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Abstract
Not only success stories, such as Silicon Valley, but also non-success stories can inform
regional innovation policy. In order to provide a benchmark for regional innovation systems
we compare both success and non-success stories. Regional innovation systems differ in
structural and functional requirements, because development processes are path dependent.
We suggest that regions’ development paths emerge from agglomeration patterns and
research orientation. Accordingly, we have developed a typology of regions including (1)
their agglomeration patterns (either MAR or Jacobs’ type) and (2) the degree to which their
research is predominantly oriented towards obtaining fundamental understanding or
addressing considerations of use. We combine qualitative and quantitative data on thirty-six
European regions to categorize them according to research orientation and agglomeration,
thereby developing a typology. We use this typology and some basic quantitative economic
data to see how success and non-success regions are distributed. Our results indicate that a
better understanding of how to combine agglomeration patterns with research orientation can
guide context-sensitive policy.
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1. Introduction

Success stories captivate and inspire. Success stories, such as the tale of ever-vibrant
Silicon Valley (Saxenian, 2006, 1990), appeal to practitioners and scientists alike, because
these examples allow us to envision our own desired successes. While we are quite aware that
we cannot all live the same success story, our thinking and behaviour tend to get biased
towards the captivating successes of others. Despite the growing interest of policy makers and
scientists in regional learning and innovation, an increasing ambiguity exists in the evidence
base (Morgan, 2004). Our understanding of the processes of innovation and learning at the
regional level still has many blind spots. At the core of this ambiguity and lack of knowledge
is our inherent favouring of success stories, thereby neglecting lessons to be learned from less
successful but possibly more relevant endeavours.
During the early 2000s policy for regional innovation systems has stimulated linkages
between university and industry as well as ‘institutional thickness’ (Morgan, 2004; Werker &
Athreye, 2004). However, although important, neither can substitute for a strong local
corporate sector or a strong scientific system (Dosi et al., 2006; Morgan, 2004). In essence,
regional learning and innovation are organic and self-activating processes based on local
circumstances and development paths (Morgan, 2004). Therefore, there is no “ideal model” of
policy regarding regional innovation (Tödtling and Trippl, 2005). By creating suitable
conditions policy interventions can induce further development of regions to some extent.
However, they never suffice to initiate or sustain innovation and technological change in
regional innovation systems.
Recent innovation policy has been criticized for its tendency towards ‘copy-and-paste’
policy following successful examples of innovative regions, regardless of their fit with the
specific regional innovation system at hand (e.g. Boschma, 2004; Hospers and Beugelsdijk,
2002; Tödtling and Trippl, 2005). There are a few examples of more sophisticated forms of
regional benchmarking. Those study various types of regional innovation systems and can be
useful tools for regional policy makers (Huggins, 2010). Particularly, studying less successful
regions – i.e. dysfunctional or failing regional innovation systems – would contribute to
understanding regional innovation systems (Asheim et al., 2011a), and to improving regional
benchmarking practices. Moreover, while policy and academic interest are often directed
towards high-tech sectors, innovation policy should also stimulate regions endowed with low
and medium tech, i.e. more traditional industries (Tödtling et al., 2009).
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Regional innovation systems with different contextual characteristics have different
structural and functional requirements as research processes driving them are path-dependent
(Malmberg and Maskell, 1997). Instead of continuously analysing success stories, such as the
Silicon Valley, it is crucial to recognize different contexts of regions and to also analyse nonsuccess stories. To this end, a framework distinguishing three distinct types of regions, i.e.
peripheral regions, old industrial regions, and metropolitan regions provides insights into
problems and suggests suitable interventions associated with failures in innovation systems
(Tödtling and Trippl, 2005). The framework has been applied to case studies of specific
industries or regions (e.g. Isaksen and Karlsen, 2013; Tödtling et al., 2011; Trippl and Otto,
2009) and is an important complement of the success-oriented stories in the literature, because
it focuses on the non-success regions.
In this paper, we go beyond either analysing successful regions (such as in Saxenian,
2006, 1990) or failing regions (such as in Tödtling & Trippl, 2005). In particular, we will
analyse and compare success and non-success. In recent years, a number of influential papers
have urged for such comparative analyses (e.g. Arencegui et al., 2012; Bergek et al., 2008;
Edquist, 2011). To compare success and non-success regions we explain the idea of contextspecific policy as well as theoretically investigate the relationships between research
orientation, i.e. quest for fundamental understanding or consideration of use, and
agglomeration patterns, i.e. MAR or Jacobs externalities (Section 2.) Subsequently, we
introduce the data on thirty-six EU regions we use as well as our research design and analysis
(Section 3). After having typified all regions according to research orientation, agglomeration
pattern and a number of basic economic indicators, such as regional GDP per capita and
unemployment rates (Section 3.3) we analyse the success and non-success regions (Section
4.1). Our findings lead to theoretical propositions and we provide a revised version of Stokes’
quadrants with which one can theoretically assess regions (Section 4.2) as well as draft
context-sensitive policy (Section 4.3). We conclude with a brief summary of our contribution
to theory and practice and add suggestions for further research (Section 5).
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2. Research Orientation and Agglomeration Patterns Guiding Context-Specific
Policy Making in Regional Innovation Systems
2.1 Context-Sensitive Policy Making for Regional Innovation Systems

Our analysis adopts the regional innovation system approach acknowledging the
evolutionary nature of innovation processes which are characterized by inherent uncertainty
regarding successful routes and outcomes. The structural elements of regional innovation
systems are the institutional framework, such as laws and codes of conducts, and the
interlinked innovative agents, such as firms, universities and public research organizations
(Autio, 1998; Tödtling & Trippl, 2005). Additionally, external conditions, such as national
innovation system policies or neighbouring regional innovation systems, can have
considerable impact on the regional innovation system (Fritsch and Graf, 2011).
While most analyses of regional innovation systems focus on success stories (e.g.
Saxenian, 1990, 2006) context-specific policy benefits from a differentiated policy approach
which is sensitive to different contexts and adheres to an evolutionary, non-linear view of the
innovation process (Tödtling and Trippl, 2005). Different types of regions – i.e. metropolitan,
old industrial and peripheral regions – face generic sets of problems. They benefit from policy
measures aiming at the specific regional innovation system elements that can alleviate their
particular barriers to regional innovation and learning. In each of these contexts regions face
different problems: while metropolitan regions might suffer from fragmentation, which is
characterized by a lack of networks, interactive learning, regional cooperation and mutual
trust (Isaksen, 2001; Tödtling and Trippl, 2005), old industrialized regions might face lock-in,
often expressed by strong regional clustering in mature and obsolete industries (Boschma,
2005; Isaksen, 2001; Tödtling and Trippl, 2004) and peripheral regions often suffer from
organizational thinness, which is the case when a region lacks sufficient agents to form a
functioning system (Isaksen, 2001).
In recent decades regional innovation policy has progressed and although still somewhat
biased towards knowledge-based industries and technology transfer, it is less oriented towards
solely spin-offs and attraction of global companies (Tödtling and Trippl, 2005). Similarly,
there have been attempts to improve policy’s sensitivity to the specificities of technologies
(Dolfsma and Seo, 2013). Current innovation policy has become more sensitive to regions’
specific conditions and contextual factors, which is exemplified in European Union policy
initiatives and its uptake by regions. The smart specialization strategies are an example of
4

more context-specific policy with potential for application in many different types of regions
(e.g. Foray et al., 2009; McCann and Ortega-Argilés, 2013). This development in policy
making has been fuelled by academic interest in the concept of ‘related variety’ (Asheim et al,
2011b; Boschma et al., 2012). Additionally, there have been studies looking into other
difficulties. For example, Isaksen and Karlsen (2013) studied how one might construct
regional advantages for small regions. Uyarra (2010a) sets out the various dilemmas facing
regional policy makers when it comes to applying insights from the regional innovation
systems literature to actual regions given their high complexity. A central dilemma is the
regions’ specific contexts affecting the suitability of policies aimed at developing the regional
innovation system. Notions of ‘ideal’ types of regional innovation systems lead policy makers
to confusion and draw their attention away from devising policies that can enhance innovation
in the context of their particular region (Iammarino, 2005; Uyarra, 2010a).
2.2 Research Orientation: Basic and Applied Research versus Pasteur’s Quadrant
Knowledge generation and diffusion affects many structural and functional elements in
the regional innovation system, e.g. innovation activities by regional firms and other
stakeholders such as academia and governmental agencies. For knowledge to diffuse,
interactions between innovative agents in different subsystems of regional innovation systems
are necessary. Innovative agents generate and diffuse specific types of knowledge thereby
influencing regional innovation systems’ research orientation. Regional innovation systems
combining a specific type of research orientation with a particular agglomeration pattern
differ in structural and functional requirements. For example, a region where market-oriented
research is prevalent, is likely to benefit from regional agglomeration, whilst a region with
more science-driven research is likely to profit from research networking across regional
boundaries (Varga et al., 2012). The basic-applied spectrum of research is one widely adopted
way to understand research orientations (e.g. Bush, 1945; Balconi et al., 2010). On the one
extreme of the spectrum “basic research leads to new knowledge” (Bush, 1945, p.241). On
the other end of the spectrum applied research is providing an answer to a specific practical
problem (Bush, 1945). The notion basic versus applied research led to the linear model of
innovation, where the process from research to commercialization follows subsequent
separate steps including applied research and eventually leading to innovation (Balconi et al.,
2010). At the industry level one may distinguish science-based from development-based
industries (Gilsing et al., 2011). In this view, basic and applied research are worlds apart.
5

An alternative view of research orientation combines the the two worlds of basic and
applied research in the so-called Pasteur’s Quadrant (Stokes, 1997). Instead of a spectrum of
basic towards applied research on one axis, Stokes puts ‘considerations of use’ on the x-axis
and ‘quest for fundamental understanding’ on the y-axis. So, rather than using a onedimensional continuum, the Stokes’ typology is based on a two-dimensional matrix composed
of four quadrants, as depicted in Figure 1. In particular, in Pasteur’s quadrant research can be
inspired by fundamental interests and practical problems simultaneously.

[------ INSERT FIGURE 1 HERE ------]
Figure 1 – Quadrant Model of Research Orientation (adapted from Stokes, 1997)

In the following, based on Stokes (1997), we use these three types of research orientation:
(1) Bohr-type: This is basic or fundamental scientific research, which might – but not
necessarily does – result in sizeable new-to-the-world discoveries. An example of
this is the research conducted by physicist Niels Bohr. Although potentially
valuable to scientific discourse, such quests are never directly relevant to societal
problems, let alone inspired by real-world practical problems and questions.
(2) Edison-type: Research of this sort is primarily motivated by market needs and the
pursuit of profits. A good example of this type is the research conducted by
Thomas Edison, one of the first industrial R&D scientists.
(3) Pasteur-type: This is research driven by science, but with underlying
considerations for its practical use. This is the quadrant where the worlds of basic
and applied research unite. It is named after Louis Pasteur, who made a significant
scientific contribution to the foundations of microbiology and in doing so he was
able to reduce deaths by preventing diseases, such as rabies.

The fourth quadrant denotes low or no research, because the activities are neither inspired
by considerations of use nor by a quest for fundamental understanding. To create context, we
interpret the above three types of research as research orientations of regional innovation
systems. Note that only Pasteur-type and Edison-type knowledge can realistically be expected
to be of practical use within the regional innovation system. Pure Bohr-type research can
surely affect innovation processes, but at what point in time, and whether it will benefit the
region of origination, is at best uncertain.
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Regional innovation systems with different (dominant) types of research orientation are
likely to require distinct policy interventions. Path (inter)dependence is likely to affect
possible developmental trajectories of regional innovation systems (Cooke, 2012; Martin and
Sunley, 2006). It is unlikely that systems with weak overall research orientation will benefit
from policy interventions derived from regions that are originally very strong at Pasteur-type
research (which implies both a strong market-oriented and science-driven focus in research).
Lambooy and Boschma (2001, p.113) state that “adaptation to change is largely constrained
by the spatial system laid down in the past.” Similarly, Iammarino (2005, p.498) claims it is
“unavoidable” that history of the regional innovation system affects “future opportunities for
regional development”. Therefore, policy would have to match the regional context in order
to be effective. It is more likely for a regional innovation system to develop into a wellperforming system within its own context, or – at best – progress into an adjacent type, than
to one that is more distant in terms of the research orientation the system is historically suited
for.

2.3 Agglomeration Effects and No Agglomeration Effects

Dynamic externalities have been identified as the source of innovation and economic
growth (e.g. Glaeser, 1992; Jacobs, 1969; Romer, 1986). Different types of geographical
agglomerations cause different types of externalities, such as knowledge spillovers and labour
market pooling (Beaudry and Schiffauerova, 2009) and affect dynamics of regional innovator
networks (Cantner et al., 2010). Two dominant concepts of dynamic externalities are the
Marshall-Arrow-Romer (MAR) theory and Jacobs’ theory of agglomeration externalities.
Agglomeration patterns and externalities are an important element of the regional innovation
system context. By nature, dynamic externalities are the result of unique locally accumulated
interactions and long-term relationships over time (Henderson et al., 1995) and affect future
opportunities for development.
The two dominant concepts differ in terms of the source of externalities (e.g. Beaudry and
Schiffauerova, 2009; Glaeser et al., 1992). In the MAR model the externalities are the result
of local specialization, which leads to intra-industry knowledge spillovers (Glaeser et al.,
1992). Specialized firms dominate the region, making way for knowledge to spill over
vertically within the value chain between firms and their specialized suppliers. Firms from the
same value chain are able to conduct cooperative innovation efforts more easily in locally
specialized regions (Neffke et al., 2011). Moreover, firms are likely able to draw from
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specialized labour pools. For the sake of our argument, we suggest a minor reinterpretation of
the MAR model of externalities. One important assumption of this model is the existence of
monopolistic competition. Introduction of property rights and monopolistic competition is
believed to reduce risks associated with innovation and, thus, enable innovators to use
knowledge spillovers to their benefit (Glaeser et al., 1992; Romer, 1990). However,
monopolistic competition may also lead to negative MAR externalities (Beaudry and
Schiffauerova, 2009), such as situations of lock-in (Asheim and Isaksen, 1997; Tödtling and
Trippl, 2005). Therefore, we suggest to slightly relax the assumptions of the MAR model. We
suggest that regions experiencing positive MAR externalities will – more so than other
regions – be characterized by institutions of (social) security, trust, and regional cooperation;
basically specific informal and formal constraints like norms, rules, conventions, and codesof-conduct that are regionally prevalent and shared (North, 1994). An example of such
institutions, which provide similar certainty to and lower risks for regional firms is the case of
Northeast-Central Italy (Storper, 2007). In that highly competitive environment small firms
are still able to innovate because institutions of loyalty, trust and security alleviate the effects
of competition.
By contrast, in Jacobs’ agglomeration externalities theory (Jacobs, 1969), knowledge
spillovers occur between industries in diversified regions with an urban character. Industrial
variety induces “cross-fertilization” amongst different industries (Glaeser et al., 1992,
p.1131). Cross-fertilization can occur in dense agglomerations where information and labour
flow easily within the region and between industries (Glaeser and Gottlieb, 2009), such as
regions with substantial urbanization or city regions. As such, regions with a diversified
industrial structure could benefit from agglomeration externalities such as horizontal
knowledge spillovers. True metropolitan Jacobs’ type agglomerations are often very dynamic
environments able to uphold local ‘buzz’ and global ‘pipeline’ interactions simultaneously
(Rodríguez-Pose and Fitjar, 2013). In this respect, Feldman and Audretsch (1999) illustrate
how diversity – given the existence of a common knowledge base – is conducive to
innovation in regions. Contrary to the MAR-model, the Jacobs’ type of agglomerations are
characterized by local competition which requires firms to innovate, especially in urban
agglomerations.
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3. Thirty-six Regions from EU-15 Countries: Analysing the Data

In the following, we discuss the qualitative and quantitative data we use (Section 3.1). Then,
we introduce our research design (Section 3.2) and the results of our analysis (Section 3.3).

3.1 Research Design and Data Collection

We have used a qualitative research synthesis design. This design involves an aggregation
of rich cases and integration of findings, enabling the development of higher order insights.
Such higher order insights are needed to understand the interaction between research
orientation and agglomeration. Qualitative research syntheses help to inform policy debates
and are able to advance theory, whereas individual qualitative studies can do so only limitedly
(Major and Savin-Baden, 2010). We explored the research orientation and the agglomeration
patterns of regions by analysing thirty-six EU studies and consequently interpreted basic
quantitative indicators of economic performance of each region. Through our analyses we
arrive at theoretical propositions about the interaction between research orientation,
agglomeration and regions’ economic performance (inspired by Haefliger et al., 2010). Our
method can therefore be regarded as a predominantly qualitative mixed-methods approach.
The primary data collection method consisted of desk research into available
documentation on the various regions, where thirty-six studies (Table 1) of the EU Regional
Innovation Monitor (Regional Innovation Monitor Plus, 2013; hereafter referred to as RIM
reports) served as the main source. The RIM reports cover thirty-six regions from 13
European Union member states (as reports for Greece and Luxembourg are unavailable). We
limited our analysis to EU-15 regions, as the phase of development of innovation systems
substantially affects their performance (Bergek et al., 2008). Arguably, it can take decades for
regional innovation systems in the Eastern and South Eastern parts of the EU-27 to develop
into a comparable state with the EU-15 member states.
For the purpose of triangulation, we added data from online sources when deemed
necessary. The use of different data sources is important in order to prevent privileging of
similarity in data, which would limit our openness to other challenging evidence (Major and
Savin-Baden, 2011). The additional online sources were government websites and alternative
policy studies. The use of quantitative data and data from online sources on top of the RIM
reports ensured triangulation of data sources.
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[------ INSERT TABLE 1 HERE ------]

3.2 Research Design for Identifying Success and Non-Success Stories

In order to identify success and non-success stories we used the NUTS (nomenclature of
territorial units for statistics) system of classification. This system hierarchically orders
different economic territories of the EU along three levels from large to small scale (Eurostat,
2014). The NUTS territories are used as units of analysis in regional statistics, in socioeconomic analyses of regions, and for framing and directing the regional policy programs of
the EU. The unit of analysis for this study is NUTS 1 for United Kingdom and Germany and
NUTS 2 for all other regions. The reason is twofold. First, conform Bergek et al. (2008), we
opt for a broad approach, rather than an in-depth analysis. The data sources cover regional
innovation systems in breadth and our exploration of the proposed typology benefits from a
system comparison covering all elements of these regional innovation systems. In-depth
analysis would be suitable when exploring the applicability of the typology in more detail and
when the available data would offer insights directly inspired by our research questions.
Second, geographical delineation of our unit of analysis allows for comparing specific
regional innovation systems. Note that, as regional innovation systems are likely to exhibit
multiple knowledge fields and generate a variety of products, as opposed to the technological
innovation systems studied in Bergek et al. (2008) and Markard and Truffer (2008), the issue
of choosing either a knowledge field or a product as a focusing device is not considered in our
study.
We adopted the iterative data analysis procedure suggested by Major and Savin-Baden
(2010) involving three phases, namely those of analysis, synthesis and interpretation. First, we
have coded the thirty-six regions with aspects related to the degree of “focus on fundamental
understanding” and the degree of inspiration by “considerations of use”, thereby capturing
Stokes’ (1997) quadrants of research orientation. We also identified the agglomeration
patterns of regions in terms of Jacobs’ and MAR-type externalities through a coding
procedure. The aspects used in our coding scheme were derived from a bottom-up process,
which was characterized by going back and forth between theoretical contributions on
research orientation as well as agglomeration and our initial readings of the reports. The codes
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used to categorize data for research orientation and agglomeration are listed and defined in
Appendix A. Coded segments were summarized for each case per code to enable qualitative
interpretation. Additionally, a count of segments at each code and an extensive weighting
procedure were applied, assigning coded segments weights ranging from 1 (low; implying
evidence contradicting the code) to 3 (high; implying evidence confirming the code). The
counts and average weights for each code served as a double-check of our qualitative
interpretations. Consequently, the assessment of each region its research orientation and
agglomeration patterns was based on three sources of information: case summaries of the
qualitative data reaffirmed by a count of the number of coded segments and the average
scores of a weighting procedure of all coded segments as low (1), medium (2) or high (3).
This information was studied for each code in all cases. Third, to synthesize data across
studies we have integrated the findings in order to assess whether regions of similar research
orientation show parallel agglomeration externalities. The resulting typology enables the
comparison of regional innovation systems. Fourth, as a final interpretive step, quantitative
evidence on the regions’ economic performance is studied to assess whether the typology has
meaningful implications: do regions that exhibit specific combinations of research orientation
and agglomeration patterns outperform other regions?
The qualitative evidence for each step is documented in a case study database using the
MaxQDA 11 software tool. We ensured construct validity by establishing a clear chain of
evidence (Gibbert and Ruigrok, 2010). To that end, the procedures for data analysis are
logged and memos are kept during the coding process. We conducted peer examination of
analytical decisions in various stages of the data analysis to establish a form of inter-rater
reliability whilst at the same time upholding the interpretive character of qualitative research
syntheses. Authors of the primary studies used in our analysis were consulted, i.e. member
checks were performed, in order to understand and retain original interpretations.
3.3 Analysis: Regions’ Research Orientation, Agglomeration Pattern and
Performance
Below, we will map the thirty-six regions of our sample by (1) research orientation, (2)
agglomeration pattern, and (3) economic profile. The research orientation is identified by
fundamental understanding and considerations of use. High considerations of use combined
with a low focus on fundamental understanding represents regions with a predominantly
Edison-type research orientation. In contrast to this market-oriented position, regions with
11

low considerations of use but high focus on fundamental understanding have a Bohr-type
research orientation, with a strong tendency to pursue pure and basic research interests.
Pasteur-type research orientation implies both high considerations of use and high focus on
fundamental understanding. The empirical evidence shows regions in our sample to be spread
rather evenly over the various types of research orientations.
Indicators also focus on evidence of the existence of actual agglomeration externalities.
We included three particular types of agglomeration patterns. Regions that are characterized
by a high degree of urbanization as well as diversification, and show signs of Jacobs’ type of
agglomeration externalities, are assigned to the category “Jacobs’ type”. Regions are labelled
“MAR-type” when they have a considerable degree of both localization and specialization, or
show actual aspects of MAR-type agglomeration externalities, such as intra-industry
knowledge spillovers. A last category captures those regions that either (1) do not clearly fit
in the MAR-type or Jacobs’ type categories or (2) do not display any aspects of these forms of
agglomeration at all.
This exercise results in a visual representation of regions given in Figure 2, for which
Table 1 provides an overview of regions corresponding with particular NUTS codes. Figure 2
shows that the majority of regions show signs of MAR-type agglomeration (15 in total), nine
regions are of the Jacobs’ type and twelve regions appear to show no apparent agglomeration
patterns and effects.

[------ INSERT FIGURE 2 HERE ------]
Figure 2 – Mapping of Research Orientations and Agglomeration Patterns

Figure 3 incorporates data about the basic economic profile of all regions in our sample.
With this profile we appraise the region’s economic performance and analyse whether certain
configurations of research orientation and agglomeration patterns are associated with better
economic performance. Hence, it enables us to expose success stories and non-success stories.
Eurostat data (Eurostat, 2013; own calculations) on regional GDP per capita and regional
unemployment rates averaged over the 2005–2010 period were compared to the national
average for the same period (Table 2). Performance was regarded positive when regional
GDP per capita was at least 84% of the national average, or unemployment rates were below
117% of the national average. These thresholds correspond with respectively the 25th and 75th
percentile values for the variables. This rationale for selection of the cut-off point is also
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applied in qualitative comparative analysis (e.g. Fiss, 2011). Regions regarded as low
performers are amongst the regions in our sample with poorest performance on both regional
GDP per capita and unemployment rates. Regions regarded as moderate performers are in a
position of concern in one respect, but still perform sufficiently well in the other. Wellperforming regions score well on both indicators. These thresholds enable us to identify not
only the poorest regions in the European Union, but also to capture high technology regions
that are at risk of economic decline. The results show that 22 out of thirty-six regions score
well on both indicators. Pronounced low economic performance is observed in five out of
thirty-six regions, where both indicators show values far below (GDP per capita) or above
(unemployment rate) the national average. Nine out of thirty-six regions have a modest
economic performance, which means that for one of two variables their score is negative
relative to the national average.
In Pasteur’s Quadrant, Jacobs’ type and MAR-type agglomerations cluster. A good
example of a region in Pasteur’s Quadrant with strong Jacobs externalities is the French
region of Rhône-Alpes (FR71). It has a strong university and public research landscape with
good scientific output, but also a very sector-oriented focus – around “competitive poles” – in
its research. Moreover, Rhône-Alpes brings forth a considerable amount of patents, usually
connoted by considerations of use. A strong scientific community is combined with useinspired output and research. Rhône-Alpes is urban and diverse in nature. Core activities are
hosted in the two largest cities of the region (Lyon and Grenoble), each with their own
industrial base. Lyon is more service-oriented, while Grenoble is focused on manufacturing in
medium- and high-tech sectors. The primary study identifies 40 different industries in the
region. Cross-fertilization is argued to take place between heterogeneous agents from various
sectors and of different types (firms, universities, and governments). Hence, Rhône-Alpes is
positioned in the top-right corner of Pasteur-type regions and regarded as Jacobs’ type
agglomeration (urban and industrially varied). Other examples of a combination of Pasteur’s
Quadrant with Jacobs externalities are London (United Kingdom, UKI) and Bavaria
(Germany, DE2). More so than Rhône-Alpes, London its cross-fertilization crosses regional
boundaries. For example, many of the 40 higher education and research institutions are linked
globally rather than regionally. Although Bavaria (Germany, DE2) is a large (NUTS 1 level)
region with variation in agglomeration patterns within the region, the evidence shows that
economic activity takes place in urbanizations (specifically München and Nuremberg) with
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great industrial variety (e.g. financial and insurance services, automotive, military industries,
media, and ICT).
An example of a region positioned in Pasteur’s Quadrant but characterized by MAR-type
agglomeration patterns, is Itä-Suomi (FI13) in Finland. Unlike Rhône-Alpes and London,
where patent output shows use-inspiration in research, the use-inspired character of Itä-Suomi
is based on the large degree of science and education with clear considerations of use. This is
illustrated neatly by Viljamaa and Lahtinen (2011, p.i): “The higher education Eastern
Finland University (formed from a merger of two universities) provides a mix of education in
several fields, many of which are relevant to the regional economy. The university is
supported by four polytechnics, which are relatively tightly connected to the region in terms
of focus and various forms of interaction with the government and the private sector.” Despite
its low “hard” output of pure applied research (patents), the region is endowed with
innovative, market-oriented SMEs linked to other regional SMEs and universities. Saxony
(Germany, DED) and South East England (United Kingdom, UKJ) are other distinctive
Pasteur-type regions displaying characteristics associated with MAR-type agglomeration.
They host somewhat geographically concentrated industries, that – although diverse in nature
– are few in number. Regions of MAR-type mapped in Pasteur’s Quadrant can be rather
different even when located in the same country, as can be shown by two Dutch regions. The
North-Brabant region (NL41) is highly reliant upon a number of large private firms and their
R&D departments to drive research. In contrast, the Gelderland region (NL22) is more
science-driven by its two universities (in particular one with regionally relevant
specializations) instead of agents from industry.
The Portuguese Algarve region (PT15) and Wales (United Kingdom, UKL) are positioned
in Pasteur’s Quadrant but are atypical. For the Algarve region the primary study provides
mixed evidence for MAR-type and Jacobs’ type agglomeration. Algarve is a tourist region,
but is described as specialized in diverse sectors such as agriculture, maritime industries,
renewable energy, and creative industries. Additionally, there is no evidence for
agglomeration externalities, leading us to assign the region to the “no agglomeration”
category. In Wales (UKJ) intra-industry knowledge spillovers occur between various agents,
but there is no apparent MAR-type agglomeration pattern to underlie this, which explains its
“no agglomeration” classification.
In the Edison Quadrant, MAR-type agglomerations dominate. A good example of this is
the Valencian Community (ES52) in Spain. Innovation and research concentrates in low- and
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medium-tech, established, and – sometimes – traditional industries. While patent output is
rather low, the private agents in the region are inspired by considerations of use, even though
they have a tendency not to engage in the more explorative avenues of inquiry and innovation.
The empirical evidence provides no indication of dominance of higher education institutions
or the sector-oriented public research institutes in the region. With regard to agglomeration
patterns, the primary study on the Valencian Community lists how specific industries
concentrate in different regional districts: shoe industry concentrates in Elda, Villena, and
Elche (the Alicante district), automotive and furniture can be found in or near Valencia, while
Alcoy and Ontinyent specialize in textiles, and so on (Etxaleku and Girbés, 2011). This
pattern of local specialization indicates that the Valencian Community is a MAR-type
agglomeration. Other examples are Brittany (France, FR52) and Northern Central Sweden
(Sweden, SE31). In the French region of Brittany (FR52) one finds four “heavyweight”
(Lacave, 2012, p. i) industries: “agriculture and agro food, ICT and electronics, automotive,
and shipbuilding.” Empirical evidence illustrates that social cohesion and a shared identity are
typical to the region, possibly providing a basis for intra-industry knowledge spillovers and
acting as institutions to limit the risks of innovation. Northern Central Sweden (SE31) is also
regarded to be oriented towards Edison-type research with MAR-type agglomeration as it
generates a substantial number of market-oriented and use-inspired patents in specific sectors,
but has little university research and lags behind in terms of higher education attainment.
In this quadrant we also find a few atypical cases. Although market-oriented research is
dominant (e.g., high patent output and high private expenditure on R&D) in Upper Austria
(Austria, AT33), its public research organizations and universities are also strong. Hence,
Upper Austria is positioned on the borderline between Edison- and Pasteur-type research. In
the Italian region of Trento (ITD2), in-house innovation by SMEs is reported to occur; yet
“hard” output of use-inspired research (such as patents) is lacking. Expenditure targets mostly
public research organizations. In contrast, there is a relative lack of expenditure on higher
education research. Trento is positioned near the average values on both dimensions. There
are no clear patterns of agglomeration nor signs of agglomeration externalities in Trento.
Jacobs’ type agglomerations are common to Bohr’s Quadrant. Lazio (Italy, ITE4), the
Danish Capital Region (Denmark, DK01), and Flanders (Belgium, BE2) display similar
tendencies that appear typical to regions assigned to Bohr’s Quadrant. Although somewhat
oriented to considerations of use, the strength of these regions is principally in their public
and university research. The empirical evidence shows that in each of the three regions higher
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education research is of good quality and regions are endowed with a number of university
and public research institutes. In neither of the regions the public and university research is
inspired by market needs particularly. Lazio (ITE4) is Italy’s administrative centre. It is an
urban region and hosts a variety of sectors. Analysis shows that the regional innovation
system is somewhat fragmented, composed of sectors that do not approach large size and
where firms have relatively low propensity to network. The latter could hinder inter-industry
spillovers and cross-fertilization. As such, Lazio shows Jacobs’ type agglomeration patterns,
but arguably it is subject to the more negative type of Jacobs’ externalities as well. Evidence
for the Danish Capital Region (DK01) holds the same as for Lazio. A minor exception in
terms of research orientation might be Flanders, where dedicated public research
organizations feed private-side research. However, Flanders’ universities are argued to be
particularly indifferent when it comes to taking account of considerations of use in their
research and education (Van Til, 2012, p.5): “Flemish universities have high autonomy and
have relatively low incentives to work towards valorisation and commercialisation of their
knowledge.” Flemish firms are found least likely to cooperate with universities relative to
other types of partners (such as their suppliers, other firms, or consultants). Flanders differs
further from Lazio and the Danish Capital Region in that MAR-type agglomeration patterns
are identified, with local concentrations of economic activity.
There are a number of other interesting examples. In different ways both the Berlin (DE3)
region in Germany and the Groningen (NL11) region in the Netherlands are strongly oriented
towards Bohr-type research. Where private R&D lags behind in both regions, Berlin hosts a
large variety of research organizations that bring forth high quality fundamental research.
Berlin is an urban and diversified region and is, therefore, mapped as a Jacobs’ type of
agglomeration. Groningen is less endowed with research organizations. The majority of its
research is conducted by one university not particularly concerned with contributing to any
industries. Groningen is locally specialized, with a large concentration of natural gas
extraction firms, leading it to be mapped as a MAR-type region. Nord-Pas de Calais (France,
FR30) formerly was a geographic concentration of mining and textile industries. However,
the industries have declined long ago and apparently no new specializations arose. There is an
average focus on basic research, market-oriented research hardly takes place. For these
reasons, Nord-Pas de Calais is positioned in the lower left area of Bohr’s Quadrant and with
no apparent agglomeration pattern. In Andalusia (Spain, ES61), we find MAR-type patterns
of local specialization similar to the ones observed in the Valencian Community (Spain,
ES52). However, unlike the Valencian Community, which is characterized by an Edison-type
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research orientation, research in Andalusia is not driven by private agents or inspired by
market needs but is of Bohr-type as it focuses mainly on obtaining a fundamental
understanding.

There are also regions lacking research orientation and agglomeration. For all these
regions, basic economic performance is low or modest. Pohjois-Suomi (Finland, FI1A)
generates little market-oriented research despite of its high R&D expenditure. Although there
is some industrial specialization in its higher education, science nor private R&D seems
prominent. Granting that innovation activities in Puglia (Italy, ITF4) are increasing, its
“under-industrialized” regional agents are typically not concerned with market-oriented or
scientific research. Puglia has elements indicating MAR-type agglomeration patterns, but
lacks mass and actual externalities. The Border, Midland, and Western Region (IE01) of
Ireland has little expenditure on, and output of, research in both the private and public sphere.
Finally, relative to the other regions in the United Kingdom and Europe the expenditure on
research in West Midlands (UKG) lags far behind on all aspects, indicating a general lack of
orientation towards research.

4. A Theoretical Framework Guiding Context-Sensitive Policy for Regional
Innovation Systems
4.1 Success and Non-Success Stories

Specific combinations of research orientation and agglomeration associate with different
levels of performance of regions (see Section 2). Here, we integrate the qualitative results on
research orientation and agglomeration with quantitative results on performance. In Table 2
you find the basic economic profile for all regions. Figure 3 visualizes the results in one
conceptual matrix (see Appendix B for a table integrating the results displayed in Figure 3).

[------ INSERT TABLE 2 HERE ------]

[------ INSERT FIGURE 3 HERE ------]
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Figure 3 - Success and Non-Success Stories

MAR-type regions perform relatively well under the conditions of the research orientation
in both Pasteur’s and Edison’s quadrants (see Figure 3). Jacobs’ type regions perform well
under the conditions of both Bohr’s and Pasteur’s quadrants (see Figure 3). Well-performing
Jacobs’ type agglomerations are found not only in Pasteur’s Quadrant, but also in Bohr’s
Quadrant. Thus, the relationship between research orientation and agglomeration is different
from our theoretical considerations in Section 2 in two ways: One, MAR-type regions
perform best when they are oriented towards considerations of use. Cases such as Eindhoven
(NL41), Upper Austria (AT33), South East England (UKJ), Navarre (ES22), and the
Valencian Community (ES52) perform close to or above the national average on both GDP
per capita and unemployment rate. All conduct predominantly use-inspired research, but some
show substantial fundamental research orientations as well. Cases that are even more
dominantly oriented towards considerations of use – like Styria (AT22), Brittany (FR52) and
Northern Central Sweden (SE31) – also display good economic performance. The only wellperforming MAR-type agglomeration that is not predominantly oriented towards
considerations of use is Flanders (BE2). Flanders is rather heterogeneous and accordingly
does not have an agglomeration pattern that holds for the region as a whole. The large city of
Antwerp contrasts with its environment. When studying the city in isolation of its region we
find Jacobs’ type agglomerations that better fit with Flanders’ research orientation. A similar
observation holds for Milan in Lombardy (ITC4). Hence, our concept would better fit if the
large cities and their surroundings were analysed separately. For Itä-Suomi (FI13), Saxony
(DED) and Gelderland (NL22) the focus on fundamental understanding is only slightly more
important than use-inspiration, nevertheless, these MAR-type regions perform less well. Two,
Jacobs’ type regions are where the focus lies on fundamental understanding. Moreover, the
majority of the Jacobs’ type regions with a dominant focus on fundamental understanding
show good economic performance: Tyrol (AT31), Lazio (ITE4), Danish Capital Region
(DK01), Catalonia (ES51), Stockholm (SE11), and Rhône-Alpes (FR71). Bavaria (DE2) has a
profile that closely resembles these regions, only slightly more driven by use-inspired
research, and also performs well. Two cases characterized by Jacobs’ type agglomeration and
a focus on fundamental understanding do less well: Berlin (DE3) and London (UKI). Our
qualitative research synthesis revealed how the Jacobs’ type region of Berlin is fragmented in
nature and, particularly, lacks substantial industrial agents. This deficiency together with
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Berlin’s recent history of economically catching up after the Fall of the Iron Curtain might
explain its relatively high unemployment rate. The large variety of higher educational
institutions, globally leading firms, and its banking sector clarify London’s high GDP per
capita. However, there seems to be a void in the labour market demand for lower-skilled
workers, leading to high unemployment amongst part of the region’s population. London’s
prosperity and its cosmopolitan character attract a variety of fortune seekers. Still, London’s
unemployment rate relative to the average EU-15 unemployment rate is positive (91,2%
compared to the EU-15 average; data: 2005-2010 averages adapted from Eurostat). Generally
spoken, our typology based on the core elements of research orientation and agglomeration
does not seem to fully hold for metropolitan Jacobs’ type agglomerations of an extremely
high density. In such cases, elements external to our typology have an effect.
Two well-performing regions lack agglomeration patterns. These regions are Trento
(ITD2) and Alsace (FR42), which have respectively an Edison-type and Bohr-type research
orientation. This can be explained by their strong endowment with public or governmental
institutions as a consequence of their multi-cultural European background and position on
national borders. In Italy, Trento is originally more autonomous than most other regions,
explaining the large share of public bodies and also relatively high government expenditure
on public research. Alsace harbours the city of Strasbourg, where a significant amount of EU
government bodies are located. Even though Trento lacks industrial activity and the Alsace
population crosses the border into Germany to work, the existence of a large public sector
enables both regions to prosper although they do not benefit from agglomeration effects, such
as MAR or Jacobs’ externalities.
Not surprisingly, regions that lack a research orientation on one or both dimensions often
also lack agglomeration patterns and perform poorly. This holds particularly for regions in the
quadrant of low overall research orientation (Pohjois-Suomi, FI1A; Puglia, ITF4; Border,
Midland, and Western Region, IE01; West Midlands, UKG). A similar observation can be
made for regions with low focus on fundamental understanding or attention for considerations
of use (e.g. Andalusia, ES61 and Picardy, FR22). It also applies to Wales (UKL), which lacks
any agglomeration pattern. Notable exceptions are two Portuguese regions (Algarve, PT15;
Lisbon, PT17) that perform well compared to the Portuguese averages. Comparison to the
EU-15 averages sheds a different light, for example, GDP per capita values would be resp.
61,1% and 77,1% (data: 2005-2010 averages adapted from Eurostat). This makes both regions
moderate performers, whilst in almost all other cases the comparison to the EU-15 average
further confirms the pattern observed.
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4.2 Revising Stokes’ Quadrants For Identifying Success and Non-Success Regions
Here, we depart from our theoretical discussion regarding research orientation and
agglomeration patterns in Section 2. Generally spoken, one could conclude that positive
MAR-type of agglomeration externalities arise when a region is locally specialized and there
is either monopolistic competition or there are institutions that provide security. Edison-type
research orientations allow regional innovation systems to specialize in distinct markets or
industries, as this type of research spills over easily within industries. It appears reasonable to
expect regions strong in market-oriented Edison-type research to be the ones to benefit from
this MAR-type of agglomeration effect. Along the same line of reasoning, Jacobs’ type of
agglomeration externalities associate with Pasteur-type research orientations. Jacobs’ type of
agglomerations are urbanized and industrially diversified regions, where positive externalities
are derived from knowledge spillovers between industries. As Pasteur-type research is both
fundamental and inspired by considerations of use, it is likely to be applicable across different
industries (as opposed to Edison-type research which is oriented toward specific technological
applications and markets). Hence, Pasteur-type research is likely to be conducive to crossfertilization and, thus, regions performing Pasteur-type research might be expected to benefit
from Jacobs’ type of agglomeration patterns.
Our qualitative research synthesis together with quantitative data lead to a different
theoretical framework that can identify not only success and non-success regions but also
inform context-sensitive regional innovation policy to turn non-success regions into
successful ones. We find that regions with Edison-type and Pasteur-type orientations or Bohrtype and Pasteur-type orientations can often be found similar regarding agglomeration
patterns. Hence, rather than clustering in specific theoretically delineated Bohr’s, Edison’s,
and Pasteur’s Quadrants, specific types of well-performing agglomerations group at the far
extremes on either the dimension of degree of focus on fundamental understanding or the
dimension of degree of use-inspiration. As such, the interaction between research orientation
and agglomeration is particularly apparent when studying the trade-off between the two
dimensions in the model by Stokes (1997). Urbanized and industrially diverse regions
perform best when research is oriented to obtaining fundamental understanding. Alternatively,
regions that are locally specialized perform best when research is fed predominantly by
considerations of use.
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As our findings show that the quadrants of Stokes’ model do not meaningfully categorise
regions into groups of similar agglomeration patterns and research orientations, we reinterpret
the conceptual plane by Stokes. In particular, we rotate the results counter-clockwise at a 45degree angle and redefine the axes of the plot, creating Figure 4. The horizontal axis may now
be interpreted as similar to the original basic-applied spectrum of research orientation,
whereas the vertical axis represents the ‘research intensity’ in regions. The concept of
research intensity differs from research orientation as it doesn’t capture the nature of research
conducted but represents the amount of research conducted. It has been studied at various
levels of analysis. For example, at the national level scholars analysed the percentage of R&D
expenditure to gross national product (Co, 2004) and the quantity of peer-reviewed
publications per one million inhabitants (Hien, 2010), at the firm level researchers studied
total expenditure or sales from innovation (Belderbos et al., 2004), and research intensity of
universities was captured by multiple measures of research output of academic staff (HewittDundas, 2012; Bonaccorsi and Daraio, 2008). The higher regions in our study score on the
dimensions of ‘considerations of use’ and ‘focus on fundamental understanding’, the higher
their overall research input and output is. This implies a high research intensity. Low scores
on both dimensions imply a low research intensity. Hence, we align with previous studies and
define research intensity to capture the relative amount of research input and output
irrespective of its orientation. In the alternative view of our conceptual plane the Jacobs’ type
agglomerations are concerned mainly with basic research and the MAR-type regions cluster
towards the applied end of the one-dimensional spectrum. The axis for research orientation
shows the trade-off between the original two dimensions used in Stokes’ model. That is,
regions predominantly driven by the desire to obtain a fundamental understanding are
regarded as basic in their research orientation and those mainly driven by considerations of
use are regarded as applied in their research orientation. With each type of research
orientation dominant in this trade-off we identify a distinct agglomeration pattern. The
following propositions seem appropriate:

Proposition 1:

Well-performing MAR-type regions (specialization / localization
agglomeration patterns) usually have a regional innovation system that
is strongly oriented towards research inspired by considerations of use.

Proposition 2:

Well-performing Jacobs’ type regions (diversification / urbanization
agglomeration patterns) usually have a regional innovation system that
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is strongly oriented towards research aiming at fundamental
understanding.

Despite the rediscovered relevance of the simple basic-applied spectrum of research
orientation for regions that perform well, the two-dimensional typology by Stokes is still very
helpful in mapping the potential of low performers. Regions lacking research intensity would
not appear on the one-dimensional spectrum, as they are neither basic, nor applied, nor
something in between. It is important to know where, on the two-dimensional spectrum, such
regions are located in order to determine their potential to develop a research intensity with an
orientation that suits them. The most troublesome regions are those positioned as
predominantly basic in research orientation yet characterized by MAR-type agglomeration
patterns, or those regions bordering an applied research orientation but urban and diverse in
nature. In those cases, the agglomeration pattern does not match the neighbouring research
orientation. This is presumably a more complex type of situation to deal with than those
where the region is blank in terms of research orientation and agglomeration, as it implies a
far-reaching change of agglomeration or research orientation. In fact, such cases may use the
insights obtained from the anomalies discussed above, that lack research intensity and/or
agglomeration, but still function well for different reasons, such as the regions of Trento
(ITD2) or Alsace (FR42). One might also perform comparative analyses to identify similar –
well-functioning – regions in order to determine suitable development trajectories away from
a position of low research intensity and/or lack of agglomeration. The following proposition
seems appropriate:

Proposition 3:

Underperforming regions usually have a regional innovation system
that lacks research intensity or that is misconfigured in terms of
agglomeration patterns and research orientation.

Interestingly, the reinterpreted two-dimensional model indicates what aspects need most
effort for desirable development: should most attention be directed to building intensity in a
given research orientation or to developing agglomeration patterns? Low performers often
lack research intensity (and thus research orientation) and agglomeration externalities, and
their potential for development cannot be understood using the one-dimensional spectrum.
Analysing the exact position of low performers in our reinterpreted two-dimensional model
shows the specificities of a region’s problems (either lack of research intensity and thus
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orientation, agglomeration, or both) and hints at evidently promising development
trajectories.

[------ INSERT FIGURE 4 HERE ------]
Figure 4 – Reinterpreting the Relationship between Research Orientation and Agglomeration

Our theoretical findings are based on qualitative and quantitative data of thirty-six
regional innovation systems in the EU-15. They come with the following three caveats: One,
our analysis shows that our insights hold for most of the EU-15 regions we investigate. With
some caution they might be applied to other Western industrialized countries as well.
However, in order to say something reasonable about regional innovation systems in
emerging or developing countries further research would be necessary in order to account for
specific problems and bottlenecks in these systems. Two, whilst the primary studies used in
this paper form a unique data source, the RIM database provided us with data on the NUTS 1
and NUTS 2 level. Positioning of regions, in terms of agglomeration patterns in particular, is
increasingly complex at the higher level of analysis, as these larger geographic areas often
display more within-region disparities. Future research should focus on breaking down the
NUTS 1 level cases in order to find whether the proposed configurations become further
apparent. Three, a common issue of using existing reports is their lack of completeness
(Major and Savin-Baden, 2011). In our case, the primary studies only provided limited
information on the methods used and the position of the original authors. However, they did
list contact details for interviewees and authors and provided background information used in
the studies. Where necessary, we made an effort to check for the existence of conflicting
evidence.

4.3 Implications for Context-Sensitive Policy Making

At the outset we emphasized our ambition to better inform policy makers. By
synthesizing, aggregating, and interpreting empirical evidence from thirty-six individual
qualitative reports through a unique conceptual lens this paper provides relevant insights as to
how the interplay between research orientation and agglomeration patterns affects potential
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regional development trajectories. We propose some broad implications for policy debate
regarding regional innovation.
Recently, the European Union has put effort in shaping more differentiated policy
approaches, such as the “smart specialization strategies” (e.g. Foray et al., 2009; McCann and
Ortega-Argilés, 2013). However, the assumption that (smart) specialization is the key to
development and innovation conflicts with our findings, which illustrate how specialization
fits only in specific contexts. Our conceptual framework indicates that local specialization fits
best in regional innovation systems geared at applied research. Diversification might be a
preferable option taking into consideration a region’s previous path, i.e., when a region is
inherently oriented towards the conduct of basic research. Hence, the first question policy
makers should be concerned with is not which sectors to specialize in, but at what end of the
spectrum of specialization to diversification they should aim to be.
Those whose task it is to manoeuvre a region away from the bottom quadrants of low
overall research intensity and lack of agglomeration can diagnose their innovation system to
assess the potential for development of intensity in terms of specific research orientations and
agglomeration patterns. Such diagnostic analyses (Arencegui et al., 2012; Bergek et al., 2008;
Edquist, 2011) can reveal potential candidate regions for comparison. For example, one
primary study on Puglia (ITF4) hinted at policies encouraging local concentration of specific
specializations in its rather traditional industries, much like those observed in the Valencian
Community (ES52) and those in Andalusia (ES61). In the latter case, one should note that a
mismatch between the research orientation (focused on fundamental understanding) and
agglomeration patterns (MAR-type) as well as low research intensity causes low performance,
as a more applied research orientation is preferable under those circumstances.
Our suggestions for policy should be interpreted with care for two reasons: One, it is
important to stress that, for those striving to create market-oriented regions with local
concentrations of specialized industries, our research does not – in any way whatsoever –
wish to advocate these regions are to function in isolation. For example, Rodríguez-Pose and
Fitjar (2013) show that in certain cases it is essential for the success of such regions to be part
of larger “archipelago economies” of related specialized regions. Two, while our synthesis
provides a number of grips that intervening policy makers may use its main contribution lies
in pointing to the relevant dynamics of existing regional contexts, thereby showing how
research orientation, agglomeration and research intensity influence prospects for regional
development. We claim that awareness of the impact of (mis)matching research orientation
with agglomeration patterns is valuable to policy makers.
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5. Conclusions

Based on our comparison of thirty-six regions we could identify regional configurations
that are associated with success or non-success of regional development. Our findings can
inform context-specific policy and offer an interesting new theoretical perspective. In
particular, our results show that success cases, such as the Silicon Valley, combining
positioning in the Pasteur Quadrant with Jacobs’ urbanization externalities are suitable
benchmarks only for regions that may have potential in this respect but perform relatively
poorly, such as Saxony (DED). For regions characterized by MAR-type localization
externalities and oriented towards pure applied research using a benchmark, such as Silicon
Valley, would be counterproductive. These regional innovation systems should rather look at
well-performing MAR-type regions, such as Navarre (ES22) or Upper Austria (AT33).
Our findings illustrate how the research orientation and agglomeration patterns of regional
innovation systems interact. Path dependence opens opportunities for regional development in
certain directions and restricts alternative avenues. Where local specialization occurs, the
regional innovation system benefits from market-oriented research orientations. Likewise,
where the focus on fundamental understanding is high, a locally specialized landscape does
not appear to fit the regional innovation system. Those regions prosper in industrially varied
and urban settings. We could show that research orientation co-evolves with agglomeration
and that there are combinations that work better than others.
This study has significant relevance in the theoretical realm. For discussing the success
and non-success regions we find that a rotated Stokes’ conceptual plane with reinterpreted
axes is most useful. On the x-axis you find the basic-applied spectrum of research orientation
– representing the trade-off between fundamental motives and use-inspiration for research –
and on the y-axis you find the research intensity of a region. Thereby, we suggest a diversion
from the narrow perspective of the basic-applied spectrum as well as a reinterpretation of the
Stokes’ (1997) quadrant model. Our framework incorporates research orientation,
agglomeration patterns and research intensity and our results show how the interaction
between these three factors is associated with varying economic performance. This
reconsidered framework meaningfully distinguishes between different types of regions. Wellperforming regions of Jacobs’ type are often predominantly oriented towards basic research
and have a high research intensity, e.g. Rhône-Alpes (FR71), Stockholm (SE11) and the
Danish Capital Region (DK01). By contrast, MAR-type regions perform well with an above
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average intensity and orientation towards applied research. This is illustrated by the
regions of Eindhoven (NL41), South East England (UKJ), Upper Austria (AT33) and others.
In general, low research intensity and lack of agglomeration patterns are associated with
modest or low economic performance (e.g. Nord-Pas de Calais, FR30; Picardy, FR22). In
conclusion, one should be aware that dominant research orientations and existing
agglomeration patterns shape the opportunities for regions to develop. We urge policy makers
to resist the appeal of widely recognized success stories and, instead, ask them to be inspired
by their own success-story-to-be.
Our findings indicate at least two fruitful roads for further research. One, from the
perspective of our theoretical lens researchers can design in-depth case studies for regions
characterized by different configurations of research orientation and agglomeration patterns.
Thereby, they would answer questions such as: What roles do institutions have in different
settings? How can universities contribute to regional innovation in, for example, regions with
an applied research orientation and locally specialized nature? In what ways does this differ
from the contribution a university would make in a science-driven metropolitan region?
Different configurations of Uyarra’s (2010b) stylized roles for universities could fit specific
types of regions. Furthermore, regional profiles may change over time. It would be
worthwhile for future research to investigate the degree of adaptability to a changing
environment. Two, our results indicate that it is worthwhile to conduct more qualitative
research syntheses in fields with clear implications for practice, such as innovation studies
and economic geography. Integrating and interpreting findings from separate primary studies
is valuable to policy makers striving for evidence-based approaches and also to theorizing in
order to advance these scientific fields. Synthesis allows for more elaborate theory
development than the results from the individual qualitative case studies that proceed it.
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Table 1 – Overview of Regions in Analysis
Country
Region
Austria
Styria (AT22)
Tyrol (AT31)
Upper Austria (AT33)
Belgium

Flanders (BE2)

Denmark

Danish Capital Region (DK01)

Finland

Pohjois-Suomi (FI1A)
Itä-Suomi (FI13)

France

Picardy (FR22)
Nord-Pas de Calais (FR30)
Alsace (FR42)
Brittany (FR52)
Rhône-Alpes (FR71)

Germany

Bavaria (DE2)
Berlin (DE3)
Lower Saxony (DE9)
Saxony (DED)

Ireland

Border, Midland and Western
Region (IE01)

Italy

Lombardy (ITC4)
Trento (ITD2)
Lazio (ITE4)
Puglia (ITF4)

Netherlands

Groningen (NL11)
Gelderland (NL22)
Noord-Brabant (NL41)

Portugal

Algarve (PT15)
Lisbon (PT17)

Spain

Navarre (ES22)
Catalonia (ES51)
Valencian Community (ES52)
Andalusia (ES61)

Sweden

Stockholm (SE11)
Northern Central Sweden (SE31)

United Kingdom

West Midlands (UKG)
London (UKI)
South East England (UKJ)
Wales (UKL)

Reports used are available from http://www.rimeuropa.eu/ website.
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Table 2 - Regional GDP per capita and Unemployment relative to National GDP per capita
and Unemployment
Region
GDP &
Region
GDP &
Unemployment
Unemployment
AT22 – Styria
++
FR52 – Brittany
++
AT31 – Tyrol
++
FR71 – Rhône-Alpes
++
AT33 – Upper Austria
++
IE01 – Border, Midland,
-+
and Western Region
BE2 – Flanders
++
ITC4 – Lombardy
++
DE2 – Bavaria
++
ITD2 – Trento
++
DE3 – Berlin
+ITE4 – Lazio
++
DE9 – Lower Saxony
++
ITF4 – Puglia
-DED – Saxony
-NL11 – Groningen
+DK01 – Danish Capital
++
NL22 – Gelderland
-+
Region
ES22 – Navarre
++
NL41 – North-Brabant
++
ES51 – Catalonia
++
PT15 – Algarve
++
ES52 – Valencian
++
PT17 – Lisbon
++
Community
ES61 – Andalusia
-SE11 – Stockholm
++
FI13 – Itä-Suomi
-SE31 – Northern Central
++
Sweden
FI1A – Pohjois-Suomi
+ÙKG – West Midlands
-+
FR22 – Picardy
-+
UKI – London
+FR30 – Nord-Pas de
-UKJ – South East
++
Calais
England
FR42 – Alsace
++
UKL – Wales
-+
Data: 2005-2010 averages adapted from Eurostat.
GDP (per capita): Minus (-) represents scores below 84% of the national average, plus (+ ) represents scores above
84% of the national average. The 84% threshold represents 25th percentile value for this variable.
Unemployment: Minus (-) represents scores above 117% of the national average, plus (+ ) represents scores below
117% of the national average. The 117% threshold represents the 75th percentile value for this variable.
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Figure 2 – Quadrant Model of Research Orientation (adapted from Stokes, 1997)

Figure 2 – Mapping of Research Orientations and Agglomeration Patterns
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Figure 3 - Success and Non-Success Stories

Figure 4 – Reinterpreting the Relationship between Research Orientation and Agglomeration
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Appendix A – Definition of codes
Code
Private R&D
Business expenditure on R&D
Predominantly considerations of use

Abbreviation
EDI_PRIVATE
EDI_BERD
EDI_USE

Market-oriented
Cooperative research

EDI_MARKET
PAS_COOP

Balance pure considerations and
considerations of use
Public R&D
Public expenditure on R&D

PAS_BALANCE

Science-driven

PAS_SCIENCE

No considerations of use
Pure basic research
Cross-fertilization
Diversification
Industrial variety

BOHR_NOUSE
BOHR_BASIC
JAC_CROSS
JAC_DIV
JAC_VAR

Local competition
Inter-industry, horizontal knowledge
spillovers
Urbanization
Institutions limit risks

JAC_COMP
JAC_INTER

Monopolistic competition
Intra-industry, vertical knowledge
spillovers
Geographical concentration
Local specialization

MAR_COMP
MAR_INTRA

PAS_PRO
PAS_PERD

JAC_URBAN
MAR_INST

Definition
Research conducted in or by private organizations.
Expenditure by businesses on research and development activities.
Research intended to have immediate or near-term impact on technological,
economic or societal advances.
Research conducted to meet well-defined or apparent market needs.
Research conducted by some combination of universities, firms, government
and/or public research organizations and often of a precompetitive nature.
Fundamental science with expectations of near-term or long-term impact on
technological, economic or societal advances.
Research conducted in or by universities or public research organizations.
Expenditure by government or higher education on research and development
activities.
Fundamental research conducted in response to the needs of evolving
technologies, economies and societies.
Curiosity-driven science for the sake of scientific progress.
Highly abstract and fundamental or ‘blue sky’ research.
Information and labour flow between regional industries.
High diversity in regional industries.
High number of active industries in the region and low shares in the total
industrial profile of the region.
Regional firms face local competition.
Innovations resulting from interaction across industries.
High urbanization.
Regional informal and formal constraints like norms, rules, conventions, and
codes-of-conduct promoting cooperation.
Regional firms enjoy little local competition.
Innovations resulting from within-industry interaction.

Source(s)*

Stokes (1997), Varga et
al. (2012), Bush (1945)

Beaudry and
Schiffauerova (2009),
Glaeser and Gottlieb
(2009), North (1994)

MAR_GEO
MAR_SPEC

High co-location by similar-sector firms.
Low number of active industries in the region and high shares in the total
industrial profile of the region.
*: adapted and extended based on the aforementioned sources, which include both theoretical and empirical works.
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Appendix B – Agglomeration, Research Orientation and Economic Performance
Region
Agglomeration
Research
GDP &
Orientation
Unemployment
AT22 – Styria
MAR
Edison
++
AT31 – Tyrol
Jacobs
Bohr
++
AT33 – Upper Austria
MAR
Edison
++

Region

Agglomeration
MAR
Jacobs
None

Research
Orientation
Edison
Pasteur
Low overall

GDP &
Unemployment
++
++
-+

None
None
Jacobs
None
MAR
MAR

Edison
Edison
Bohr
Low overall
Bohr
Pasteur

++
++
++
-+-+

BE2 – Flanders
DE2 – Bavaria
DE3 – Berlin
DE9 – Lower Saxony
DED – Saxony
DK01 – Danish Capital
Region
ES22 – Navarre
ES51 – Catalonia
ES52 – Valencian
Community
ES61 – Andalusia
FI13 – Itä-Suomi

MAR
Jacobs
Jacobs
MAR
MAR
Jacobs

Bohr
Pasteur
Bohr
Edison
Pasteur
Bohr

++
++
+++
-++

FR52 – Brittany
FR71 – Rhône-Alpes
IE01 – Border, Midland,
and Western Region
ITC4 – Lombardy
ITD2 – Trento
ITE4 – Lazio
ITF4 – Puglia
NL11 – Groningen
NL22 – Gelderland

MAR
Jacobs
MAR

Edison
Bohr
Edison

++
++
++

NL41 – North-Brabant
PT15 – Algarve
PT17 – Lisbon

MAR
None
None

Pasteur
Pasteur
Edison

++
++
++

MAR
MAR

Bohr
Pasteur

---

Jacobs
MAR

Pasteur
Edison

++
++

FI1A – Pohjois-Suomi
FR22 – Picardy
FR30 – Nord-Pas de
Calais
FR42 – Alsace

None
None
None

Low overall
Edison
Bohr

+-+
--

None
Jacobs
MAR

Low overall
Pasteur
Pasteur

-+
+++

None

Bohr

++

SE11 – Stockholm
SE31 – Northern Central
Sweden
ÙKG – West Midlands
UKI – London
UKJ – South East
England
UKL – Wales

None

Pasteur

-+

GDP and Unemployment data: 2005-2010 averages adapted from Eurostat.
GDP (per capita): Minus (-) represents scores below 84% of the national average, plus (+ ) represents scores above 84% of the national average. The 84% threshold represents 25th percentile value for this variable.
Unemployment: Minus (-) represents scores above 117% of the national average, plus (+ ) represents scores below 117% of the national average. The 117% threshold represents the 75th percentile value for this
variable.
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