2019;
Furkova, 2021, 2022), spatial interconnections and geographical proximity across
European regions may significantly affect spatial patterns of innovation. In this con-
text, not only regional capacities are relevant in determining local innovation. For
instance, this means that the knowledge produced in a region may disperse to neigh-
boring regions, which might influence innovation actions in these regions. In addi-
tion, a geographical closeness affords the opportunity for knowledge to spread faster.
Therefore, the role of so-called spatial spillovers should not be neglected in deter-
mining regional innovation.

A study by Lilles et al. (2020) points out that in the catching-up regions of the
EU, innovation is primarily incremental, relying on existing technologies rather than
significant R&D investment. Universities in these areas should enhance knowledge
translation to spread expertise from core regions to local firms. Moreover, foster-
ing collaboration between leading research universities in core regions and those in
catching-up regions can boost knowledge transfer networks and establish regional
universities for stronger innovation capabilities. In Table 10 (see Annex), we pre-
sent a list of papers and the main findings of research studies focusing on European
regional knowledge production processes with spatial spillovers, employing mainly
patents as the primary indicator of innovation output.

In this research, we consider the possibility that spatial autocorrelation might be
present simultaneously with spatial heterogeneity. We suppose non-uniform distri-
bution of European innovation that is a spatial heterogeneity problem. At the same
time, spatial innovation spillovers are considered an external determinant of regional
innovation (spatial autocorrelation problem). Simultaneous examination of both
spatial effects is rarely examined, not only in relation to innovation activities of the
regions. One of the reasons for this may be the fact that tools of spatial economet-
ric suitable for solving both problems at the same time are very sparse. It seems
that one of the few possibilities is a new class of MGWR-SAR models (Geniaux &
Martinetti, 2018). Another two innovative approaches for addressing spatial auto-
correlation and heterogeneity simultaneously in spatial data analysis can be found
in the work of Chen et al. (2022) and Wu et al. (2023). Chen et al. (2022) proposed
a backfitting method for the geographically weighted regression model with a spa-
tially autoregressive term (GWR-LAG) model to address spatial autocorrelation
and heterogeneity simultaneously. This approach enables optimal bandwidth selec-
tion for each coefficient, improving estimator accuracy and enhancing model per-
formance. In contrast, Wu et al. (2023) introduced unified geographically weighted
regression (UGWR) models, allowing regression coefficients to vary across space
and considering spatial autoregressive relationships. Their reconstruction parame-
terization approach offers flexibility in fitting different smoothness degrees, demon-
strating superior performance in handling complex datasets through simulation and
empirical studies, notably on China’s regional GDP dataset. Both approaches offer
significant advances in understanding spatial phenomena.
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Methodology

This section provides an overview of the study area and data, the spatial differentia-
tion of innovation outputs, and the main methodological background.

Data and Study Area

European regions play an active role in regional development, in shaping innova-
tion trajectories (Z6ttaszek & Olejnik, 2021), and they are targeted by regional poli-
cies. In addition to national and the EU-level policies, innovation policy in Europe
is increasingly being designed and implemented at a regional level. The regions that
are lagging behind can apply for EU funding support. For example, EU regions are
the focus of cohesion policy (see, e.g., Hahn & Andor, 2013), which provides ter-
ritories special care and investment tools to address specific issues. The components
of the Regional Innovation Index (RII)’ obtained from the Regional Innovation
Scoreboard (RIS) 2019 (Hollanders et al., 2019) and the Eurostat regional statistical
database (Eurostat, 2022)) are used as data sources for the empirical analysis. The
RIS is an initiative of the European Commission (Directorate-General for Internal
Market, Industry, Entrepreneurship and SMEs) that provides a comparative assess-
ment of the innovation performance of regions in Europe and some countries out-
side Europe. The Scoreboard aims to help policymakers, stakeholders, and research-
ers understand and assess the innovation environment at the regional level.

The RIS covers 238 regions in 23 EU Member States, Norway, Serbia, and Swit-
zerland at different NUTS (Nomenclature of territorial units for statistics) levels.
The NUTS classification is a hierarchical system for dividing the economic territory
of the EU, which distinguishes between three levels: NUTS 1 captures major socio-
economic regions, NUTS 2 captures basic regions for the application of regional
policies, and NUTS 3 captures small regions for specific diagnoses (Hollanders
et al., 2019).

The analysis considers classification mainly according to NUTS 2 level.* This
level of classification is deemed appropriate for the analysis because regions eligible
for cohesion policy support are defined at the NUTS 2 level. This NUTS classifica-
tion is chosen in most research works dealing with the examination of innovation
processes across European regions (e.g., Popescu et al., 2023; Halaskova & Bednaf,
2023; Bristow & Healy, 2018 or Charlot et al., 2015). The research in Kijek and
Kijek (2019) also uses data for NUTS 2 EU regions. The authors argue that spatial
models for these regions make it possible to study the role of knowledge and human
capital spillovers dispersed through various proximate linkages. More studies are
listed in Table 10 in the Annex.

3 According to RIS 2019, regional innovation performance is measured using a composite indicator —
the Regional Innovation Index (RII) which summarizes the performance on 17 indicators (see Hollanders
etal., 2019).

* Depending on differences in regional data availability, the RIS covers 32 NUTS 1 level regions and for
this reason, 30 regions at this level are included in our analysis.
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The analysis in this paper encompasses 202 regions of 22 EU Member States> along
with 18 regions from Switzerland, Norway, and Serbia, providing a more comprehen-
sive geographic scope that spans both EU and non-EU countries within Europe. We
assume that these non-EU regions are appropriate to add to the dataset because they are
direct geographical neighbors of EU regions. This coverage is instrumental in exam-
ining spatial connectivity in the context of innovation, facilitating the exploration of
cross-regional collaboration and initiatives aimed at fostering interconnectedness
among regions across diverse geopolitical borders. To address issues such as isolated
observations (island regions) and missing data, corresponding regions were removed
from the analysis. The resulting study area is shown in Figs. 1, 2, and 30

As stated in the introduction of this paper, in addition to patents as one of the
most commonly used innovation output proxy, we also turn our attention to other
potential proxies of innovation output. Trademark and design applications are also
considered proxies for innovation output of the regions. The rationale for this choice
is given in a short discussion in the Introduction and Literature Review sections.
Tables 1, 2 and 3 also provide a brief overview of the adequacy of these indicators
as representatives of innovation outputs. The tables also contain a detailed descrip-
tion of these variables along with their basic descriptive statistics. The data refer to
the year 2019.

Figures 1, 2 and 3 illustrate the real and simulated spatial distributions of PCT
applications, trademark applications, and design application, respectively. All three
indicators are part of the RII index and will be modelled variables of the next econo-
metric analysis.

Geographical differences in performance for PCT applications can be observed from
Fig. 1 (see the left side). Most of the Eastern European regions, the regions of Spain,
Greece, and southern Italy, achieve relatively low values of patents. On the other hand,
the regions of Germany, Finland, Sweden, Switzerland, the Netherlands, or Denmark are
mainly the top performers. The score value of 1 (the highest possible) reached the Dutch
region Noord-Braband, Swedish region Sydsverige and German region Oberpfalz. The
region Noord-Braband has a high share of high-tech companies, the region Sydsverige
is characterized by a diversified business environment, with several established clusters
and several strong universities which are very beneficial as well. The region Oberpfalz is
a component of a strong Bavarian regional innovation system which strength stems from
the numerous innovation networks and clusters (Furkova, 2022).

To summarize the top performing regions, we present the top ten performing
regions for each innovation output in Table 11 (see Annex). We can note that for
each innovative output, the first place belongs to three regions with the same value
of the indicator. The table also contains the affiliation of the region to the country as
well as the NUTS code.

5 The UK was still part of the EU during the period under observation, and is therefore included in the
set of regions of the EU member states.

6 All figures and tables in this paper are elaborated by the author on the basis of RIS 2019 data (Hol-
landers et al., 2019) and data from the regional Eurostat statistics database (http://ec.europa.eu/eurostat/).
All calculations as well as maps were implemented with RStudio and GeoDa software.
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Simulated random

Real
distribution

distribution

Fig. 1 Comparison of differences between real (left) and simulated random distribution (right) for patent
applications

Real Simulated random
distribution = distribution

Fig.2 Comparison of differences between real (left) and simulated random distribution (right) for trade-
mark applications

Performance on trademark applications shown in Fig. 2 (left side) is relatively
strong in Austria, Denmark, and Switzerland. Other countries with high-performing
regions include, e.g., Belgium, Spain, Germany, Sweden, and Italy. The highest pos-
sible score was achieved by the Spanish region of La Rioja and two Swiss regions
Zentralschweiz and Ticino (see Table 11 in Annex). The leadership of the Swiss
regions is certainly supported by innovation parks which facilitate collaborations for
companies, start-ups, and universities to find solutions to some of the world’s most
pressing challenges (see https://www.switzerland-innovation.com/). Such an innova-
tion network enables accelerating the transformation of research results into market-
able products and services. The third leading region in relation to trademarks, the
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Real Simulated random
distribution distribution

Fig.3 Comparison of differences between real (left) and simulated random distribution (right) for design
applications

Spanish region of La Rioja, has a significant industrial base focused on the agri-
food sector. In recent years, the wine sector has focused on quality and innovation,
with the Rioja Qualified Designation of Origin becoming one of the internationally
recognized wine designations (see https://what-europe-does-for-me.eu/en/portal/1/
ES23-ES230). It is the identification of the origin of goods and services that is one
of the essential functions of a trademark. Compared to PCT applications, trademark
applications are characterized by higher differences in regional performance within
countries. Large differences are observed for instance in Spain or Bulgaria.

Finally, Fig. 3 (left side) shows the geographical performance differences in design
applications. High-performing regions are mostly the regions of Austria, Czech Repub-
lic, Germany, Denmark, the Netherlands, Italy, and Poland. Countries such as Greece,

Table 1 Innovation output—PCT applications

PCT applications

Category: Dependent variable MGWR-SAR1 model

Definition: Patent Cooperation Treaty (PCT) applications at the European Patent Office (EPO) per bil-
lion regional gross domestic product (GDP)

Numerator: Number of patents applied for at the EPO, by year of filing. The regional distribution of the
patent applications is assigned according to the address of the inventor
Denominator: Gross Domestic Product in Purchasing Power Standard

Rationale (Hollanders et al., 2019): The capacity of firms to develop new products determines their
competitive advantage. One indicator of the rate of new product innovation is the number of patents.
This indicator measures the number of patent applications at the European Patent Office

Form: Normalized®

Source: Regional Innovation Scoreboard 2019

Basic descriptive statistics:

Min First Quartile Median Mean Third Quartile Max Stand. dev
0.039 0.136 0.291 0.336 0.474 1.000 0.229

%The RIS 2019 provides data which are already normalised by the min—max procedure (data range from
Oto 1)
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Table 2 Innovation output—trademark applications

Trademark applications

Category: Dependent variable MGWR-SAR?2 model

Definition: Trademark applications at European Union Intellectual Property Office (EUIPO) per billion
regional Gross Domestic Product (GDP)

Numerator: Number of trademarks applied for at EUTPO

Denominator: Gross Domestic Product in Purchasing Power Standard

Rationale (Hollanders et al., 2019): Trademarks are an important innovation indicator, especially for
the service sector. The Community trademark gives its proprietor a uniform right applicable in all
Member States of the European Union through a single procedure which simplifies trademark policies
at European level. It fulfils the three essential functions of a trademark: it identifies the origin of goods
and services, guarantees consistent quality through evidence of the company’s commitment vis-a-vis
the consumer, and is a form of communication, a basis for publicity and advertising

Form: Normalized®

Source: Regional Innovation Scoreboard 2019

Basic descriptive statistics:

Min First Quartile Median Mean Third Quartile Max Stand. dev
0.043 0.184 0.323 0.362 0.493 1.000 0.216

“The RIS 2019 provides data which are already normalised by the min—max procedure (data range from
Oto 1)

Croatia, Norway, Lithuania, Romania, and Slovakia have high proportions of low-per-
forming regions. The Italian region of Umbria, the Czech region of Jihozapad, and the
Swiss region of Ostschweiz are the best performing regions (see Table 11 in Annex). Let
us take a closer look into the Czech region of Jihozapad. This region is one of the few

Table 3 Innovation output—design applications

Design applications

Category: Dependent variable MGWR-SAR3 model

Definition: Design applications at European Union Intellectual Property Office (EUIPO) per billion
regional Gross Domestic Product (GDP)

Numerator: Number of designs applied for at EUIPO
Denominator: Gross Domestic Product in Purchasing Power Standard

Rationale (Hollanders et al., 2019): A design is the outward appearance of a product or
part of it resulting from the lines, contours, colors, shape, texture, materials, and/or its
ornamentation. A product can be any industrial or handicraft item including packaging,
graphic symbols, and typographic typefaces but excluding computer programs. It also
includes products that are composed of multiple components, which may be disassembled
and reassembled. Community design protection is directly enforceable in each Member
State and it provides both the option of an unregistered and a registered Community design
right for one area encompassing all Member States

Form: Normalized®

Source: Regional Innovation Scoreboard 2019

Basic descriptive statistics:

Min First Quartile Median Mean Third Quartile Max Stand. dev
0.024 0.248 0.392 0.405 0.552 1.000 0.215

%The RIS 2019 provides data which are already normalised by the min—max procedure (data range from
Oto 1)
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exceptions when a region from the former Eastern bloc and, in addition, a region that is
included in the group of less developed regions (regional gross domestic product (GDP)
less than 75% of the EU average) ranks first in connection with any component of the
RII index. The Jihozapad region has a tradition in light (automotive) engineering, food
and beverage manufacturing, and agriculture. Clusters in the manufacturing branches can
potentially be an explanatory factor for the good performance of the industries in Jihoza-
pad and potential for the development of innovation clusters in this region, with an impact
on regional smart specialization. In addition, within the Czech Republic, Jihozapad cer-
tainly profits from its geographic location and proximity of business partners in Bavaria
and Austria in respect of business collaboration and the attraction of investments in the
region. The cluster additionally can draw innovative potential from co-operation with the
nearby academic institution (University of West Bohemia), which offers electrical engi-
neering, mechanical engineering, and applied sciences programs (Cordes et al., 2016).
In comparison to patent protection (used to protect the way a product works), a regis-
tered design protects the appearance of a product which may consist of its lines, contours,
shape, colors patterns, etc. Design protection plays an essential role in the automotive or
food industry that are major industries in Jihozapad region.

Together, for all three considered innovation outputs, we can conclude that the com-
mon feature of the top-performing regions is the geographical concentration of clusters of
innovative firms and research hubs, which enable them to draw from technological devel-
opment and share experiences with knowledge, technologies, etc. It is clear that, in terms
of all three innovation outputs, innovation activities in the European area are unevenly dis-
tributed and innovation is likely to be spatially correlated. Figures 1, 2 amd 3 illustrate the
gap between real—probably spatially autocorrelated distribution (on the left)—and simu-
lated random distribution (on the right) for patent, trademark, and design applications.

The well-known Moran’s I test” can be used as an initial inspection of spatial autocor-
relation. The global Moran indexes presented in Table 4 show strong evidence of spatial
association for the values of real distributions. This indicates that the values of patents,
trademarks, and designs are not randomly distributed in space but there is a particular rela-
tionship between corresponding innovation output and its spatial lag. On the contrary, the
observations have no special spatial patterns in case of simulated random distributions.

The discussion and calculations above (see Table 4) suggest that the location of
the region and the nature of the neighborhood occupy a significant position for the
generation of regional innovation in terms of all three considered innovation out-
puts. Therefore, considering spatial autocorrelation and heterogeneity at the same
time seems essential.

To simultaneously address both spatial effects in spatial econometric models, we
will utilize the extended RKPF model and the MGWR-SAR approach presented in the
following section. Table 5 provides a description of all explanatory variables (innova-
tion inputs) used in the econometric analysis.

The explanatory variables, “Top 10% most-cited publications” and “R&D
expenditures in the business sector,” used in the following analysis, are significant

7 Spatial weighting queen contiguity scheme (for more details, see, e.g., Anselin & Rey, 2014 or section
Econometric Models) was applied for Moran’s / calculations.
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elements of the RII index, which was one of the main reasons for their inclusion.
A rationale for why these variables should be included as potentially significant
innovation inputs is provided in Hollanders et al. (2019). The variables “Human
resources in science and technology” and “Population density” were obtained from
the regional Eurostat statistics database (Eurostat, 2022). The data refer to 2019,
except for the variable “Population density”; we used data for 2018 due to data
availability. In order to control for additional regional characteristics, two dummy
variables for lagging (less developed) regions are considered. The classification of
less developed or lagging regions in our study adheres to the categories outlined in
the EU Cohesion Policy, as described by, e.g., Hahn and Andor (2013). According
to this classification, less developed or lagging regions are those whose GDP per
capita is less than 75% of the average GDP of the EU-27. In this context, a dummy
variable representing a lagging region takes the value of 1 if the observation is a lag-
ging region and O otherwise. On the other hand, an interactive form with a variable
representing human resources in science and technology allows for the exploration
of how the effect of lagging region on innovation output changes based on the level
of human resources in science and technology.

Econometric Models

In this paper, we employ a new model to accommodate spatial autocorrelation and
heterogeneity simultaneously. Applying such an approach seems reasonable for two
reasons. Firstly, innovation of a region can be affected by innovation actions car-
ried out in surrounding regions (see, e.g., Moreno et al., 2005a; Furkova, 2021);
thus, the problem of spatial autocorrelation may be present. In addition, it can be
also expected that the strength of individual determinants of innovation might vary
across European regions. Therefore, the spatial heterogeneity problem should be
considered. Both of these issues are addressed through the MGWR-SAR model but
neglected in the traditional ordinary least squares (OLS) concept. Nevertheless, the
starting point of our analysis for identifying regional innovation determinants is
OLS regression. The OLS model can be written as:

vi=Xp+¢g, Vie{l,.,N}, )

where y is the N-vector of a dependent variable (N is a size of the sample); X is a matrix
of k exogenous explanatory variables (k is a number of explanatory variables); f is a k
vector of unknown parameters and ¢ is an IID (independent and identically distributed)
error term representing all unobservable factors that influence regional innovative per-
formance. Based on the OLS estimate and the resulting LM tests (see, e.g., Anselin &
Rey, 2014), the type of spatial econometric model can be determined. In spatial econo-
metric literature, a regression model that explicitly considers spatial autocorrelation
of the endogenous variable y is denoted as SAR (spatial autoregressive) model. This
model incorporates a spatial lag term Wy that captures the influence of neighboring
observations on the dependent variable. This model is formally written as follows:

yi=pWy+XB+e, Vie{l,. N}, 2)
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where p denotes a parameter of spatial autoregressive process, Wy is a spatially
lagged dependent variable, and W = (Wii Lj=1,..,N ) represents a spatial
weighting matrix, which summarizes the spatial relationships between N regions.
The estimation of all spatial econometric models in this paper is based on queen
contiguity weights. These weights indicate whether regions share a boundary or not.
Corresponding spatial weights are taking two values: 1—when there is a common
border between two regions; O—otherwise. This spatial weighting scheme—row-
standardized queen contiguity form—is applied in all empirical estimations as well
as spatial statistics calculations in this paper.

In model (2), the parameter p and the linear regression parameters f are constant
for all locations. This idea is adopted by all existing estimators of SAR, which seems
to be a restrictive assumption. In addition, Geniaux and Martinetti (2018) remind
us that it is often a problem to distinguish real spatial autocorrelation and various
sources of violation of IID, such as spatial heterogeneity through unobserved covari-
ates and/or spatially varying relationships. The term spatial heterogeneity is associ-
ated to structural instability and heteroscedasticity. The structural instability relates
to the spatial non-stationarity of the parameters and heteroscedasticity covers the
problem of different error variances of the spatial units. Given the regional innova-
tion problem in a territory as large as the European area, it can be assumed that the
strength of the impact of innovation determinants may differ from region to region.

In order to improve SAR estimates and allow for simultaneous consideration of
spatial autocorrelation as well as spatially varying parameters (spatial heterogene-
ity), Geniaux and Martinetti (2018) propose a new class of data generating process
(DGP) known as MGWR-SAR models. They suggest that values of parameters p
and fs depend on the coordinates (ui, vi) representing the longitude and latitude of
observation i. The model that considers the existence of global and local variables
(including the spatial autoregressive parameter) takes the following form:

y; = p(ui,v,-;h)Wy +pc X+ ﬁv(ui,vi;h)Xv +¢gVie{l,..,N}, 3)

where £ is a bandwidth parameter that enables us to determine a local subsample
around the coordinates of each region (ui, vi) using a given distance kernel function,
k¢ is the number of constant fs, k, is the number of spatially varying fs, X~ repre-
sents k. explanatory variables with constant parameters (f.), and X, represents ky,
explanatory variables with spatially varying parameters (f,).

The MGWR-SAR models are developed based on the combination SAR model
(model defined in (2)), geographically weighted regression (GWR) (Brunsdon et al.,
1996), and mixed geographically weighted regression (MGWR) (Fotheringham
et al., 1999; Geniaux et al., 2011; Mei et al., 2004) models. GWR and MGWR are
spatial regression techniques that allow model parameters to vary spatially, captur-
ing local variations in relationships between variables (spatial heterogeneity prob-
lem). The integration of MGWR-SAR models combines the strengths of GWR,
MGWR, and SAR approaches. It allows for the simultaneous consideration of spa-
tial heterogeneity (through GWR or MGWR) and spatial autocorrelation (through
SAR). This integration enables researchers to capture both local variations in rela-
tionships and spatial dependencies among observations. MGWR-SAR models are
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particularly well-suited for analyzing spatially complex datasets where relationships
between variables may vary across different geographic regions. From Eq. (3), we
can derive nine different DGPs (Geniaux & Martinetti, 2018) as a combination of
fixed and spatially-varying coefficients (p, B¢, By ):

yi = BcXc +é; (OLS)

y; = By (u;vish) Xy +e; (GWR)

yi= PeXc +ﬂv(ul,vl,h)xv +e; (MGWR)

Vi = pWy +BcXc +e; (SAR)

y; = pWy +Py (u;,vish) Xy, +e;  (MGWR-SAR(0,0, k))
y; = pWy +BcXc +By(uvih)Xy  +e; (MGWR-SAR(0.k¢, ky))
yi = plu,vish) Wy +pcXc +¢; (MGWR-SAR(1,k, 0))
v, = plu,vish) Wy +ﬂv(u,-, vi;h)XV +g;  (MGWR-SAR(1,0, k))
yi = p(upvish) Wy +BcXe +By (u;,vish)Xy  +&; (MGWR-SAR(Lkc.ky))

“)

The last equation in (4) coincides with Eq. (3), a model with all spatially varying
parameters (including the spatial autoregressive parameter). The values in parenthe-
sis of MGWR-SAR ( N9 kv) models denote i, —the fact that p is constant (0) or
spatially varying (1); kC —the number of constant ps;k, — the number of spatially
varying fs; and k = k- + ky,.

Apart from the OLS and SAR formulations, all models in (4) are based on the
common idea of the GWR approach to estimate N local regressions by weighting
the observations in the local regressions depending on their distance from the focal
point (see, e.g., Chocholata, 2020). The GWR technique involves several key com-
ponents, including the kernel function and the choice of bandwidth parameter h (for
more details, see, e.g., Gollini et al., 2015):

o The kernel function determines the weight assigned to each observation based on
its proximity to the target location. Commonly used continuous or discontinu-
ous kernel functions are, e.g., Gaussian, Exponential, Box-car, Bi-square, or Tri-
cube. These functions assign higher weights to observations closer to the target
location and lower weights to those farther away, reflecting the spatial decay of
influence.

e The bandwidth parameter h determines the spatial extent over which observa-
tions are considered in the regression estimation. It controls the size of the local
neighborhood around each target location. Bandwidth selection methods include
cross validation (CV), Akaike information criterion (AIC), and Bayesian infor-
mation criterion (BIC).

In the empirical part of this paper, we estimate models based on the OLS, SAR,
and MGWR-SAR(I,kC, kv) specifications defined in (1)—(3). As for the estimations
of all MGWR-SAR models, we chose Gaussian kernel weighting function and the
bandwidth parameter 4 is calibrated by CV optimization procedure.

The MGWR and MGWR-SAR approaches allow us to make a combination of
spatially stationary and non-stationary parameters. This may be appropriate when
modelling regional innovation, as the occurrence of spatial heterogeneity may not
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apply to all parameters. It may happen that some innovation inputs may influence
innovation output globally, with the strength of their impact on innovation output
being the same in each region, while other parameters may vary spatially. In all
MGWR-SAR models, a spatially lagged dependent variable (either constant pWy, if
i, = 0 or spatially varying p(ui, vi;h)Wy, ifi, = 1) is present. This raises an endoge-
neity problem. In order to deal with the endogenous part of the model, all MGWR-
SAR models are estimated by a spatial two-stage least square (S2SLS) technique
with X and WX as a set of instruments. In the same way as the MGWR-SAR model,
we estimate the SAR models in this paper. More details concerning to the topics of
S2SLS and MGWR-SAR estimations can be found in Geniaux and Martinetti (2018)
and Anselin and Rey (2014).

Finally, we briefly present a formulation of a regional knowledge production
function (RKPF) model. By estimating the RKPF model, it is possible to study the
contribution of innovation inputs to the production of regional innovation. The gen-
eral form of this model takes the form (Moreno et al., 2005a):

L=f(R.Zy;,Zy.€;), Vi€ {1,..,N}, )

where [ represents an innovation output proxy, R denotes a vector of regional R&D
inputs, Z, contains variables reflecting institutional and economic determinants, Z,
includes external regional factors, and € is an error term.

Results

Based on the models defined by Egs. (1) to (3) and the RKPF concept defined by
Formula (5), we estimate several econometric models. In all models, irrespective of
the innovation outputs, regional innovation is a function of innovation inputs: the
top 10% most-cited publications, R&D expenditure in the business sector, human
resources in science and technology, and population density. Additionally, regard-
less of the innovation outputs, we initially perform a global OLS estimation and sub-
sequently consider all relevant spatial aspects (SAR and MGWR-SAR estimations).
The estimates of the global OLS and SAR models serve as the basic starting point
of our analysis and are performed solely to assess the stability and reliability of the
empirical results under different model specifications. However, the primary focus
will be on MGWR-SAR models.

To account for additional regional characteristics, in all models, we include
dummy variables for lagging (less developed) regions (for variable descriptions, see
Table 5). Human capital is widely recognized as a key determinant of innovation,
yet, as noted by Diebolt and Hippe (2019), its long-term impact on innovation and
economic development remains underexplored, particularly at the regional level.
Therefore, we investigate whether human resources and a dummy variable reflect-
ing lagging regions interact to influence regional innovation. This entails consider-
ing the possibility that both intercepts and slope parameters may vary between the
two groups of regions. These dummy variables have a global character, applying
not only to the global OLS and SAR estimations but also to MGWR-SAR models.
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Specifically, we assume MGWR-SAR models with spatially varying parameters
(including a spatial autoregressive parameter), with the exception of the dummy
variables. In estimating the MGWR-SAR model, we employ a Gaussian weighting
scheme, with the bandwidth parameter calibrated using the cross-validation optimi-
zation method, resulting in #=3.6073. All SAR and MGWR-SAR models presented
in the paper are estimated using the S2SLS technique.

Model Estimates—Patent applications

The OLS1 and SAR1 model estimates (refer to Table 12 in the Annex) show that
patent applications are positively influenced by most innovation determinants, except
for population density, which surprisingly has a negative impact, contrary to previ-
ous findings (e.g., Knudsen, 2007). This suggests that factors influencing innovation
outcomes may differ for patents as an innovation proxy. Human capital is confirmed
as a significant driver of innovation, but lagging regions may lack advanced labor
in science and technology, leading to lower innovation output. The negative coef-
ficient of the interactive dummy variable highlights the disparities between lagging
and other regions. However, the positive coefficient of the second dummy variable
for lagging regions indicates stronger patenting activity in these areas. In the SAR1
spatial model, which includes a spatial lag of patent applications, significant spatial
autocorrelation is evident, as indicated by the positive spatial autoregressive param-
eter p. This implies positive spatial innovation spillovers®affecting regional patent
applications. Given these findings, addressing spatial autocorrelation is crucial, sup-
ported by the A-K test (see Anselin & Rey, 2014), which confirms the suitability of
SAR estimation (refer to Table 12 in the Annex for details).

Next, to examine both spatial effects simultaneously, the MGWR-SAR model was
applied to model the European innovation problem. The initial examination of the
MGWR-SARI1 model results (see Table 6) suggests the importance of the region’s
geographical position on the innovation process within the region. Basic statistics
are provided in Table 6. Larger differences between the minimum and maximum
values of the estimated parameters underscore spatial non-stationarity across the
analyzed regions, indicating how the magnitude of a given innovation input var-
ies across European regions, including changing signs of estimated parameters.
The impact of almost all innovation inputs on patent activities was predominantly
positive within the analyzed regions. However, the minimum values of all esti-
mated parameters were negative. Similar to the OLS1 and SAR1 estimates (refer to
Table 12 in the Annex), the population density factor exhibited negative values, and
these negative values were observed up to the third quartile, with significance con-
firmed in over 50% of cases. Human resources also emerged as a significant source
of innovation for more than half of European regions. Following the MGWR-SAR1

8 It must be kept in mind that the SAR model allows for global spillover effects and, therefore, the model
estimates cannot be interpreted as in the classical regression model because the relevant feedback effects
would not be captured. Given the scope of the paper and because we focus attention on the MGWR-SAR
models, the corresponding summary measures of direct, indirect, and total impacts are not presented
(see, e.g., LeSage & Pace, 2009).
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estimates, R&D expenditure in the business sector was identified as the most crucial
determinant of regional patent activities, with its statistical significance confirmed in
up to 90.45% of regions. Finally, the number of scientific publications proved to be a
significant determinant of regional patenting activity in 37.27% of cases. The global
nature of the two parameters associated with dummy variables did not indicate sta-
tistically significant differences between lagging regions and others, contrasting with
global SAR1 estimation. However, the MGWR-SARI1 estimate suggests that spatial
regional interactions significantly enhance regional innovation output, with a very
high percentage of significant cases of the spatial autoregressive parameter (92.27%)
providing support for this hypothesis.

Model Estimates—Trademark Applications

Now, we consider trademark applications as a proxy for innovation output. Both global
estimates OLS2 and SAR?2 (refer to Table 13 in the Annex) suggest differences in terms
of various innovation outputs compared to patents. If we consider trademark applications
as a proxy for innovation output, we observe that only R&D expenditure and population
density play important roles in increasing the innovation output defined in this manner.
Even spatial spillover effects within the dependent variable do not appear to be signifi-
cant based on the global spatial model. However, when we implement local regressions
using the MGWR-SAR2 model (see Table 7), we observe sharp differences compared to
the global SAR estimate. Based on the MGWR-SAR2 estimate, all assumed innovation
determinants (with spatially varying parameters) contribute significantly to generating
regional trademarks. This finding is supported by a high percentage of significant cases
(see Table 7). Regarding global variables, similar to the previous case of patents, both
parameters corresponding to the dummy variables are statistically insignificant.

A previous estimate of the SAR model (see Table 13 in the Annex) did not indi-
cate the adequacy of spatial spillovers within the dependent variable. However, the
results of MGWR-SAR?2 suggest that innovation inputs and trademarks are not only
local in nature, but their positive effects may extend beyond the region. One expla-
nation may be that the previous SAR model is a global model and may be limited
when spatial processes change within a spatial context. There may also be an issue
with the formulation of the spatial autoregressive model at the global level. From
the results, we can observe that even after estimating the spatial model, the issue
of remaining autocorrelation (A-K test) persists (see Table 13 in the Annex). The
LM statistics indicate the presence of a spatial autoregressive process, but within a
spatially lagged error term. In empirical applications, the presence of unobserved
local or regional variables can lead to spatial error correlation. It is in local regres-
sions where the individuality of regions is captured. Furthermore, if local regres-
sions can also capture spatial regional interactions, they significantly enhance the
global spatial estimate. This seems to be the case, although the different nature of
the innovation output (trademarks) may also require additional variables to explain
the innovation process.
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Model Estimates—Design Applications

Finally, design applications are considered innovation output. Again, global esti-
mates OLS3 and SAR3 (refer to Table 14 in the Annex) point to some differences
in results, mainly compared to patents. Based on the OLS3 estimate, only one sta-
tistically significant innovation factor is identified, namely R&D expenditure. Simi-
larly, the SAR3 model estimate identifies only one internal innovation determinant,
namely the most-cited publications. The spatial interconnection of European regions
has already been proven based on the global SAR model (statistical significance of
the spatial autoregressive parameter), and the problem of remaining spatial autocor-
relation was rejected.

Next, we proceed with the simultaneous examination of spatial autocorrelation
and heterogeneity. The implementation of local regressions, i.e., the MGWR-SAR3
model (see Table 8), reveals differences compared to the global SAR estimate. Based
on the MGWR-SAR3 estimate, all innovation determinants (with spatially variable
parameters) appear to be important in generating regional design applications. This
finding supports a relatively high percentage of significant cases (see Table 8) for all
inputs. Regarding global variables, as in previous patents and trademarks cases, both
parameters corresponding to dummy variables are statistically insignificant.

We find similarity in the MGWR-SAR model estimates for trademarks and
designs. The magnitudes of spatial autoregressive parameters (in terms of absolute
values) are similar (see statistics in Tables 7 and 8); for instance, the median value
is approximately 0.3 in both MGWR-SAR models. Also, the number of statisti-
cally significant cases is very similar (about 50%). In terms of patent activities, up
to 92.27% of European regions exhibit a significant relationship with neighboring
regions, and the strength of spatial dependence is higher. Overall, interregional links
and resulting spatial spillovers appear to be strong external factors of innovation,
regardless of innovation output.

The estimates of all local parameters are depicted in the natural break maps (pre-
sented in the Annex) and box plots in the following subsection. More detailed atten-
tion will be given to them when comparing results related to all three innovation
outputs.
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Comparison of Innovation Determinants in Relation to Different Innovation
Outputs

Now, we delve into the heterogeneous impacts of innovation inputs in greater detail.
The MGWR-SAR estimates for the three distinct innovation outputs offer local esti-
mates for all regions, facilitating the analysis of potential disparities in the effects
of individual innovation determinants across regions and across different innovation
outputs. To compare the distribution of local parameter estimates among the three
considered innovation outputs, we present box maps (refer to Figs. 9, 10, 11, 12
and 13 in the Annex) and box plots alongside the corresponding summary statistics
(Figs. 4, 5, 6, 7 and 8). A summary of the results regarding the significance of local
parameters is provided in Table 9.

Figure 9 (see Annex) and Fig. 4 display a comparison of local parameter esti-
mates for the first innovation input—the most cited publications. The box plots in
Fig. 4 provide an initial impression suggesting that there is no difference between
patents and trademarks, as their boxes (representing the interquartile range) roughly
overlap. The outliers (points outside the whiskers) and the size of the whiskers indi-
cate the range and variability of the effects. Unlike patents, trademarks are charac-
terized by larger ranges and a higher number of upper outliers. Based on Fig. 9 (see
Annex) and Fig. 4, we observe several other similarities. For example, the regions
identified as upper outliers (Norwegian and Spanish regions) coincide in trademarks
and designs. However, at the same time, the Norwegian regions were identified as
lower outliers in terms of patents. Overall, the responses of the three innovative out-
puts to the change in scientific publications appear to be heterogeneous within Euro-
pean regions, and differences are also observed across different outputs.

Based on Fig. 10 (see Annex) and Fig. 5, we can observe the spatial distribu-
tion of estimated R&D expenditure parameters. Firstly, it should be noted that
according to our analysis, R&D expenditure emerges as the most critical innovation
determinant, in terms of both magnitudes and the number of statistically significant
regions (for patents and trademarks, more than 90% regions and 74.55% for design
applications). We find a greater similarity in terms of the magnitude of the R&D
expenditure effects on trademarks and designs; the boxes (see Fig. 5) almost overlap,
while the range and variability of the effects are similar (e.g., similar median val-
ues, 0.2656 for trademarks; 0.2917 for designs). Even in the context of outliers, both
upper and lower, there is similarity. The upper outliers are mainly the Scandinavian
regions, the Spanish and Portuguese regions, while the Irish regions are included
among the lower outliers (refer to Fig. 10 in the Annex). As for patents, the median
line of the box (0.499) lies outside the boxes for trademarks and designs. Thus, there
is likely a significant difference between patents and the two previous innovation
outputs. The magnitude of the effects of R&D expenditure is significantly higher in
the case of patents.
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Next, we turn our attention to human resources in science and technology. The
disparities in the local parameter estimates for this innovation input are evident from
the maps and box plots depicted in Fig. 11 (see Annex) and Fig. 6, respectively. Once
again, significant variations in the estimated parameters across European regions,
as well as in terms of different innovation outputs, are noticeable. From a statisti-
cal standpoint, human resources as an innovation determinant is highly significant in
the case of trademarks (83.64% of regions). Additionally, the influence of this factor
in individual regions is substantial; for instance, the median value is several times
higher than in the case of patents and designs (median values, 0.1083 for patents;
0.4352 for trademarks; 0.0062 for designs). When examining patents and design
applications, the human resources factor emerges as a significant innovation deter-
minant in more than half of European regions (see Table 9). A certain similarity can
be observed when comparing the results pertaining to these two outputs. The boxes
in the box plots (see in Fig. 6) roughly overlap with one another. However, the size
of the whiskers indicating the range and variability point to a difference between the
two estimates. Unlike patents and designs, trademarks are characterized by a higher
number of lower outliers. What is common to all three considered innovation outputs
is that some Scandinavian regions are again included in the group of upper outliers,
while the Spanish regions are lower outliers (refer to Table 11 in the Annex).

Based on our econometric analysis, the population density factor emerges as a con-
tentious innovation determinant, particularly concerning patents and design applications.
Despite the high number of statistically significant cases (50% of regions, see Table 9),
the prevailing unexpected negative values of estimated parameters for patents and designs
are noteworthy (see Fig. 10 in the Annex and Fig. 7). Notably, median value for designs
is negative, and even patents show negative values up to the third quartile. However, for
trademarks, the picture differs. The population density factor significantly influences
regional trademark activities, with 75.45% of regions demonstrating significance. Trade-
marks exhibit a notable number of upper outliers. Overall, the results suggest a substantial
impact of population density on trademarks, as evidenced by a median value of 0.1890.

Based on the MGWR-SAR estimates, we can deduce insightful observations
about spatial interactions influencing innovation activities across European regions.
Specifically, the spatial autoregressive parameter varies significantly across the
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European area (see Fig. 13 in the Annex and Fig. 8) for all three outputs. Nota-
bly, this parameter is statistically significant in the majority of European regions
(92.27%) for regional patenting activities. While spatial interactions are less pro-
nounced for trademarks and designs (approximately 50% of regions, see Table 9),
the interconnectedness of regions remains a significant factor in enhancing these
innovation outputs. The magnitude of this factor on the regional innovation output
appears to be substantial, with median values of 0.4795 for patents, 0.3085 for trade-
marks, and 0.2929 for designs (see Fig. 8).

Discussion

In the preceding sections, our focus was on the technical discussion of model
estimates. Now, we pivot our attention towards interpreting and drawing implica-
tions from these results.

Our study utilizes MGWR-SAR estimates to examine the disparities in the
effects of innovation determinants on three distinct innovation outputs—patents,
trademarks, and design applications across European regions. Through this analy-
sis, we uncover intriguing insights into the heterogeneous influence of innovation
inputs on different innovation outputs.

The diverse responses of innovation outputs to innovation inputs, coupled with
the differing significance of these inputs in individual models, underscore the impor-
tance of employing multiple metrics to measure innovation output, rather than solely
relying on patents. This finding aligns with previous studies, where patents have
been conventionally considered the primary indicator of regional innovation due to
their legal protection of inventions. However, it is essential to recognize that designs
and trademarks play complementary roles in capturing different facets of innovation.

Drawing on prior research (Charlot et al., 2015; Flikkema et al., 2014; Halask-
ova & Bednar, 2023; Hervas-Oliver et al., 2021; Lopes et al., 2021; Moreno et al.,
2005a; Paci et al., 2014; Parent & LeSage, 2008; Popescu et al., 2023; Ribeiro
et al., 2022), various methods have been employed to assess regional innovation
performance. While patent applications are commonly accepted as the primary
proxy for innovation output, other indicators such as small- and medium-sized

Table9 MGWR-SAR result comparison

Variable Percent of significant cases at 95%

Patent applications Trademark  Design applications

applications
Intercept 89.09% 60.00% 57.27%
Most-cited publications 37.27% 41.82% 42.73%
R&D expenditure in the business sector 90.45% 89.55% 74.55%
Human resources in science and technology  54.55% 83.64% 57.27%
Density 52.50% 75.45% 47.27%
Spatial lag 92.27% 53.18% 50.45%
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enterprise (SME) introducing product or process innovations, trademarks, and
design registrations, as well as regional innovation scores, are also utilized.

Despite the predominant focus on patents in many studies, trademarks have
emerged as significant complementary indicators of innovation (Mendonga et al.,
2004; Gotsch & Hipp, 2012; Flikkema et al., 2014). Trademarks are integral to
marketing efforts and often accompany the introduction of innovative products
or services, particularly in service and knowledge-intensive sectors. Ribeiro et al.
(2022) emphasize the importance of incorporating trademark data alongside pat-
ents to comprehensively understand innovation processes, highlighting a strong
correlation between trademarks and patents across various contexts. These stud-
ies emphasize the necessity of integrating trademark data into innovation studies
to effectively capture diverse forms of innovation.

Overall, patent applications are usually more influenced by factors such as tax
policies, legal frameworks, and administrative procedures, due to their techni-
cal nature and significant investment in their development. For example, coun-
tries offering tax incentives or simplified administrative processes for research
and development activities may attract more patent applications, especially in
technology-intensive sectors. In addition, information on the location of the pat-
ent is also problematic, since the regional statistics of the European Patent Office
(EPO) are based on the address of the patent owner, which may not coincide with
the place of implementation of the innovation (Moser, 2013).

Unlike patents, trademarks and designs may be less sensitive to tax and adminis-
trative strategies because they are often associated with branding and visual elements
rather than technical innovations. While trademarks and designs can still benefit from
a supportive tax and administrative environment, their registration and protection pro-
cesses are generally less complex and costly compared to patents.

In the context of regional innovation modeling across European regions, the mixed
geographically weighted regression (MGWR) approach, coupled with the spatial
autoregression (SAR) model, provides clear advantages over traditional spatial econo-
metric models such as SAR. In our study, unlike others that relied on traditional or
spatial econometric approaches, we find this methodology to be uniquely beneficial and
distinctive. MGWR allows for the examination of innovation determinants that vary
geographically across European regions. This local flexibility is crucial in capturing the
diverse innovation dynamics present within different regions. European regions exhibit
substantial diversity in terms of economic development, industrial specialization, and
innovation systems. The MGWR-SAR framework can accommodate this diversity by
providing tailored parameter estimates for each region, leading to improved model fit
compared to traditional SAR models that assume uniform relationships across space.

In our analysis, regardless of the innovation outputs considered, we include tradi-
tional innovation inputs such as scientific publications, R&D expenditure in the busi-
ness sector, human resources in science and technology, and population density. Addi-
tionally, we incorporate the effect of lagging regions into the models through dummy
variables. Our MGWR-SAR estimates reveal a spatial heterogeneity issue, highlighting
that MGWR can effectively capture the relationships between innovation inputs and
outputs across European regions.
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Our results’ suggest that high-quality scientific publications play a relatively
strong role as an innovation determinant across all the outputs under consideration.
Presently, the engagement of firms in academic research activities is increasingly
common and appears to enhance their innovation performance. The dissemination of
scientific discoveries is facilitated through publications in scientific journals. How-
ever, the significance of this innovation input diminishes to approximately 40% in
comparison with other inputs considered (see Table 9), and its impact varies across
regions and innovation outputs.

R&D expenditure emerges as the most important innovation determinant, sig-
nificantly influencing patents and trademarks in more than 90% of regions. The
efficiency of R&D expenditure varies across regions’, with Scandinavian regions
demonstrating higher efficiency compared to post-socialist regions. This suggests
the need for targeted policies to enhance R&D efficiency, particularly in lagging
regions.

In conclusion, human resources in science and technology play a significant role
in driving innovation across European regions, particularly notable in trademarks,
where 83.64% of regions exhibit significance. The median values for trademarks
notably exceed those for patents and designs, emphasizing the substantial impact
of human resources. While patents and designs also demonstrate the significance of
human resources in over half of European regions, trademarks show lower outliers.
The consistent presence of Scandinavian regions as upper outliers across all three
outputs, along with the prevalence of Spanish regions as lower outliers’, underlines
regional disparities in innovation drivers.

The population density factor presents a controversial determinant, especially in
relation to patents and design applications. While its significance is high in terms
of trademarks, unexpected negative values are observed for patents and designs in
certain regions.

We have already concluded that R&D expenditure appears to be the most influ-
ential innovation determinant. However, spatially lagged innovation output also
seems to play a significant role, particularly when its impact intensity on the region’s
innovation output is substantial (median values, 0.4795 for patents; 0.3085 for trade-
marks; 0.2929 for designs). The model estimates from all three MGWR-SAR mod-
els indicate that regional innovation is influenced by spatial spillovers, and that indi-
vidual spatial processes drive innovation in each region rather than a uniform spatial
process across the entire area. When comparing results among different innovation
outputs’, significant differences emerge. For instance, patents show a large number
of lower outliers in regions like Spain and Portugal, whereas these same regions
exhibit a high intensity of spatial spillovers in connection with trademarks. Another
example is seen in Finnish and Swedish regions, which show some of the highest
values of spatial autoregressive parameters in connection with designs, while simul-
taneously representing lower outliers in the patent model.

9 See box maps of local parameter estimates in Annex.
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The results presented here were based on estimates from MGWR-SAR models,
and the global SAR model served as a robust check of the main findings. We found
some differences, but this can be expected since MGWR-SAR incorporates local
regressions. Therefore, for example, the effect of lagging regions was not evident in
any of the MGWR-SAR models, and we assume that the local nature of the regres-
sions contributed to this.

Comparison of these results with the findings of other similar studies regard-
ing the heterogeneity of MGWR-SAR model parameters or spatial autoregressive
parameters is not directly possible, as a comparable methodology for modeling
regional innovation processes has not yet been applied.

Our findings, which are consistent with all our stated hypotheses, suggest the
importance of integrating trademark and design data into innovation studies in order
to effectively capture different forms of innovation. In addition, the findings are in
line with the conclusions of other innovation studies, as the studies listed in Table 10
(see Annex) highlight the important role of geographical proximity in fostering the
creation of innovations within regions and facilitating knowledge exchange and
cooperation between local actors.

Conclusions

The aim of this study is to identify the main determinants influencing European
regional innovation represented in three different ways: patent, trademark, and
design applications. The newly proposed MGWR-SAR approach is served as the
main tool for addressing the research questions. The initial estimations were based
on global OLS and SAR models, followed by MGWR-SAR estimations. All innova-
tion inputs (most-cited publications, R&D expenditure in the business sector, human
resources in science and technology, and population density) were found to be
essential across all three MGWR-SAR models. These determinants were statistically
significant factors in the majority of European regions, except for most-cited pub-
lications (relevant for about 40% of regions). Moreover, their impact could extend
beyond regional boundaries, indicating spatial diffusion. Another significant finding
pertains to the spatial heterogeneity of model parameters, suggesting variations in
the strength of innovation determinants among regions. All MGWR-SAR models
show that the strength of innovation determinants might vary among regions. While
all selected innovation inputs were found to increase all three innovation outputs,
differences emerged when considering different proxies for regional innovation.

As innovation output can be defined in various ways, regional R&D and inno-
vation strategies should account for the specifics of each. Trademarks and designs,
alongside patents, represent distinct aspects of innovation activity and are prevalent
in different sectors. Policymakers must tailor their approaches based on the targeted
sector, given that patents are more common in manufacturing, while designs and
trademarks are prevalent in services. The varying responses of innovation outputs
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to innovation inputs, coupled with the differing significance of these inputs in indi-
vidual models, emphasize the importance of employing multiple metrics to measure
innovation output, rather than relying solely on patents.

In general, the MGWR-SAR approach seems to be a suitable spatial econometric
tool when simultaneously addressing spatial autocorrelation and heterogeneity. This
study represents the first analysis of the European regional innovation problem con-
sidering spatial effects based on the MGWR-SAR approach, with different innova-
tion outputs as modeled variables.

Overall, the MGWR-SAR approach provides a sophisticated framework for mod-
eling regional innovation in European regions, offering insight into spatial spillo-
vers, spatially varying relationships, thereby addressing spatial autocorrelation and
heterogeneity simultaneously. This may facilitate informed policymaking to pro-
mote innovation-led regional development.

Policy Implications

The various institutional frameworks, policies, funding mechanisms, and regula-
tions within EU Member States can have a significant impact on innovation dynam-
ics and outcomes. At the EU level, initiative such as Horizon Europe (European
Commission, 2024) provides main framework and funding support to boost innova-
tion across Member States. Horizon 2020, the EU’s research and innovation pro-
gram from 2014 to 2020, had a budget of €80 billion. Its successor, Horizon Europe
(2021-2027), has a budget of €95.5 billion, focusing on climate change, sustainable
development, and boosting competitiveness Europe (European Commission, 2024).
It promotes collaboration, job creation, and open science. The European Innova-
tion Council (EIC) has been established under the EU Horizon Europe programme.
It supports game changing innovations throughout the lifecycle from early-stage
research, to proof of concept, technology transfer, and the financing and scale up of
start-ups and SMEs. Legal entities from the EU and associated countries can partici-
pate, fostering a stronger European Research Area (ERA) and strategic partnerships
with industry.

Additionally, the EU’s cohesion policy allocates funds to reduce disparities
and promote balanced development across regions, including investments in
innovation infrastructure and capacity-building initiatives. Individual EU coun-
tries develop and implement national innovation policies adapted to their unique
context, in accordance with EU directives and at the same time address specific
national priorities. These policies may involve strategies to stimulate research
and development through government grants, tax incentives, and public—private
partnerships. Furthermore, legal and regulatory frameworks govern intellectual
property rights, including patents, trademarks, and designs, ensuring innovators
are adequately protected and incentivized.

The MGWR-SAR estimates gave us a local view of all regions, allowing regional
individuality or specific groupings to be considered. For instance, lagging regions,
which receive long-term EU funding assistance, can be analyzed separately, poten-
tially revealing less effective innovation inputs compared to advanced regions. This
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differentiated approach is crucial as it prevents potential disparities from widen-
ing due to poorly defined innovation policies, especially if policies focus solely
on increasing R&D spending, which may disproportionately benefit prosperous
regions. Therefore, our findings underline the importance of analyzing the heteroge-
neous effects of innovation inputs within regions to ensure effective regional policy
strategies and the efficient use of available funds.

Furthermore, the EU cohesion policy emphasizes cross-border cooperation
among EU regions and extends its focus to include even the outermost regions,
aiming to improve regional performance through various policy instruments and
programs supporting such cooperation. In addition, spillover effects can extend
beyond the supported areas, benefiting other regions as well. An important aspect
highlighted by our analysis concerns spatial interregional interactions, particularly
evident in patent activities, which demonstrate high spatial connectivity between
regions, with a significant relationship confirmed in 92.27% of regions. This sug-
gests that external innovation determinants from neighboring regions can sig-
nificantly enhance regional innovation. Consequently, innovation strategies should
prioritize the development of interregional cooperation and support for companies
engaged in interregional and international knowledge networks.

At the EU policy level, cluster policy occupies an important position. Once again,
the local parameter estimates and different innovation measures offer an option to
perform more place-based policy strategies. The interest of policymakers may not
be focused exclusively on the best performing regions but lagging regions, metro-
politan-hub areas, specific sectors, or a specific group of actors may also be targeted.
The presence of clusters in regions is correlated with stronger innovation behav-
ior of the region and consequently contributes to the increase of innovations in the
region. In this sense, a strong innovation cluster of universities, research institutions,
and SMEs seem to be very beneficial and cluster and innovation policies should sup-
port the establishment of such cluster organizations to promote cooperation between
cluster actors (Franco et al., 2021). However, the implementation of the policy
should be conditioned by considering the industry sector, which will clarify the
expected form of innovation outputs. Subsequently, different effects of innovation
inputs, which are conditioned by both the expected output and regional disparities,
might be considered. This valuable information can be derived from local regres-
sions based on the MGWR-SAR model.

Finally, in discussing policy implications, it is important to mention the concept
of path dependency, which underlines how historical trajectories and existing struc-
tures can significantly influence future outcomes. Given the indication of spatial
regional interconnections in our findings, which might lend support to concentration
policies, it is beneficial to explore strategies that counterbalance this tendency. One
way for consideration involves implementing policies aimed at exerting control by
sector in each region, ensuring that innovation efforts are diversified and not overly
concentrated in specific industries or areas. Since our analysis does not rely solely
on patents but assumes that the innovation output of the region can be shaped by
multiple types of innovation, we can refine innovation policies and regulations even
further. In the EU context, the sector-specific regulation directly affects innovation
in a way that depends mostly on the stringency, timing, flexibility, and uncertainty
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generated by the rules at hand (Pelkmans & Renda, 2014). By promoting diversifica-
tion and decentralization within innovation ecosystems, policymakers can mitigate
the risks associated with excessive concentration.

Limitations and Future Research

In considering limitations and directions for future research, it is important to
acknowledge the constraints of the current study and identify areas that warrant
further investigation. Improving the analysis may involve identifying other relevant
factors determining regional innovation, especially considering the different inno-
vation outputs. In this study, we utilized data from the Regional Innovation Score-
board (RIS), which draws its data from various sources including Eurostat, the
European Patent Office, the European Union Intellectual Property Office, and other
international organizations and databases. In further research, we aim to leverage
this data source to explore the relevance of additional innovation determinants and
delve into the specifics of the considered innovation outputs. However, it is chal-
lenging to consider and identify all relevant factors influencing innovation pro-
cesses at a regional level due to the limited availability of data at the NUTS2 level.

The RIS provides multi-period data, but their applicability within the context of
the applied MGWR-SAR methodology is currently restricted as there is no exten-
sion of MGWR-SAR models available to handle spatial panel data. Additionally,
this new approach does not allow for the estimation of other specifications of spa-
tial econometric models beyond the SAR model. Moving forward, an SEM model
that implements spatial spillovers through a disturbance term would be beneficial.
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Regarding the estimation aspects of the models, it is worth noting that we restricted
ourselves to using the same kernel weighting function with the same bandwidth
parameter setting. Therefore, alternative kernel weighting function schemes may
need to be reconsidered along with addressing the issue of bandwidth parameteriza-
tion, especially given the different proxies or measures used to indicate innovation.

In future research, we also intend to explore other methodologies proposed by
Chen et al. (2022) and Wu et al. (2023) to address spatial autocorrelation and hetero-
geneity simultaneously.
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Table 12 Estimation results generated by OSL and SAR models—PCT applications

Variable OLS1 SARI1

Intercept —0.1691%** —0.1693%**

Most-cited publications 0.2440%** 0.1341%%*

R&D expenditure in the business sector 0.5899%#** 0.4914%#%*

Human resources in science and technology 0.2898%#** 0.1536%**

Density —0.3498*** —0.2594%**

DUM (lagging regions) 0.1265%* 0.1237%*%

DUM (lagging regions) X human resources in science and —0.5002%** —0.391 1***
technology

Spatial lag 0.4415%%**

R 0.7472 0.8113

Spatial pseudo R? 0.7883

AIC —314.465 -

Moran’s I (residuals) 4.91%%%

LM(SAR) 50.3119%**

Robust LM(SAR) 31.9960%**

LM(SEM) 18.4882%**

Robust LM(SEM) 0.1724

Anselin—Kelejian (A-K) test 0.830

Parameters are statistically significant at **p-value < 0.05; ***p-value <0.01; LM Lagrange multiplier

Table 13 Estimation results generated by OSL and SAR models—trademark applications

Variable OLS2 SAR2

Intercept 0.1199%* 0.1073

Most-cited publications 0.0497 0.0387

R&D expenditure in the business sector 0.3190%** 0.3102%**

Human resources in science and technology 0.1516 0.1568

Density 0.3003** 0.3021%*

DUM (lagging regions) —-0.0317 —0.0256

DUM (lagging regions) X human resources in science and -0.0713 -0.0756
technology

Spatial lag 0.0510

R 0.3390 0.3625

Spatial pseudo R? 0.3387

AIC —128.984

Moran’s I (residuals) 7.9007%%**

LM(SAR) 45.353%**

Robust LM(SAR) 0.006

LM(SEM) 54.266%*%*

Robust LM(SEM) 8.918%**

Anselin—Kelejian (A-K) test 4.134%%

Parameters are statistically significant at *p-value<0.1; **p-value <0.05; ***p-value<0.01; LM
Lagrange multiplier
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Table 14 Estimation results generated by OSL and SAR models—design applications

Variable OLS3 SAR3

Intercept 0.2290%** 0.1096

Most-cited publications —0.0012 —0.0293%**

R&D expenditure in the business sector 0.3606%** 0.2700

Human resources in science and technology 0.0215 —0.0113

Density -0.0171 0.0072

DUM (lagging regions) —0.1243 —0.0796

DUM (lagging regions) X human resources in science and 0.4161%* 0.2769
technology

Spatial lag 0.4642%%%*

R 0.1972 0.3595

Spatial pseudo R? 0.2228

AIC —86.444

Moran’s I (residuals) 6.3634%**

LM(SAR) 41.120%**

Robust LM(SAR) 6.677%**

LM(SEM) 34.519%%*

Robust LM(SEM) 0.077

Anselin — Kelejian (A-K) test 0.105

Parameters are statistically significant at **p-value < 0.05; ***p-value <0.01; LM Lagrange multiplier
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Fig. 9 Box maps of local parameter estimates - Most-cited publications
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Fig. 10 Box maps of local parameter estimates - R&D expenditure
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Fig. 11 Box maps of local parameter estimates - Human resources in science and technology
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