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Abstract

This paper investigates whether the local endowment of Key Enabling Technologies (KETs) drives the
regions’ capacity to create technological novelty. Looking at regional innovations as re-combinations of
pre-existing knowledge, we propose two indicators of regional technological novelty (absolute and
local), based on patents that originally draw on still unexplored prior-art knowledge connections. We
argue that KETs have inherent re-combinatorial properties of the regional knowledge base and that
their local endowment drives technological novelty. We test for this argument by focusing on a sample
of 1,255 NUTS3 EU regions over the period 2000-2014 in an original instrumental variable setting. With
some nuances, results confirm our main hypotheses. KETs do drive significantly the introduction of local
technological novelty, but this mainly occurs for an absolute kind of novelty. The development, use or
eventually external acquisition of KETs is thus an important policy priority for regions willing to
compete at the technological frontier.



Technological Novelty and Key Enabling Technologies:
Evidence from European Regions

1. Introduction

The fact that knowledge creation and innovation represent an important source of economic
advantages and structural change at the regional level is nowadays widely recognized by different
streams of academic literature and widely exploited by policy-makers in diverse contexts
(MacKinnon et al., 2002; Capello, 2013). On this basis, a research field in economic geography has
flourished, which investigates the factors that may account for the possible uneven spatial distribution
of innovation within and across regions in a global scenario (Feldman, 1994; Howells and Bessant,
2012; Clark et al., 2018). The state-of-art literature of the “geography of innovation” clearly reveals
that the patterns through which it unfolds are highly heterogeneous in terms of both typologies of
territories (e.g. core vs. peripheral places) and nature of innovation activities (e.g., formal vs. informal
ones) (Antonelli et al., 2020; Capello and Lenzi, 2014 and 2015). Accordingly, more granular and
finer investigations than those carried out so far appear necessary (Shearmur et al., 2016).

In front of the emergence of different “geographies of innovations”, particular attention is required
by the regional distribution of ‘technological novelty’, meant as brand-new technological knowledge,
introduced by radical innovations with the most manifest economic impacts (Verhoeven et al., 2016).
Indeed, while it has been recognized that “explaining regional performance in terms of breakthrough
innovation requires different hypotheses than explaining regional innovative performance in more
general terms” (Castaldi et al., 2016, p. 777), the geography of technological novelty has received
limited attention so far (Ejermo, 2009; Castaldi and Los, 2012). In particular, two issues deserve to
be addressed more carefully. First of all, the most recent studies have tried to detect local radical
innovations by referring to patents filed by regional residents and by looking at atypical knowledge
combinations (Mewes, 2019; Berkes, and Gaetani, 2020), or at the combinations of unrelated
knowledge (Castaldi et al., 2014), which their co-occurring technological classes would reveal
(Rigby, 2015). In so doing, only limited stock has been taken of the richness of methods, through
which patent data have been used to inspect technological novelty in a-spatial framework so far. This
leaves scope for further enrichments in the measurement of regional radical innovations, to which we
aim at contributing with this paper. In particular, drawing on a recently developed patent-based
measurement of “novelty in technological knowledge origins” (Verhoeven et al., 2016, p. 711), we
propose a new regional indicator of technological novelty, which points more directly than extant
ones to the novelty in the knowledge recombination through which radical inventions can be expected

to occur. This indicator is based on the number of regional patents that rely on and combine (by
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citing) prior-art technological knowledge in an original way: that is, knowledge fields (proxied by
technological classes), which were never previously used (cited) for purposeful inventions, either in

the region or worldwide (as proxied by the focal patent office).

A second issue that requires further investigation concerns the determinants of the regional
distribution of technological novelty. In accounting for it, previous studies have mainly followed a
Jacobsian perspective (Jacobs, 1969) and looked at the economic scale and metropolitan nature of
regions in favoring the higher degree of knowledge variety that radical innovations would entail
(Mewes, 2019; Berkes and Gaetani, 2020). Similarly, attention has been also paid to the unrelated
(rather than related) variety of the regional knowledge-base on which breakthrough innovations
would draw (Castaldi et al., 2015). Conversely, still neglected appear the regional factors that could
help the process of knowledge recombination itself from which, following a Schumpeterian
perspective, technological novelty can be expected to follow (Uzzi et al., 2013; Kim et al., 2016). In
contributing to fill this gap, the second aim of this paper is to investigate the role that local
technologies marked by knowledge combinatorial properties can have in driving regional
technological novelty. In particular, we draw on recent evidence about the effects that, because of
these knowledge combinatorial properties, the six Key-Enabling-Technologies (KETSs) recently put
forward by the European Commission (EC, 2012a, 2012b) - i.e., i) industrial biotechnology, ii)
nanotechnology, iii) micro- and nano-electronics, iv) photonics, v) advanced materials, and vi)
advanced manufacturing technologies - have been shown to have in favoring explorative (i.e. less
related, if not even unrelated) processes of regional diversification (Montresor and Quatraro, 2017;
Antonietti and Montresor, 2019; Montresor and Quatraro, 2019). Indeed, we argue and expect these
proved effects are the ultimate and indirect result of a more salient effect that KETs have on the

creation of technological novelty, which we look for in our empirical application.

Overall, the aim of the paper is therefore to investigate the extent to which KETs allow regions to
introduce radical innovations, whose technological novelty relies on the new combination (through

citation) they make of the extant (local or global) knowledge space.

Using the OECD RegPat Dataset, and combining it with the Cambridge Econometrics European
Regional Dataset, we carry out the analysis by focusing on a sample of 1,255 NUTS3 regions in
Europe over the period 2000-2014. To provide robust causal evidence about the local endowment of
KETs in the generation of novel technologies, we build up an original instrumental variable. By
exploiting information on KETs-related patents that have been transferred in the US over the period

1995-2014, we obtain a measure of long-lasting regional exposure to non-KETs technologies likely



to be substituted by KETSs, which we use to instrument the local endowment of KETs in EU NUTS3

regions.

The results of the econometric estimates support our argument about the role of regional KETSs in
driving technological novelty and show an appreciable impact of them, more on “absolute” than on
“local” technological novelty. In particular, a 1% increase in the number of KETs patents at the
NUTS3 level leads to around 1.9% more patents whose technological re-combinations are novel to
the technology space (i.e. they appear for the first time at EPO). Conversely, the same increase of
KETs does only increase the share (and not the number) of patents whose combinatorial composition
is novel just for the region (i.e. their combinations appear for the first time in the focal NUTS3 region,
while already appeared elsewhere), and to a more modest extent (about 0.4%). Quite interestingly,
KETs do not add (much) to the spectrum of drivers that extend the technology novelty of regions at
the local margin, with respect to which their recombinant properties appear less essential and their
role nearly neutral. On the contrary, the same KETSs properties appear instead essential in allowing
regions to extend the knowledge space in absolute terms going beyond their boundaries.

Inserting the development of KETSs in the regional policy toolbox thus has an additional implication
to that already recognized in their favoring an explorative pursuing of smart specialization strategies
(Montresor and Quatraro, 2017). KETSs do also favor regional innovation strategies with a high degree
of novelty. However, KETs are more for “new-to-the-world” than for “new-to-the-region” radical
innovations, representing a “high-power” policy-leverage to which regions are (not) recommended

to resort when prioritizing the high (low) way to technological novelty.

The rest of the paper is structured as follows. Section 2 illustrates the background literature and
discusses our research arguments. Section 3 presents our empirical application. Section 4 discusses

its results. Section 5 concludes.
2. Background literature
2.1. Searching for technological novelty in space

To date, several methodologies have been proposed to identify radical innovations (see Verhoeven et
al. 2016, for a review). However, so far this has mainly occurred in “a-spatial” framework: that is, by
looking at the inventors, firms and industries by which innovations have been introduced, paying
little attention to the conditioning role of their geographical context. Among the alternatives,* patent-
based measurements have emerged quite effective, given the rich set of information they provide
about the technological profile of the focal inventions (classifying codes and descriptions), the origin

! These are numerous and span from ex-post, impact forecasting studies to ex-ante qualitative investigations, like surveys.
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of their ideas (backward citations) and the domain of their use (forward citations). In particular, the
relative indicators look at the classes (IPC and/or CPC) into which patents are classified (by patent
offices) as proxies of knowledge fields and, following a Schumpeterian perspective, consider a “new”
combination of them as revealing a radical invention (Nooteboom, 2000; Nemet, 2009; Story et al.,
2011). The way this knowledge combination has been captured is however heterogeneous and
different is the extent to which its geography has been investigated, in the few cases it has been done.

The multiple classes into which individual patents can be, and generally are, catalogued reveal a first
kind of knowledge combination that has been addressed. Upon their review (in Europe, and upon
their application too, in the US), patents can be attributed a number of different technological classes
(with different degrees of disaggregation), each of which captures the specific domain in which they
bring novelty, starting from a primary class, in which the degree of novelty is claimed to be the
highest. The co-occurrence of classes with respect to which a patent claims to have brought original
and relevant knowledge is consequently understood as a combination of knowledge “items” of the
invention, and the extent to which this combination can be deemed unprecedented as a signal of its
eventual radicalness. This is the idea of a research stream based on the seminal papers by Fleming
(2001) and Fleming and Sorenson (2001), which look at the “familiarity” (or, conversely, the
atypicality) of the patent sub-classes and/or sub-classes combinations that occur in firms’ patent
portfolio to identify breakthrough inventions as “recombinant” ones, in line with seminal

contributions by Evenson and Kislev (1976) and Weitzman (1998).

In addition to more recent developments in the modalities to identify the novelty of the co-occurring
patent codes (see Fleming, 2007; Strumsky and Lobo, 2015; Kaplan and Vakili, 2015; Pezzoni et al.,
2019), this measurement of radical inventions as “novelty in recombination” (Verhoeven et al., 2016,
p. 710)? has recently found a first geographical application. Drawing on the z-scores methodology
proposed by Teece et al. (1994) at the firm-portfolio level, comparing actual with stochastic patent
class combinations at the local level, Mewes (2019) looks for “atypical combinations” of (CPC) sub-
classes among Combined Statistical Areas in the US over about 170 years (1836-2010). The role of
urban size in their emergence is then investigated: an issue on which we will return later. Yet,
inventions based on atypical combinations of knowledge are indeed more prevalent in high-density

urban centres.

While for sure expression of a particular kind of radical inventions, those based on the novel co-

occurrence of classes in patents suffer from two limitations. The first one is general and regards the

2 As we will say, in Verhoeven et al. (2016) these inventions are proxied by patents that contain at least one pair of IPC
groups that were previously unconnected.



technical impossibility of considering as radical those patents that are assigned one class only (e.g.
one IPC group or subgroup code only), which could still have an important impact in principle and
are far from negligibly diffused (Verhoeven et al., 2016, p. 710; Cozza et al., 2020). The second
limitation concerns the geographical stance of the combination between technologies as accounted
by the co-occurrence of the relative patent classes. In a sense, local radical inventions defined on their
basis represent regional inventions that do not take stock of what has been called the “relatedness” of
technological classes, at least by the studies that measure it with the frequency with which two classes
appear on the same patent (Boschma et al., 2015; Balland et al., 2018). Indeed, while relatedness
looks at typical combinations of knowledge fields in the ensuing “knowledge space”, and predicts
that regional innovations more easily develops on its basis (Quatraro, 2010; Neffke et al., 2011,
Boschma et al., 2012; Koegler et al., 2013; Colombelli et al., 2014), radical inventions would unfold
through atypical combinations in the absence of relatedness. On the other hand, as Rigby (2015)
recognizes, the relatedness that the co-occurrence of technological classes in local patents reveals
could be due to “unspecified economic relationships that display positive spatial autocorrelation”;
similarly, the absence of these economic relationships could mask the absence of relatedness they

entail with actually spurious radical inventions.*

In front of the previous difficulties, a second kind of patent-based knowledge combination that the
literature on radical innovations has explored is rather represented by the citations that patents (even
those with one IPC code) make backward, in so doing combining the technological classes (usually
the primary ones) of citing and cited patents (Leten et al., 2007). Focusing on this kind of
combination, different features have been considered for it to identify technological novelty. For
example, radical inventions have been searched by looking at the number of citations made by the
relevant patents, but with ambiguous results about their being few (Ahuja and Lampert, 2001;
Banerjee and Cole, 2011) rather than many (Schoenmakers and Duysters, 2010). Radical inventions
have thus been rather searched based on the spread of their citations, claiming that radically new
patents would/should quote outside their attributed technological classes, or outside the coverage of
the inventive firm’s patent portfolio (Trajtenberg et al., 1997; Rosenkopf and Nerkar, 2001; Shane,
2001; Ahuja and Lampert, 2001). Alternatively, the similarity of the citation patterns revealed by

different patent ‘vintages’ has been addressed, by expecting and finding that the among-classes

3 As Verhoeven et al. (2016, p. 710, footnote 4) show: “Going to a more disaggregated IPC group level ... when employing
the IPC subgroups (lowest level of aggregation: 69,884 classes), ...about 21 percent ... belong to 1 IPC-code”.

* This is in the spirit of what also Balland (2016) recognizes, by observing that the “co-production of knowledge [captured
through co-citations] can capture much more than knowledge relatedness understood as a reflection of cognitive proximity
between organisations. ..., [and] reflect the need for similar institutions, infrastructure, physical factors, technology or a
combination of these factors. So, using such an outcome-based measure of relatedness for knowledge domains will not
necessarily capture scientific or technological relatedness, but probably much more factors that lead to the co-production
of knowledge domains” (p. 132).



distribution of citations showed by radical patents has a low or nil degree of overlapping with that of
previous, concomitant and subsequent patents (Dahlin and Behrens, 2005).

While all useful in searching for a citation-based kind of technological novelty, the previous
approaches pose a computational burden that, by “exploding” in the search of its economic
geography, make it more preferable referring to the inner idea of “novelty in technological knowledge
origins”. As Verhoeven et al. (2016) illustrate, radical inventions marked by this kind of novelty
would be proxied by patents that make an unprecedented combination between their own IPC code
and an IPC code of the patents they quote, that is, a combination that never occurred previously to

their application year.®

In comparison to the previous alternatives of this kind, the present measurement has several
advantages that make of it a good candidate for investigating the geography of technological novelty.
First of all, at least in a-spatial framework, it has already been submitted to a scrupulous work of
validation, confirming that the technological novelty it captures ex-ante is consistent with different
sets of external information on their novelty ex-post (for this validation work, see Verhoeven et al.
(2016, p. 715)).% Second, as we have noticed in passing, it allows mono-IPC patents to potentially
proxy for radical inventions, and does not rule them out by construction. Third, it has some desirable
features for its geographical translation. On the one hand, it somehow represents the “unrelated
complement” of a more accurate measurement of relatedness between technological classes at the
local level, based on the frequency of their correspondent citations, rather than of their co-occurrence
(Colombelli et al., 2014; Rigby, 2015): in brief, inventions marked by the novelty of the technological
knowledge origins are closer to inventions that develop in a truly unrelated manner. On the other
hand, as we will say in the following, playing with the different domains in which the focal knowledge
combination can be deemed unprecedented, the indicator at stake forks into two: one pointing to an

absolute kind of technological novelty, and the other to a relatively regional kind of it. In both

5 More precisely, patents marked by novelty in technological origins are identified in the following way: “We construct
‘backward citation pairs’ of IPC-codes, i.e. combinations between distinct IPC-codes from, on the one hand, all patents
cited by the focal patent and, on the other hand, all distinct IPC-codes the focal patent belongs to. We compare each of
the focal patent’s ‘backward citation pairs’ to all citation pairs previously used to assess whether a certain pair is new (has
never occurred before)” (Verhoeven et al., 2016, p. 711).

% To be sure, the inner underlying idea of looking at citations (rather than patent codes co-occurrence) that the indicator
proposes, has been just (at the time of this writing) applied also at the spatial level by Berkes and Gaetani (2020), who
investigate the “geography of unconventional innovations” still with respect to the US (County Sub-Division (CSD) level
between 2000 and 2010). Unlike that by Verhoeven et al. (2016), however, and of our own, their indicator relies on the
methodology proposed by Uzzi et al. (2013) and, rather than focusing on an atypical combination of classes between cited
and citing patents, “simply” considers the presence of atypical citations in the network of the local citations, looking at
cited patents only. While using this different perspective, Berkes and Gaetani (2020) also find (like Mewes (2019) that
unconventional ideas are mainly produced by high-density locations, pointing to an aspect on which we will return later
by adding to the analysis the role of KETS.



respects, the search of the determinants of its geography represents a still unexplored issue, to which

we turn in the following.
2.2. Regional technological novelty and the geography of Key Enabling Technologies (KETs)

The scant research carried out so far about the determinants of an alleged uneven spatial distribution
of technological novelty has mainly adopted a Jacobsian perspective and claimed that its main driver
should be the diversity of the local knowledge base. In the recent study by Mewes (2019) “atypical”
combinations of (co-occurring fields of) knowledge are deemed to be favored by explorative, rather
than exploitative, combinations of pre-existing one (Schilling and Green 2011; Uzzi et al. 2013; Kim
et al. 2016), and these combinations are in turned deemed helped by regional variety. Similarly,
Ruben and Gaetani (2020) claim that “unconventional” innovations (associated to patents with
unconventional tails of citation distributions) occur in more densely populated areas as the latter are
more diversified pool of learning opportunities, where informal interactions are richer and help

knowledge flows between diversified fields.

This is Jacobs’ (1969) core idea, according to which places engaged in different industries, like
metropolitan areas or cities, would host people with heterogeneous background, from whose
knowledge interaction technological novelty would descend. In particular, firms based in regions
marked by large and heterogeneous pools of knowledge, could benefit from the cross-fertilization of
ideas between different industries — the so-called Jacobsian externalities (Glaser et al., 1992) — and
take stock of them to innovate more radically. As this regional diversity naturally grows with the
urban size of an area, atypical combinations leading to radical inventions can be expected to scale
super-linearly with city size and show increasing returns to urbanization (Bettencourt et al., 2007;
2008): a result that Mewes (2019) finds focusing on the population of US metropolitan areas over a

long time-span.

In their analysis of “breakthrough innovations” in US States over the period 1977-99, this time
proxied by the local share of “superstar patents” — i.e. marked by high forward citations (Castaldi and
Los, 2012) — Castaldi et al. (2015) use a refined version of the classical Jacobsian argument about
regional variety. Following the seminal distinction proposed by Frenken et al. (2007), they suggest
and find that, more than the “related” variety of the local knowledge base, the “unrelated” one matters
for technological novelty.” Considering radical inventions as the combination of previously unrelated

bits/fields of knowledge (Section 2.1), their introduction is retained more probably fed by a local

" Extending Frenken et al.’s (2007) intuition, defined in terms of employment shares by industry, in Castaldi et al. (2015)
related and unrelated variety refer to entropy-based measurements of the diversity shown by a region’s patent portfolio
at different levels of technological classification.



knowledge base, whose elements are not simply diverse but, as we claimed in the previous Section,

so diverse to be not related yet.

Despite this important specification, regional variety is however only one part of the story in the
regional distribution of radical innovations. As Mewes (2019) notices, “regional diversity [...] is not
sufficient to actually explore new combinations [as it] rather indicates the potential that could be
explored”, while other factors are required to make the exploration effective. Among these factors,
the author mainly points to elements that are still related to the urban size of the regions, like the local
availability of skills, creative and/or R&D employment. These are retained crucial to recognize, and
often entrepreneurially discover, the opportunities of explorative combinations that diverse regions
offer, and to set them in action through products and processes marked by new properties and
operations. While they are already combinatorial factors, rather than combinatorial opportunities,
these regional elements have also been found to scale with city size (Florida, 2002; Bettencourt et al.,
2007; Combes et al., 2008) and thus reinforce Mewes’ (2019) main conclusion about the metropolitan
location of radical (atypical) innovations. On the other hand, additional factors could help the
implementation of recombinant innovations, which do not necessarily correlate with the regional size.
Among these, an important role can be played by the local availability of technologies with
knowledge combinatorial properties: that is, technologies that can work as ‘interfaces” among the

knowledge domains of whose atypical combination radical inventions consist.

In innovation studies, these technologies have been since long identified as General Purpose
Technologies (GPT), that is, technologies that the evolution of techno-economic paradigms render
capable of multiple and transformative applications over a certain temporal window: e.g., the steam
engine, electricity and electronics, in the first wave of Industrial Revolutions. This kind of
technologies reveal two properties that could favour the combination of unrelated knowledge, and
thus radical inventions, also and above all at the local level (Bresnahan, 2010). First of all, they are
marked by a typical co-invention-application pattern of development; thanks to it, the regional
activities that are based on the applicative path of an extant technology becomes connectable, not
only to the complementary activities of related technologies, but also to the non-complementary ones
based on the new inventive path the GPT has created. In other words, by co-creating new regional
inventions and applications, the development of GPT can allow the region to implement
recombination of local activities that the simple branching of the extant application would not have
made possible (Frenken et al., 2012). To a similar conclusion leads the second property of GPT, that
is, their horizontal nature and their capacity to move the entire regional technological frontier ahead.
Because of that, GPT can attenuate the constraints that the ruling socio-technical regimes pose to a

radically new recombination of existing ideas (Olsson and Frey, 2002). In other words, the
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development of GPT could provide regions with an extra buffer of knowledge and ideas, which can
be combined in such an afresh way to reach an even extra-regional kind of novelty and eventually

favour the development of new socio-technical niches.

The role of these GPT properties has been recently investigated with respect to what can be
considered one of their last generations, that is, the six technologies that the EC has identified as Key
Enabling Technologies (KETs) for “a competitive, knowledge-based and sustainable economy” (EC,
2009, 2012): i) industrial biotechnology; ii) nanotechnology; iii) micro- and nano-electronics; iv)

photonics; v) advanced materials; and vi) advanced manufacturing technologies.

While possibly not the very last GPT generation, for whose role Artificial Intelligence and related
technologies are applying in the current era of the Fourth Industrial Revolution (Martinelli et al.,
2019), KETs have the important advantage to have been already mapped in terms of diffusion, uses
and patent classes in a consolidated manner (see the EC Feasibility Study on that (EC, 2012)).8
Accordingly, they are easily geo-localizable and investigable at the regional level. By exploiting this
advantage, some recent studies have found that the local availability of KETs can help processes of
unrelated technological diversification in different geographical contexts (Montresor and Quatraro,
2017; Antonietti and Montresor, 2019) and in different technological domains, like for example the
green one (Montresor and Quatraro, 2019; Castellani et al., 2020). On the other hand, the results of
all of these studies are interpreted and accounted by processes of knowledge re-combinations — that
is, of creation of technological novelty in the spirit of the previous section — which are not directly

observed and rather assumed to drive the phenomena of less related and unrelated diversification.

Using the indicator of regional technological novelty that we have proposed, these direct effects of
KETs can however also be addressed, and represent the subject of the empirical application we are

going to present in the next Section.

3. Empirical application

Our empirical analysis is conducted at the EU NUTS3 level and refers to a sample of 1,255 regions
observed over the period 2000-2014. The investigation of their technological novelty and KETSs is
based on patent data from the OECD RegPat Dataset (2018 version). Additionally, we use the
Cambridge Econometrics European Regional Dataset to retrieve further controls that help assessing
the direction of our focal relationship, such as employment, GDP and population density.

8 To the best of our knowledge, the geography of Al still hesitates to be investigated because of a set of methodological
and data constraints (see Buarque et al., 2020).



As we will see in details, to deal with the endogeneity of our focal regressor, we will draw on
information contained in patent transfers data at the USPTO between 1995 and 2014 to propose an

original instrumentation method.
3.1. Dependent variables

Our focal dependent variables are two measures of regional technological novelty: absolute
(ABSNOV,.;) and local technological novelty (LOCNOV, ;), proxied by the number of absolutely and
locally novel patents invented in the focal region, respectively. As we said, their rationale lies in the
fact that patent citations are references to prior technology on which the current patent builds or which
it uses, i.e. prior art (Trajtenberg, 1990; Jaffe et al., 1993; Jaffe and Trajtenberg, 1999; Maurseth and
Verspagen, 2002).° Therefore, if the technology in which the patent is classified relies on a novel bit
of prior art, this signals an original combinatorial attempt that, possibly, enriches the technology
space, opening rooms for new technological trajectories (Fleming, 2001).

Operationally, we follow Verhoeven et al. (2016) and define as absolutely novel (ABSNOVPAT,, ,.,)
a region r’s patent, p, that links, for the first time at EPO in t, a specific IPC class with another IPC
(cited).'® Similarly, we define locally novel (LOCNOVPAT,, ) a patent p of region r that shows an
IPC link at t, never observed before in the NUTS3 region in which it is invented, irrespectively from
whether it was observed elsewhere.!! Hence, if a patent shows an absolute novelty, it will be also

novel at the local level, while the opposite does not necessarily hold.*2

In order to capture the role of KETs more “purely”, and have a less confounded evidence about their
role in driving technological novelty, we do not consider IPC classes related to KETs when measuring
novelty: in brief, our technological novelty measures do not consider novel combinations driven by
KETs related patent citations. Finally, to assign novel patents to NUTS 3 regions, we rely on
information contained in inventor addresses reported in patent documents using the standard
fractional counting method.'® Each patent p is thus assigned to a NUTS 3 region r according to the
fraction of inventors listed in the patent document that reside in region r at the time of the patent

filing.

® For a recent survey about the use of patent citation data in social science research, see Jaffe and de Rassenfosse (2017).
On a more critical view of the implications of patent citations, see also Kuhn et al. (2020).

10 This measure replicates the measure proposed by Verhoeven et al. (2017) that they define as “Novelty in technological
knowledge origins”.

11 We exploit the International Patent Classification (IPC) and we consider 4-digits IPC classes.

12 It is worth to notice that a novel combination may appear simultaneously in more than one patent, as well as in more
than one region. Accordingly, we take the patent priority year as time reference to assign patents to local areas.

13 In spite of the debate about the pros and cons of choosing the inventor vs the applicant address (see for example,
Santohala, 2019), this is widely considered as a good approximation of local innovative outcomes.
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Drawing on the previous positions, we build up the following two measurements of technological

novelty:
ABSNOV,,, = »" ABSNOVPAT, [Equation 1]
p
LOCNOV,,; = ) LOCNOVPAT, [Equation 2]
p

where ABSNOVPAT, .. is the (fraction) patent p filed in region r at time ¢ that shows an absolutely

novel citation link and 0 < ABSNOVPAT,, = Lipr v < 1, where Lipr

p p

is the share of

inventors i listed in patent p that reside in region r.

Similarly, LOCNOVPAT, ., is the (fraction) patent p filed in region r at time t that shows a citation

— 2 iP,T 2 ip,r

link novel for the region and 0 < LOCNOVPAT, . = Y <1, where v is the share
14 p

of inventors i listed in patent p that reside in region r-.

Let us notice that, first of all, while obtained by counting novel regional patents, by assigning them
to regions through fractional counting, the two variables are non-negative continuum ones and do not
require the resort to count-data models. Secondly, as they are the (fractional) sum of locally invented
patents of a special kind, both the dependent variables are arguably sensible to the economic and
inventive size of the focal region, which will have to be controlled for.

3.2. Explanatory variable and instrument

Our main regressor of interest is the local endowment of KETs knowledge (KETS,. ;). As we are not
interested in the regional capacity of diversifying and/or specializing into brand new technologies,
but rather of “producing” and adding technological novelty to the knowledge space, we coherently
proxy the local endowment of KETs by counting the number of KETs patents (KETSPAT,,.,). In
order to individuate EPO patents related to KETs we exploit the IPC classification. More precisely,
we retrieve the list of KETs-related IPC classes from the “KETs Feasibility Study” (EC, 2012b).14

As we have done for novel patents, we assign also KETs-related patents to a NUTS3 r according to

14 https://ec.europa.eu/growth/tools-databases/kets-tools/sites/default/files/library/final _report kets observatory en.pdf
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the fraction of inventors that reside in r as listed in patent documents. Formally, we measure KETS,.

in the following way:
KETS,, = Z KETPAT, [Equation 3]
p

where KETPAT, .. is the (fraction) patent p filed in region r at time ¢ that is classified in at least one

2 ip,T' Z ip,T'

of the IPCs related to KETs and 0 < KETPAT,, = is the share of

. < 1, where
Z lp 14

inventors i listed in patent p that reside in region r.

As previous works on the role of KETs in regional technological diversification have alerted (e.g.
Montresor and Quatraro, 2017, 2019), though by not going beyond such an alert, the regional
endowment of KETs could be affected by endogeneity issues in the usual respects (i.e. reverse
causality and unobserved heterogeneity). In order to provide a causal estimate of the relationship
between the local endowment of KETs and novel technological combinations, we frame the analysis
in an instrumental variable setting. Concisely, we instrument the KETs endowment of our focal
regions with the “exposure” they show to a specific set of non-KETS patents: that is, non-KETs
patents that can be claimed to be replaced (at least partially) by the development of KETs. On the one
hand, we expect that the higher the exposure of the regional knowledge base to such a substitutional
development between KETs and non-KETSs technologies, the lower the production and endowment
of local KETs. On the other hand, we do also expect that the same exposure is not capable, per se, to
directly affecting the local production of radical innovations. Indeed, such an exposure does not
simply amount to the local production of non-KETSs technologies, which could actually hamper
regional technological novelty, but rather represents a trait of the regional knowledge base that could
possibly affect it.

The instrumentation procedure consists of two steps. In the first step, we try to identify the set of non-
KETs patent classes that are likely to be substituted by KETs over time because of the inner nature
of the same technologies. We claim that a way to identify these non-KETs technologies can be that
of looking at non-KETs patents in the patent portfolios of companies that acquire KETs patents for
reasons other than technological diversification and/or survival. The underlying logic is that, when
firms are not involved in this kind of processes, in which technology acquisitions (hence also patent
acquisitions) arguably have low (if not even, no) connection to internal technology development, the
former can generate substantial substitutive effects on the latter across different technological
domains. In general terms, through technology acquisitions firms aim at reducing costs by minimizing

uncertainty related to the process of internal technology development and at facilitating access to
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technological assets developed externally (Karim & Mitchell, 2000; Phillips & Zhdanov, 2012).
Firms also use technology acquisitions to outsource internal R&D and match complementary
resources (Cassiman & Veugelers, 2006; Higgins & Rodriguez, 2006). Technological acquisitions
create value by bringing together related knowledge bases, overlapping patent portfolios, or necessary
complementary assets (Ahuja & Katila, 2001; Gans & Stern, 2003; Sears & Hoetker, 2014;
Chondrakis, 2016). Finally, firms may even enter an innovation path through technological
acquisitions (Tsai and Wang, 2009). When this happens, and one or more of the previous mechanisms
are set at work, firms may decide to not investing further in extant R&D projects and definitively

substitute previous technologies with new ones.

While referring to technology acquisitions by firms can be a channel to identify non-KETSs patents
that are substitutive of KETs ones, in order to use the relative regional exposure to instrument the
KETs patents of our European regions — the second step of our analysis — we need both spatial and
temporal exogeneity. In order to satisfy these two criteria, we refer to technology acquisitions by
exploiting information contained in patent transfer data at the USPTO. In particular, we retrieve
information on changes of patent ownerships at the USPTO from the Patent Assignment Database
(PAD, version 2017).%° Using these data, we isolate the non-KETs patents, together with their IPC
classes (4-digits level), j, that form the patent portfolios of innovative US companies purchasing
KETs at the USPTO between 1995 and 2014. In trying to be conservative, among the US buyers of
US-invented KETs patents,'® we only consider innovative companies that did not produce KETs
before acquiring their first KETs-related patent.” Moreover, we also exclude companies whose patent
acquisitions extends beyond KETSs (i.e. companies that acquire both KETs and non-KETs patents).*8
Finally, we consider only companies that, while acquiring KETS, keep going innovating in the same
sector over time.!® This last restriction aims at excluding both cases in which patent acquisitions are
a mean to switch sector and cases in which the company exits the (technological) market, i.e. that
stop patenting. Overall, the imposed restrictions allow us to isolate non-KETS technologies likely to

be substituted by KETs over time in the US. The companies included in the sample used to build the

15 See Marco et al. (2015) and Graham et al. (2018) for a precise description about the data on USPTO patent transfers.
16 US buyers are companies whose registered address is in the US, as for the information reported in PAD. Similarly, US-
invented patents are patents whose inventors reside in the US.

17 We define innovative the companies that filed at least one patent before acquiring a KET-patent. We exclude companies
that already filed a KET patent before acquiring a KET patent to minimize cases of merely strategic patent acquisitions
within the KETs domain.

18 This restriction serves the goal of excluding cases in which substitution takes place between technologies not related
to KETs.

19 We assign sectors to patent applicants using the concordance tables proposed by Lybbert and Zola (2014). Precisely,
we merge IPC 4-digit classes contained in US patents with NAICS 2-digit sectors. Each patent applicant in year t is
assigned to the NAICS 2-digit sector that includes the largest part of the IPCs contained in its patents filed in that year
(or in the last year in which it patented).
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instrument are indeed companies that innovate over time in the same sector but, through patent

acquisition, can be claim to substitute (at least partially) their technologies with KETSs.

Let us notice that calculating the “exposure” of European regions to a set of technologies identified
with respect to innovative US companies purchasing KETs at the USPTO should guarantee spatial
exogeneity. Focusing on US companies acquiring US-invented patents should indeed eliminate the
risk of our instrument being influenced by EU local features. In other words, our aim here is to isolate
technological dynamics behind the substitution of specific technologies with KETs, cleaned by local

factors that might be confounding.

As far as the temporal exogeneity of the instrument is concerned, we look at such an exposure in 1995
to have a measure sufficiently distant in time from the beginning of our reference period.?° In the
same respect, as we will see, we allow this 1995 composition across NUTS3 European regions to
vary over time according to the IPC-specific yearly rate of growth in the US between 1996 and 2014.

We avoid, in this way, the growth of those technologies, again, to depend from local features.

The previous choices are at the basis of the second step of our instrumentation procedure, which
calculates the “exposure” that each and every European region r reveals at time t to the non-KETs
technologies j that are substitutive of KETs ones. In order to do so, we take the relative incidence,
W;, that (the non-KETs) technology j patents have in the aggregate patent portfolio of KETs US
buyers — coming from step one — as unitary measure of such an exposure. We then obtain the total
regional exposure to j in the initial year (1995) by using W; to weight the number of patents in each
technology j invented in region r in the same year. The initial regional exposure to j is then updated
at time ¢ by using the rate of growth of technology j in the US from 1996 to t, G_US} 1996.¢. Finally,
we add up all of these j stocks of non-KETSs patents to which region r is exposed and define our

instrument as follows:

Equation 4
IV_KETS,, = 2 W, X Sj 1995 X (1 + G_US; 1906:t) [Eq ]
]

where S; ;- 1995 is the number of patents in technology j invented in region r in 1995, W; is the weight
of technology j in the aggregate portfolio of KETs US buyers, and G_US; 1996 is the rate of growth
of technology j in the US from 1996 to t.

3.3. Control variables

20'We run several robustness checks, moving back the starting year of exposure to 1990 and 1985. Results, available upon
request, are consistent with the main analysis.
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In order to address other sources of heterogeneity, we include several controls at the local level. First,
we include the stock of non-KETSs patents (SNOKETS). This stock, net of KETs patents (and of
patents belonging to the set of technological classes used in the instrumentation), controls for the
local technological size that may influence the emergence of novel combinations.?* Second, in the
light of the previous studies about the “metropolitan” geography of “unconventional/atypical”
innovations (Mewes, 2019; Ruben and Gaetani, 2020), and given the absolute nature of our dependent
variables, we need to include the local level of GDP, to account for the local economic size (GDP),
and the level of population density (DENS), as proxy of agglomeration economies. Third, we also
control for the average technological variety (IE) of the region, as a proxy of the heterogeneity of the
local knowledge base in terms of breadth of its constitutive ideas (patent codes).?? Let us notice that,
while referring to the opportunities of recombination from which regional novelty could benefit, the
same regressor is also expression of the extent to which the region has already occupied the
knowledge space and could thus reflect a saturation dynamics in developing radical innovations.
Finally, we include NUTS3 fixed effects, to control for all time-invariant local characteristics, and
year fixed effects, to account for shocks common to all the regions in the sample, such as, for example,

those due to the business cycle.
3.4. Methodology

Using the two measures of regional technology novelty proposed above (Equations [1] and [2]), we
estimate two versions of a two-stage model, whose second stage takes the following form:

Yre = 9r + 1t + B KETS,  + Xlr,t—lBZ + &t [Equation 5]

where Y, . is, alternatively, the (log transformed) number of absolute or local novel patents invented
in region r at time t (i.e. ABSNOV and LOCNOV); 9, are NUTS3 fixed effects; 7, are year fixed
effects; KETS, ., is the instrumented (log transformed) number of KETs-patents invented in region r
at time t; X;.,_4 is a vector of lagged local controls such as SNOKETS (log transformed), GDP (log
transformed), DENS and IE; &, . is the error term. Standard errors are clustered at the NUTS2 level

to account for possible spatial correlation across NUTS3 regions.

The first stage of the two models takes the following form:

21 We apply the perpetual inventory method to calculate SNOKETS, with a decay rate of 15%. Formally, SNOKETS, ., =
NOKETS,, + (1 —d) x SNOKETS, ,_,, where d is the decay rate and NOKETS, , is the number of non-KETs patents
filed in region r at time ¢.

22 Following Quatraro (2010), we calculate the local level of technological variety using the information entropy index
(Attaran and Zwick, 1987). The index measures the degree of disorder (or randomness) of the regional knowledge base
from the probability of co-occurrences of patent technological classes contained in local patents. For its formal
construction, please refer to Quatraro (2010).
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KETS, = Oy + T¢ + B1IV_KETS¢ + XLy 1By + £r [Equation 6]

where IV_KETS,, is the instrumental variable (see Equation 4) and the rest of the variables are the

same as in Equation 5.

Table 1 reports summary statistics and the correlation matrix of the variables used. The dependent
variables of both Equations [5] and [6] are non-negative continuum variables, so that the choice of a
2SLS model for their estimation reveals adequate. Since the models are estimated in a log-log form,

as usual, the focal coefficients can be interpreted as elasticities.

[TABLE 1 HERE]

[FIGURE 1 HERE]

Figure 1 provides a geographical representation of the distribution of novel (absolute and local) and
KETs patents across EU NUTS3 regions over 2000-2014.

Panels a) and b) plot the geographical quintile distribution (weighted by population density in 2014)
of, respectively, the number of absolute novel and the number of local novel patents. The NUTS 3
regions in which the highest number of patents with absolute and local novelty are concentrated are,
not surprisingly, continental regions of Germany, north and south-east of France, Austria, north of
Italy, Denmark, the Netherlands, regions in the south of the UK and regions in the Scandinavian area.
The peripheral European regions do not show remarkable contribution in terms of novelty, with few
exceptions in Spain and Ireland.

Panel c) of Figure 1 plots the geographical quintile distribution (weighted by population density in
2014) of the number of KETs patents. The KETs distribution appears spatially correlated with the
distribution of novel patents in the way we measure them, suggesting a relationship to whose closer

scrutiny we now move in Section 4.
4. Results

Starting with the first stage of our 2SLS models, which is common to the two specifications of the
dependent variable, ABSNOV and LOCNOV, Panel A in Table 2 reassures us about the selected
instrument. Columns | to V report the first stage results obtained saturating the model by adding the
main control variables one by one (the coefficients of the control variables are not reported in Panel
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A). The coefficient for our instrument (IV_KETS) is always negative and significant, ranging between
-.279 and -.328. This confirms our claim that a higher local exposure to technologies substituted by
KETs is significantly associated with a lower generation of KETSs. Precisely, a 1% increase in the
number of technologies that are likely to be substituted by KETs leads to around 0.28% decrease in
the local generation of KETs (according to the estimate of the full model reported in column V).
Finally, F-statistics of excluded instruments are above the threshold of 10 confirming that our
instrument is not weak. Overall, the evidence reported in Table 2, Panel A supports the idea that local

areas highly exposed to technologies substituted by KETSs are less likely to generate KETs over time.

Coming to the second stage of the model, Panel B of Table 2 reports the estimates of the impact that
the (instrumented) local endowment of KETs has on the generation of patents showing absolute
combinatorial novelty (ABSNOV). Columns | to V report the results obtained saturating the model
by adding the control variables one by one. The coefficient for the variable KETS is always positive
and significant, confirming our argument about the effect that their knowledge re-combinatorial
properties can have on the introduction of technological novelty. The relative coefficients range
between around 1.797 and 1.906, revealing an impact that is modest, but not negligible. Since the
model is estimated in a log-log form, looking at column V (full model) we can interpret the result as
a 1% increase in the local number of KETs patents leads to around 1.87% increase in the local
generation of ABSNOV .

[TABLE 2 HERE]

Table 3 reports the results of the second stage of the analysis but focusing on the number of patents
that show novelty only at the local level (LOCNOV). The coefficients for the local endowment of
KETs is positive and significant only in column I, while it is not significant (even if still positive)
when we include the control variables (columns Il to V). This result leads to a relevant implication,
on which we will return showing the robustness check of the analysis: enhancing the local endowment
of KETs fosters novel technological attempts that may benefit the overall (global) technological
advance, while their role for local technological catching-up is lower or even not significant.
Somehow expectedly, technological advances that extend only (and, as Table 1 reveals, mostly) the
local knowledge bases possibly unfold through knowledge combinatorial processes that require less
“interfacing” work among ideas than those at the basis of absolute technological novelty, so that their

role is neutral with respect to local novelty.

Differences between the estimates for ABSNOV and LOCNOV emerge with respect to the control
variables too. The local stock of patents, in technological fields that do not refer to KETs (SNOKETs),

is negatively and significantly associated with the generation of patents showing absolute
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combinatorial novelty (Table 2), while we find the opposite for local novelty (Table 3). This
asymmetry might suggest that by increasing their level of innovativeness, regions could find less
crucial to explore the knowledge space and thus reduce the number of absolute novel attempts in
innovative processes. On the contrary, by enriching the local knowledge base the incentive/need

appears to remain in fostering the adoption of novel attempts already introduced in other regions.

As for GDP, we do not find a significant coefficient for absolute novelty, while it is positively
associated with local novelty. This suggests that larger regions in economic terms are only more prone
to introduce innovations that are locally “unconventional”, but not globally so. This represents an
important specification of the recent evidence about the metropolitan gains in this kind of innovations
(Mewes, 2019; Ruben and Gaetani, 2020), which apparently reduce when technological novelty is
absolute. In the same respect, let us also notice that we observe no effect of population density on
both absolute and local novelty. Finally, while non-significant with respect to LOCNOV, IE appears
negatively associated with the number of absolute combinatorial novelties, pointing to the saturation

dynamics to which we have alluded in introducing this variable.

[TABLE 3 HERE]

4.1. Robustness checks

As a first robustness check, in order to further neutralise the presence of scale effects, which are
already controlled for by SNOKETS and GDP, we re-define our two dependent variables, ABSNOV
and LOCNOV, and consider, rather than their regional fractional counts, their shares with respect to

total regional patents. Results are reported in Tables 4 and 5.

In Table 4, focusing on the share of patents showing absolute combinatorial novelty, the coefficient
for the variable KETS is always positive and significant, ranging between around 0.051 and 0.063.
Since the model is estimated in a level-log form, looking at column V (full model) we can interpret
the result as a 1% increase in the local number of KETSs patents leads to around 0.00053 increase in
the local share of absolutely novel patents. The sample mean of the local share of absolute novel
patents is ~0.0345 (with SD=0.07), meaning that a 1% increase in KETS increases the share of novel
patents by 1.54% for the average region (i.e. from ~0.0345 to ~0.0350). This result, largely in line
with Table 2, confirms the positive role of KETSs in fostering the local capacity of introducing absolute
novelty at the local level. In other words, a higher local endowment of KETs is a driver for the

generation of first-time combinatorial attempts, never observed before, at a higher rate than
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inventions with lower levels of novelty.

[TABLE 4 HERE]

In Table 5, focusing on the share of patents that are only locally novel, the coefficient for the variable
KETS is now always positive and significant, while it was so only in the first specification of Table
3. Quite interestingly, while incapable to increase their absolute number, KETSs are at least capable to
increase the relative incidence of this kind of patents, that is, their relative weight with respect to the
size of the regional knowledge base. On the other hand, the effects of KETs remains largely lower
with respect to that on absolute technological novelty. A 1% increase in the local number of KETs
patents leads to around 0.00347 increase in the share of locally novel patents. The sample mean of
the share of locally novel patents is ~0.475 (with SD~0.317), meaning that a 1% increase in KETS
increases the share of local novel patents by =0.7% for the average region (i.e. from =0.475 to

~0.478).

Although with this important specification, and with some other changes among the controls, the

results about the role of KETs in driving the geography of technology novelty appear confirmed.?

[TABLE 5 HERE]

As a second robustness check, we redefine our focal dependent variables of technological novelty by
imposing further restrictions in the identification of novel combinations of citing-cited patent classes.
In Tables 2 to 5 we defined a patent as (absolutely or locally) novel if it showed at least one
combination between its IPC classes and its cited classes, never observed before (overall or just in
the region, respectively). Here we put three different thresholds to the share of novel combinations to
define a patent as novel (either absolute or local). More precisely, we consider a patent (absolutely or
locally) novel if it shows at least 10%, 25% or 50% of (absolutely or locally) novel combinations

over the total number of combinations in its citation flow.

Table 6 presents the second stage results when the dependent variables are the (log transformed)

number of novel patents, calculated according to the three mentioned thresholds. Columns | to 1l

23 We find a significant coefficient for GDP in Table 4 (while in Table 2 this variable was not significant); a negative and
significant coefficient for SNOKETS in Table 5 (while in Table 3 this variable was positive); and a negative and
significant coefficient for IE in Table 5 (while in Table 3 the coefficient for this variable was not significant).
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report the second stage results for absolute combinatorial novelty. Columns IV to VI focus on local
combinatorial novelty. The first stage, common to all models, is the same reported in Table 2, Panel

A. All the models in Table 6 include the full set of control variables.

The results of this further set of robustness checks appear confirmatory of the main analysis, showing
a significant and positive impact of the local endowment of KETs on the generation of new
technological combinatorial attempts in the region, especially on the number of absolutely novel
patents. Interestingly, when we narrow down the measure of novelty to the largest extent, by imposing
that at least one over two of the focal patent’s citations does not show previous records in the
technology (column 1I1) and in the regional knowledge space (column VI), two important
specifications of the previous results emerge. On the one hand, the size of the KETs effect on very
intensively novel patents in absolute terms reduces substantially, suggesting that their combinatory
power might be bounded with respect to the scope of possible recombinations. On the other hand,
KETs regain a significant and sizeable effect also on very intensively novel patents in local terms,
which is even larger than that on the correspondent novel patents in absolute terms. When the scope
of combinations that qualifies a relative advancement of the regional knowledge base increases, the

combinatorial properties of KETs stop being neutral and actually help it substantially.

[TABLE 6 HERE]

5. Conclusions

The paper tested empirically the hypothesis that, given the knowledge combinatory properties that
descend from their General Purpose Technology (GPT) nature, the local endowment of Key Enabling
Technologies (KETs) could work as a driver for regions to introduce both absolute and local

technological novelty.

The analysis has been conducted at the NUTS3 regional level in Europe over the period 2000-2014.
KETs do actually increase regional technological novelty, but with nuances that depends on its scope.
In particular, unless the spectrum of defining novel patent combinations is restricted, KETs do not
add (much) to the spectrum of drivers that extend the technology novelty of regions at the local
margin, with respect to which their recombinant properties appear less essential and their role nearly
neutral. On the contrary, the same KETs properties appear instead essential in allowing regions to
extend the knowledge space in absolute terms going beyond their boundaries.
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The paper contributes to academic research in two main respects. On the one hand, we add to the still
scant literature about the identification and measurement of technological novelty in space (Mewes,
2019; Ruben and Gaetani, 2020), by extending to the regional level recent advancements in its “a-
spatial” patent-based analysis (Verhoeven et al., 2016). On the other hand, we also contribute to the
still limited investigation of the drivers of breakthrough regional innovations (Castaldi et al., 2016):
not only by pointing to the role of regional KETSs, as already done in previous studies (Montresor and

Quatraro, 2017), but also by addressing for the first time their arguable endogeneity.

The results that we have obtained have important policy implications. Inserting the development (or
the acquisition) of KETs in the regional policy toolbox has an additional implication to that already
recognized in their favoring an explorative pursuing of smart specialization strategies (Montresor and
Quatraro, 2017). KETs appear also “enabling” regions to embark in technological transitions that are
breakthrough and thus possibly leading to more knowledge intensive and sustainable patterns of
growth. However, KETs are more for “new-to-the-world” than for “new-to-the-region” radical
innovations, representing a “high-power” policy-leverage to which regions are (not) recommended

to resort when prioritising the high (low) way to technological novelty.

21



References

Antonietti, R. and Montresor, S. (2019). Regional diversification patterns and Key Enabling Technologies
(KETS) in Italian regions. Paper prepared for the Uddevalla Workshop 20109.

Ahuja, G., Lampert, C.M., 2001. Entrepreneurship in the large corporation: a longitudinal study of how
established firms create breakthrough inventions. Strategic Management Journal, 22, 521-543.

Attaran, M., Zwick, M., 1987. Entropy and other measures of industrial diversification. Quarterly Journal of
Business Economics, 17-34.

Balland, P.A. (2016), “Chapter 6: Relatedness and the geography of innovation”, in Shearmu, R.,
Carrincazeaux, C. and Doloreux. D. (eds), Handbook on the Geographies of Innovation. London, Edward
Elgar.

Balland, P.A., Boschma, R., Crespo, J. and Rigby, D.L. (2018): Smart specialization policy in the European
Union: relatedness, knowledge complexity and regional diversification, Regional Studies, DOI:
10.1080/00343404.2018.1437900.

Banerjee, P.M., Cole, B.M., 2011. Globally radical technologies and locally radical technologies: the role of
audiences in the construction of innovative impact in biotechnology. IEEE Trans. Eng. Manag. 58, 262-274.

Berkes, E. and Gaetani, R. (2020). The geography of unconventional innovation. The Economic Journal,
https://doi.org/10.1093/ej/ueaalll

Bettencourt, L. M. A., Lobo, J., and West, G. B. (2008). Why are large cities faster? Universal scaling and
self-similarity in urban organization and dynamics. European Physical Journal B 63 (3): 285-93.
doi:10.1140/epjb/e2008-00250-6.

Bettencourt, L. M. A., Lobo, J., and Strumsky, D. (2007). Invention in the city: Increasing returns to patenting
as a scaling function of metropolitan size. Research Policy 36 (1): 107-20. doi:10.1016/j.respol.2006.09.026.

Boschma, R., Balland, P. A., & Kogler, D. (2015). Relatedness and technological change in cities: The rise
and fall of technological knowledge in US metropolitan areas from 1981 to 2010. Industrial and Corporate
Change, 24(1), 223-250. doi:10.1093/icc/dtu012

Boschma, R., Asier Minondo, Mikel Navarro (2012). Related variety and regional growth in Spain. Papers in
Regional Science, 91: 2, 241-256, DOI: 10.1111/j.1435-5957.2011.00387.x

Boschma, R., and lammarino, S. (2009). Related Variety, Trade Linkages, and Regional Growth in ltaly,
Economic Geography, 85:3, 289-311, DOI: 10.1111/j.1944-8287.2009.01034.x

Bresnahan, T. (2010). General purpose technologies. In Handbook of the Economics of Innovation, Vol. 2, ed.
B. H. Hall, and N. Rosenberg, 761-91. Amsterdam, the Netherlands: Elsevier.

Buarque, B. S., Davies, R. B., Hynes, R. M., and Kogler, D. F. (2020). OK Computer: the creation and
integration of Al in Europe. Cambridge Journal of Regions, Economy and Society, 13(1), 175-192.

Capello, R. (2013). Knowledge, innovation, and regional performance: Toward smart innovation policies:
Introductory remarks to the special issue, Growth and Change, 44(2), 185-194.

Castaldi, C., Frenken, K. and Los, B. (2015). Related variety, unrelated variety and technological
breakthroughs: An analysis of US state-level patenting, Regional Studies, 49:5, 767-781, DOI:
10.1080/00343404.2014.940305.

Castaldi, C. and Los, B. (2012). Are new ‘Silicon Valleys’ emerging? The changing distribution of superstar
patents across US states. Paper presented at the Danish Research Unit for Industrial Dynamics (DRUID)
Summer Conference 2012.

Castellani, D., Marin, G., Montresor, S., and Zanfei, A. (2020). Unlocking the green door of regional
development: the role of MNEs in greening local inventive activities. SEEDS Working Paper.

Clark, G.L., Feldman, M.P., Gertler, M.S. and Wojcik, D. (2018), The New Oxford Handbook of Economic

22



Geography, Oxford University Press.

Colombelli, A., Krafft, J. and Quatraro, F. (2013). Properties of knowledge base and firm survival: evidence
from a sample of French manufacturing firms, Technological Forecasting and Social Change 80, 1469-1483.

Combes, P.P., Duranton, G., and Gobillon, L. (2008). Spatial wage disparities: Sorting matters! Journal of
Urban Economics 63 (2): 723-42. doi:10.1016/j.jue.2007.04.004.

Cozza, C., Gandin, I., Montresor, S. and Tarasconi, G. (2020). “No siblings, but with home”: On the geography
and regional determinants of single patent-class inventions. Kore Working Papers in Business and Economics
(WP-KOREBE), 1/20.

Dahlin, K.B., Behrens, D.M., 2005. When is an invention really radical? Defining and measuring technological
radicalness. Research Policy, 34, 717-737.

Ejermo, O. (2009) Regional innovation measured by patent data: does quality matter?, Industry and Innovation
16, 141-165. doi:10.1080/13662710902764246

European Commission (2009). Preparing for our future: Developing a common strategy for key enabling
technologies in the EU. Communication from the Commission to the European Parliament COM (2009)-512.
Brussels, Belgium: European Commission.

(2012a). A European strategy for key enabling technologies—A bridge to growth and jobs. Final
communication from the commission to the European Parliament, the Council, the European Economic and
Social Committee and the Committee of the Regions. COM (2012)-341. Brussels, Belgium: European
Commission.

(2012Db). Feasibility study for an EU monitoring mechanism on key enabling technologies. Brussels,
Belgium: European Commission.

Evenson, R. and Kislev, Y. (1976). A stochastic model of applied research, Journal of Political Economy 84,
265-282.

Feldman, M.P. (1994). The Geography of Innovation. Springer Science & Business Media.
Fleming, L. (2001). Recombinant uncertainty in technological search. Management Science, 47 (1), 117-132.

Fleming, L., Sorenson, O. (2001). Technology as a complex adaptive system: evidence from patent data.
Research Policy 30 (7), 1019-10309.

Fleming, L. (2007). Breakthroughs and the “long tail” of innovation. MIT Sloan Management Review, 49-69.

Florida, R. (2002). The rise of the creative class: And how it’s transforming work, leisure, community and
everyday life. New York: Basic Books.

Frenken, K., Van Oort, F. G. and Verburg, T. (2007) Related variety, unrelated variety and regional economic
growth, Regional Studies 41, 685-697. doi:10.1080/00343400601120296.

Glaser, E., Kallal, H.D., Scheinkman, J.A., and Shleifer, A. (1992) Growth in cities, Journal of Political
Economy 100, 1126-1152.d0i:10.1086/261856.

Graham, S. J., Marco, A. C., & Myers, A. F. (2018). Patent transactions in the marketplace: Lessons from the
uspto patent assignment dataset. Journal of Economics & Management Strategy, 27(3), 343-371.

Hall, B.H. (2014), Using patent data as indicators. OST Paris - Patents as Indicators April 2014.

Hartog, M., R. Boschma and M. Sotarauta (2012) The impact of related variety on regional employment
growth in Finland 1993-2006: High-ech versus Medium/Low-Tech, Industry and Innovation, 19:6, 459-476,
DOI: 10.1080/13662716.2012.718874.

Howells, J. and Bessant, J. (2012). Introduction: Innovation and economic geography: a review and analysis,
Journal of Economic Geography, Volume 12, Issue 5, September 2012, Pages 929-942,
https://doi.org/10.1093/jeg/1bs029

23



Jacobs, J. (1969). The Economy of Cities. Vintage, New York, NY.

Jaffe, A. B. and de Rassenfosse, G. (2017). Patent citation data in social science research: Overview and best
practices, Journal of the Association for Information Science and Technology 68(6), 1360-1374.

Jaffe, A. B. and Trajtenberg, M. (1999). International knowledge flows: evidence from patent citations,
Economics of Innovation and New Technology 8(1-2), 105-136.

Jaffe, A. B., Trajtenberg, M. and Henderson, R. (1993). Geographic localization of knowledge spillovers as
evidenced by patent citations, the Quarterly journal of Economics 108(3), 577-598.

Kaplan, S., Vakili, K., 2015. The double-edged sword of recombination in breakthrough innovation. Strategic
Management Journal, 36(10), 1435-1457.

Keupp, M.M., Gassmann, O., 2013. Resource constraints as triggers of radical innovation: longitudinal
evidence from the manufacturing sector. Res. Policy 42 (8), 1457-1468.

Kim, D., Cerigo, D. B., Jeong, H., and Youn, H. (2016). Technological novelty profile and invention’s future
impact. EPJ Data Science 5(1). doi:10.1140/epjds/s13688-016-0069-1.

Kogler, D., Righy, D. and Tucker, 1. (2013) Mapping knowledge space and technological relatedness in U.S.
cities, European Planning Studies 21, 1374-1391.

Kuhn, J., Younge, K. and Marco, A. (2020), Patent citations re-examined. RAND Journal of Economics 51(1):
109-132.

Leten B., Belderbos, R. and Looy, B. (2007). Technological diversification, coherence, and performance of
firms. Journal of Product Innovation and Management 24, 567-579.

Lybbert, Travis J. and Nikolas J. Zolas. 2014. “Getting patents and economic data to speak to each other: An
‘Algorithmic Links with Probabilities’ approach for joint analyses of patenting and economic activity”.
Research Policy 43(3): 530-542.

MacKinnon, D., Cumbers, A., & Chapman, K. (2002). Learning, innovation and regional development: a
critical appraisal of recent debates. Progress in Human Geography, 26(3), 293-311.
https://doi.org/10.1191/0309132502ph371ra.

Marco, A. C., Myers, A., Graham, S. J., D'Agostino, P., & Apple, K. (2015). The USPTO patent assignment
dataset: Descriptions and analysis.

Martinelli, A., Mina, A., and Moggi, M. (2019), “The enabling technologies of Industry 4.0: Examining the
seeds of the Fourth Industrial Revolution”, LEM Papers Series, Sant'Anna School of Advanced Studies, Pisa,
Italy.

Maurseth, P. B. and Verspagen, B. (2002), Knowledge spillovers in Europe: a patent citations analysis, The
Scandinavian journal of economics 104(4), 531-545.

Mewes, L. (2019). Scaling of atypical knowledge combinations in American metropolitan areas from 1836 to
2010. Economic Geography, DOI: 10.1080/00130095.2019.1567261.

Montresor, S. and Quatraro, F. (2017). Regional branching and Key Enabling Technologies: Evidence from
European Patent data, Economic Geography, 93:4, 367-396, DOI: 10.1080/00130095.2017.1326810.

Montresor, S. and Quatraro, F. (2019). Green technologies and smart specialisation: a European patent-based
analysis of the intertwining of technological relatedness and Key Enabling Technologies. Regional Studies
(forthcoming).

Neffke, F., Henning, M. and Boschma, R. (2011). How do regions diversify over time? Industry relatedness
and the development of new growth paths in regions. Economic Geography 87, 237-265. doi:10.1111/j.1944-
8287.2011.01121.x

Nemet, G.F., (2009). Demand-pull, technology-push, and government-led incentives for non-incremental
technical change. Research Policy, 38, 700-709.

24


https://doi.org/10.1191/0309132502ph371ra

Nooteboom, B. (2000). Institutions and forms of co-ordination in innovation systems. Organization Studies,
21, 915-939.

Olsson, O., and Frey, B. S. 2002. Entrepreneurship as recombinant growth. Small Business Economics 19 (2):
69-80. d0i:10.1023/A:1016261420372.

Pezzoni, M., Veugelers, R. and Visentin, F. (2019), “How fast is this novel technology going to be a hit?”,
CEPR Discussion Paper no. 13447.

Quatraro, F. (2010) Knowledge coherence, variety and productivity growth: manufacturing evidence from
Italian regions. Research Policy, 39, 1289-1302.

Rigby, D. (2015). Technological relatedness and knowledge space: Entry and exit of US cities from patent
classes. Regional Studies,49(11), 1922-1937. doi:10.1080/00343404.2013.854878.

Rosenkopf, L., Nerkar, A., 2001. Beyond local search: boundary-spanning, exploration, and impact in the
optical disk industry. Strategic Management Journal, 22,287-306.

Santoalha, A. (2019) Technological diversification and Smart Specialisation: the role of cooperation, Regional
Studies, 53:9, 1269-1283, DOI: 10.1080/00343404.2018.1530753

Schilling, M. A., and Green, E. (2011). Recombinant search and breakthrough idea generation: An analysis of
high impact papers in the social sciences. Research Policy, 40 (10): 1321-31.d0i:10.1016/j.respol.2011.06.009

Schoenmakers, W., Duysters, G., 2010. The technological origins of radical inventions. Research Policy, 39,
1051-1059.

Shane, S. (2001). Technological opportunities and new firm creation. Management Science, 47,205-220.

Shearmur, R., Carrincazeaux, C., and Doloreux, D. (2016). Handbook on the Geographies of Innovation.
Edward Elgar Publishing.

Story, V., O’Malley, L., Hart, S. (2011). Roles, role performance and radical innovation competences. Ind.
Mark. Manag. 40, 952-966.

Strumsky, D., and Lobo, J. (2015). Identifying the sources of technological novelty in the process of invention.
Research Policy, 44 (8), 1445-1461.

Teece, D. J.,, Rumelt, R., Dosi, G., and Winter, S. 1994. Understanding corporate coherence. Journal of
Economic Behavior & Organization 23 (1): 1-30.

Trajtenberg M. (1990) A penny for your quotes: patent citations and the value of innovations, RAND Journal
of Economics 21, 172-187. doi:10.2307/2555502.

Trajtenberg, M., Henderson, R., Jaffe, A. (1997). University versus corporate patents: a window on the
basicness of invention. Economics of Innovation and New Technology, 5 (1),19-50.

Tsai K-H. and Wang, J-C (2009). External technology sourcing and innovation performance in LMT sectors:
An analysis based on the Taiwanese Technological Innovation Survey. Research Policy, 38(3): 518-526.

Uzzi B., Mukherjee, S., Stringer, M., and Jones, B. (2013). Atypical combinations and scientific impact,
Science 342, 468 (2013); DOI: 10.1126/science.1240474.

Verhoeven, D., Bakker, J. and Veugelers, R. (2016), Measuring technological novelty with patent-based
indicators, Research Policy, 45(3), 707-723.

Weitzman, M. L. (1998). Recombinant growth. Quarterly Journal of Economics 113 (2): 331-60.
doi:10.1162/003355398555595.

25
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Figure 1. Geography of technological novelty and KETs by NUTS-3

a) Geography of absolute novel patents by NUTS-

b) Geography of local novel patents by NUTS-3
3(2000-2014)

(2000-2014)

c) Geography of KETs by NUTS-3 (2000-2014)
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Tables

Table 1. Descriptive statistics
Panel A — Summary Statistics

Obs. mean sd min max
ABSNOV 17,570 2.556 5.607 0 107
LOCNOV 17,570 30.955 56.058 0 692
KETS 17,570 1.775 5.129 0 180
SNOKETS 17,570  372.658 770.064 0 9,129.07
GDP 17,570 9,303.734 14,935.820 105 208,042
DENS 17,570 591.209 1,428.914 2 21,317.9
IE 17,570 3.262 2.306 0 8.839

Panel B — Correlation Matrix
ABSNOV LOCNOV KETS NOKETS GDP DENS IE
ABSNOV 1

LOCNOV 0.830* 1

KETS 0.742* 0.713* 1

NOKETS 0.676* 0.872* 0.594* 1

GDP 0.429* 0.475* 0.402* 0.527* 1

DENS 0.067* 0.016 0.106* -0.024* 0.326* 1

IE 0.710* 0.841* 0.631* 0.876* 0.549* 0.023* 1
*p<0.01

Table 2. Effect of KETs on absolute novelty (ABSNOV): IV estimates

Panel A — First stage results (dep. var.: KETS (log))

() () (ULD) (V) V)
IV_KETS (log) -0.328*** -0.290*** -0.279*** -0.280*** -0.284***
(0.075) (0.072) (0.072) (0.072) (0.072)
F-stat 19.23 16.37 15.01 15.03 15.47
Panel B — Second stage results (dep. var.: Absolute novel patents (log))
() (n (D) (V) V)
KETS (log) 1.797™ 1.904™ 1.901™ 1.906™" 1.874™
(0.349) (0.420) (0.438) (0.439) (0.423)
SNOKETS (log) -0.128" -0.128™ -0.129™ -0.110"
(0.069) (0.065) (0.065) (0.061)
GDP (log) 0.007 0.007 0.016
(0.076) (0.076) (0.074)
DENS 0.000 0.000
(0.000) (0.000)
IE -0.021™
(0.009)
NUTS3 FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Obs. 17,570 17,570 17,570 17,570 17,570

Dep. Var.: ABSNOV. KETs, SNOKETs, GDP, DENS and IE lagged 1-year. Robust standard errors, in parentheses,

clustered at the NUTS 2 level. “p<.1, ™ p <.05, ™ p<.01
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Table 3. Effect of KETs on local novelty (LOCNOV): 1V estimates

Second stage results (dep. var.: Local novel patents (log))

() (1 (UL) (V) V)
KETS (log) 0.579™" 0.287 0.192 0.220 0.235
(0.178) (0.176) (0.199) (0.201) (0.196)
SNOKETS (log) 0.351"" 0.328™ 0.326™" 0.318™
(0.044) (0.042) (0.041) (0.040)
GDP (log) 0.245™ 0.245™ 0.241™
(0.096) (0.096) (0.095)
DENS 0.000 0.000
(0.000) (0.000)
IE 0.010
(0.007)
NUTS3 FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Obs. 17,570 17,570 17,570 17,570 17,570

Dep. Var.: LOCNOV. KETs, SNOKETs, GDP, DENS and IE lagged 1-year. Robust standard errors, in parentheses,

clustered at the NUTS 2 level. "p<.1, ™ p <.05,

*kk

p<.01

Table 4. Effect of KETs on absolute novelty, ABSNOV (shares): 1V estimates

Second stage results (dep. var.: Share of absolute novel patents (log))

() () (1) (V) V)
KETS (log) 0.051™" 0.063™" 0.056" 0.057" 0.053"™
(0.018) (0.021) (0.021) (0.021) (0.020)
SNOKETS (log) -0.014™" -0.016™" -0.016™" -0.014™
(0.005) (0.005) (0.005) (0.005)
GDP (log) 0.017" 0.017" 0.018™
(0.009) (0.009) (0.009)
DENS 0.000 0.000
(0.000) (0.000)
IE -0.003™
(0.001)
NUTS3 FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Obs. 17,570 17,570 17,570 17,570 17,570

Dep. Var.: Share of absolute novel patents. KETs, SNOKETs, GDP, DENS and IE lagged 1-year. Robust standard errors,
in parentheses, clustered at the NUTS 2 level. “p<.1, " p<.05, ™ p<.01
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Table 5. Effect of KETs on local novelty (shares): 1V estimates

Second stage results (dep. var.: Share of local novel patents (log))

() (1 (UL) (V) V)
KETS (log) 0.347" 0.399™ 0.373™ 0.375™ 0.363™"
(0.098) (0.121) (0.220) (0.220) (0.115)
SNOKETS (log) -0.063™" -0.070™" -0.070™" -0.063™"
(0.023) (0.022) (0.022) (0.022)
GDP (log) 0.068™ 0.068™ 0.071"
(0.031) (0.031) (0.030)
DENS 0.000 0.000
(0.000) (0.000)
IE -0.008™"
(0.003)
NUTS3 FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Obs. 17,570 17,570 17,570 17,570 17,570

Dep. Var.: Share of local novel patents. KETs, SNOKETSs, GDP, DENS and IE lagged 1-year. Robust standard errors, in

parentheses, clustered at the NUTS 2 level. "p <.1, ™ p <.05,

Kok

p<.01

Table 6. Effect of KETs on absolute and local novelty: IV estimates, robustness

Second stage results

Absolute Absolute Absolute Local Local Local
(10%) (25%) (50%) (10%) (25%) (50%)
(1) () (1) (V) \%) (%)
KETS (log) 1.787™ 1.467" 0.360"" 0.257 0.418™ 0.641"
(0.410) (0.372) (0.122) (0.187) (0.195) (0.203)
SNOKETS (log) -0.141™ -0.159™ -0.040™ 0.308™" 0.260™" 0.178™
(0.060) (0.054) (0.017) (0.038) (0.037) (0.037)
GDP (log) -0.024 -0.077 -0.019 0.249™ 0.266™" 0.285""
(0.071) (0.068) (0.020) (0.092) (0.085) (0.074)
DENS 0.000 -0.000 -0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
IE -0.019™ -0.018™ -0.003 0.009 0.006 0.000
(0.008) (0.007) (0.002) (0.006) (0.006) (0.006)
NUTS3 FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Obs. 17,570 17,570 17,570 17,570 17,570 17,570

KETs, SNOKETs, GDP, DENS and IE lagged 1-year. Robust standard errors, in parentheses, clustered at the NUTS 2

level. “p<.1, ™ p<.05 " p<.01
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