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Abstract
The literature on geography of innovation suggests that innovation outcomes depend on the

type of knowledge base employed by firms. While knowledge bases are distinct categories
with regards to the nature and the rational of knowledge creation, existing studies also stress
that innovation usually involves more than one knowledge base. In fact, new ideas often
occur when analytical, synthetic and symbolic knowledge intertwines. It remains unclear,
though, which combinations of knowledge bases are most conducive to innovation at the
level of the firm, and how this is influenced by the knowledge bases available in the regional
milieu. Therefore the contribution of this paper is threefold: i) to measure knowledge bases
of firms and their regional heterogeneity in a more comprehensive way than the existing
empirical literature has been able to do so far, ii) to quantitatively assess the impact of
combinations of knowledge bases on innovation output, iii) to analyze the interplay between
firm- and region-level knowledge bases (and combinations thereof) in generating
innovations. Empirically, the paper applies econometric analysis on firm- and region-level
data from Sweden. The knowledge base of firms is captured using detailed occupational
data derived from linked employer-employee datasets that is merged at the firm-level with
information from Community Innovation Surveys. The empirical analysis reveals in a
guantitative way the extent to which the knowledge base combinations affect innovativeness

of firms.
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1. Introduction

Scholars dealing with the geography of innovation have been preoccupied with the question
on why and how innovation and knowledge creation are influenced by the regional context.
Considerations on this question have been advanced in particular in the literature on industrial
districts (Brusco 1986; Becattini 1989; Bellandi 1989), innovative milieus (Aydalot 1986;
Camagni 1991; Maillat et al. 1995), learning regions (Asheim 1996; Morgan 1997; Hassink
2001) and regional innovation systems (Cooke, Uranga, and Etxebarria 1998; Cooke,
Heidenreich, and Braczyk 2004; Asheim and Gertler 2005), in which innovation is understood
as a result of interactive learning processes taking place not only within the boundaries of the
firm, but also with various actors outside the firm, governed by an institutional framework
and confined to a specific geographical area.

Recent literature on the geography of innovation deals with the question which types of
knowledge are employed and exchanged in these interaction processes. One increasingly
prominent conceptual framework to study knowledge dynamics between firms and other
organizations is the distinction between analytical, synthetic and symbolic knowledge bases
(Laestadius 1998; Asheim and Gertler 2005; Asheim, Coenen, and Vang 2007). Knowledge
bases are distinct theoretical categories with regards to the nature and the rationale of
knowledge creation, however, the existing empirical research on this topic emphasizes that
innovative firms often combine different types of knowledge (Moodysson, Coenen, and
Asheim 2008; Manniche 2012). While the existing evidence is predominantly based on
intensive case studies (e.g. Moodysson 2008; Martin and Moodysson 2011; Strambach and
Klement 2012), econometric research on the role of knowledge base combinations for
innovation is lacking®.

This paper sets out to fill that gap with an extensive econometric analysis on the interplay of
firm internal and regional knowledge bases and their contribution to innovation performance
of firms. We address the question which types of firm internal knowledge base combinations
are most conducive to innovation, and which types of regional knowledge base combinations
are most favorable for innovation in which types of firms. In doing so, we analyze whether
specializing or combining different types of knowledge bases in-house leads to better
innovation outcomes, and whether firms benefit more if they are located in a regional
environment that possesses a specialized or a more diversified set of knowledge bases.

Empirically, we draw on a large firm-level dataset derived from five waves of Community
Innovation Surveys (CIS) merged with detailed georeferenced occupational data from linked
employee-employer datasets in Sweden. This occupational data allows us to measure
knowledge bases more reliably and accurately than existing studies have been able to do. We
estimate tobit models, in which the innovation output of firms given by sales of products new

! Econometric studies on knowledge bases are scarce, and the few notable exceptions deal with knowledge
networks, but have no specific focus on innovation outcomes and measure knowledge bases rather indirectly
(e.g. Asheim, Ebersberger, and Herstad 2012; Herstad, Aslesen, and Ebersberger 2014).



to the market is the function of knowledge bases of firms, regions and their interactions, while
accounting for other relevant characteristics.

The remainder of the paper is organized as follows. Section 2 reviews the literature on
differentiated knowledge bases with focus on the most recent works on knowledge base
combinations. We build on the implicit argument that firms that combine different types of
knowledge and modes of innovation tend to perform better. Moreover, we take up the
literature on agglomeration economies and knowledge spillovers, and question whether
regional specialization or diversity in knowledge bases is more conducive to innovation.
Section 3 explains the data and methodology. Section 4 describes the econometric model and
explores the relationship between knowledge base combinations and the innovation
performance of firms. Section 5 concludes and provides implications for policy concerned
with regional development.

2. Theoretical framework: Knowledge bases and the geography of innovation

The notion of knowledge bases provides a differentiated perspective on the nature of
knowledge used by firms in the innovation process (Laestadius 1998; Asheim and Gertler
2005; Asheim, Coenen, and Vang 2007). The concept distinguishes between three
epistemologically different types of knowledge, that is, analytical, synthetic and symbolic.
This distinction is grounded on universal categories of knowledge stemming from ancient
Greek philosophy, specifically the notions of episteme, techné and art. Analytical knowledge
refers to theoretical knowledge that is applied to understand and explain features of the
natural world. It is mostly related to scientific principles and competences. The synthetic
knowledge base refers to knowledge that is practical and applied for the purpose of creating
goods to attain functional goals. It is mostly associated with engineering skills. The symbolic
knowledge base has been introduced to account for the growing importance of design and
aesthetics in many products and services. It is mostly concerned with creativity, design and
cultural values.

Grounded on these three categories, the knowledge base concept has been applied to study
industry specific differences in the geography of innovation (e.g. Plum and Hassink 2011;
Aslesen and Freel 2012; Martin and Moodysson 2013). As an industry typology, knowledge
bases can be regarded as alternative to traditional industry classifications that are based on
product categories (e.g. NACE and SNI), or on characteristics of innovating companies, as it
is the case with the taxonomy developed by Pavitt (1984). Traditional industry classification
systems have limitations especially when it comes to capturing emerging and transforming
industries, and industries that cross over traditional product categories. Building on three
universal categories of knowledge, the knowledge base typology can be seen as more generic
and applicable to study innovation in a broad range of regions, sectors and companies.

Studies conducted at the level of industries reveal that the geography of innovation differs
considerably by the dominant knowledge base (Martin and Moodysson 2013). Analytical
industries interact often with research organizations. As science-based innovation relies on



codified knowledge that is abstract, and universally valid, the exchange of analytical
knowledge is less restricted to spatial distance (Knorr-Cetina 1999; Moodysson 2008). In
synthetic industries, knowledge exchange predominantly occurs along the supply chain and
between users and producers, often within communities of practice (Wenger 1998; Gertler
2008). Innovation is driven by learning by doing, using and interacting, and the most
important knowledge form is tacit, which implies that relatively little interaction takes place
over far geographical distance (Moodysson, Coenen, and Asheim 2008; Herstad, Aslesen, and
Ebersberger 2014). Innovation in symbolic industries is even more governed by the local
context. Symbolic industries innovate within short-term projects, and companies change their
connections frequently (Grabher 2002). The importance of cultural knowledge and the
project-based organization of innovation implies that knowledge exchange takes place
primarily within locally configured networks (Martin and Moodysson 2011).

While knowledge bases have been a fruitful device to study industry specific differences in
the geography of innovation, it should not be neglected that the knowledge base typology is a
theoretically derived categorization. In practice, innovation hardly ever involves only one type
of knowledge base, rather, it often includes a combination of different knowledge types
obtained from different sources (Trippl, Todtling, and Lengauer 2009; Grillitsch and Trippl
2014; Herstad, Aslesen, and Ebersberger 2014). Also, strong heterogeneity between firms can
often outweigh the role of sectors in explaining different patterns of innovation (Srholec and
Verspagen 2012). This calls for a more nuanced view on knowledge processes taking place on
the level of the firm.

In line with that, Moodysson et al. (2008) find that concrete innovation projects in the life
science industry consist of a mix of analytical and synthetic modes of knowledge creation,
with different sensitivity to spatial distance. Manniche (2012) analyses the type of knowledge
bases involved in a range of innovation projects, and finds that knowledge interactions are
typically characterized by one knowledge base, whereas the entire biography of an innovation
very often involves analytical, synthetic and symbolic knowledge. Martin and Moodysson
(2011) study knowledge bases in a typical innovation project of a new media company, and
find that the problem solving sequence includes analytical, synthetic and symbolic challenges,
while symbolic knowledge defines the basis for the firm’s competitiveness. Comparing data
from 15 case studies, Todtling and Grillitsch (2014) find that the combinations of firm
competencies and external knowledge sourcing relate to the dominant knowledge base in the
industry and lead to different types of innovation.

Furthermore, Zukauskaite and Moodysson (2013) find that even though the food sector is
dominated by synthetic modes of innovation, some food companies branch out in new product
segments by combining synthetic and analytical knowledge. This is in line with Strambach
and Klement (2013), who study innovation biographies in the automotive industry, and argue
that combinatorial knowledge dynamics can play an important role in creating new
development paths, and thereby diminishing the risk of negative lock-in effects. Even though
their empirical evidence is on the level of an innovation project, they suggest that dynamics at
the sectorial and regional level will follow a similar pattern. In this vein, Martin and Trippl
(2014) study how knowledge bases co-evolve with the development of a cluster, and find that



clusters can renew themselves by drawing on a variety of knowledge bases obtainable in the
regional milieu.

All these studies point in the direction that even though analytical, synthetic and symbolic
knowledge are distinct epistemological categories, they are hardly employed exclusively and
detached from each other. In fact, the notion of knowledge bases suggests that innovation is a
result of diverse knowledge inputs. Innovation results not only from science-based knowledge
but also from engineering know-how and arts-based experience. It remains unclear, however,
whether analytical, synthetic and symbolic knowledge contribute to the same extent to
innovation outcomes, and which knowledge base combinations are most conducive to
innovation. Are firms that are clearly dominated by one knowledge base more prone to
innovation, as they can channel their resources and specialize in a particular field? Or,
alternatively, are firms that are capable of combining different types of knowledge more
innovative, as they have the necessary breadth of competences to deal with diverse knowledge
inputs? The first research question can be formulated as follows:

Which types of firm internal knowledge bases and combinations thereof are most conducive to
innovation?

Another key issue addressed in this paper involves knowledge interdependencies between the
firm and the regional milieu. Firms seldom innovate in isolation, but usually source
knowledge from other actors in the innovation system (Moulaert and Sekia 2003; Asheim and
Gertler 2005). The central argument for the role of the region is that the spatial and functional
integration of innovation activities generates positive effects for co-located firms. These
effects that are often referred to as agglomeration economies are beyond the control of the
individual firm and result from the presence and collective action of other firms in the region
(Malmberg 1996; Parr 2002). They can arise from co-location of firms in the same industry,
i.e. localization economies (Marshall 1920; Arrow 1962; Romer 1986), or in different
industries, i.e. urbanization economies (Jacobs 1969). Transcending this dichotomy, the
literature on related variety suggests that sectorial diversity is important, though knowledge
can spill over most effectively if a certain degree of similarity exists between sectors
(Frenken, Van Oort, and Verburg 2007; Boschma and lammarino 2009).

The knowledge spillover debate shows that agglomeration economies consist of various
benefits stemming from traded and untraded interdependencies (Storper 1995) and localized
capabilities (Maskell and Malmberg 1999), and go beyond cost-savings from shared
infrastructure and access to spatially constrained resources, as it was emphasized in traditional
location theory. Today, agglomeration economies are regarded as the capacity to foster
innovation through knowledge exchange in the local milieu. One key to explaining spatial
clustering of innovation activities is the important role of geographical proximity for
interactive learning (Malmberg 1996; Malmberg and Maskell 2002). The region is seen as
arena for the emergence of social relationships and common norms and values, which
facilitate interaction and collaboration. Innovation is seen as embedded in a particular social,
institutional and spatial context, and mutual trust between various actors in the regional milieu
positively affects their innovative performance (Asheim and Gertler 2005).



Transferring the discussion on spillovers to the realm of knowledge bases, the question arises
to what extend the innovation performance of firms is contingent on the knowledge bases
available in the regional environment. Existing studies on knowledge bases observe different
degrees of diversity and specialization among regions, with most regions being dominated by
one knowledge base, and only few regions being characterized by a balanced mixed of
analytical, synthetic and symbolic knowledge (Asheim and Hansen 2009; Martin 2012). It
remains unclear, however, whether regional diversity or specialization in knowledge bases is
more conducive to innovation, and which type of regional knowledge base configuration is
most beneficial for innovation in which type of firms.

Following the localization economies argument, it is reasonable to expect that firms perform
best if they are located in a region with similar knowledge specialization. Being embedded in
a region with the same knowledge base will permit them to interact locally with other firms
that work with similar problems and use similar skills and competencies, which increases
their innovative scale. But then again, following the urbanization economies argument, it is
reasonable to expect that firms are more innovate if they are located in a region with diverse
knowledge bases. This will allow them to access dissimilar knowledge input from other actors
in the region, and thereby widen their scope for innovation. From this, the competing theses
follow that either regional specialization or regional diversity in knowledge bases is most
beneficial for firm innovation.

Moreover, the question arises which types of regional knowledge base combinations are most
beneficial for innovation performance in which types of firms. One can expect that firms with
a synthetic knowledge base benefit most from being located in a region with a strong
analytical knowledge base, as they can upgrade their innovation activities through scientific
knowledge input (Jensen et al. 2007). But it is also reasonable to expect that the presence of a
strong symbolic knowledge base in the region outweighs the importance of scientific
knowledge, as design values and improved user experience are increasingly important for
innovation in many sectors of the economy (Walsh 1996; Scott 2004). The interplay between
regional knowledge base configurations and the innovation performance of firms is the
second key issue addressed in the paper, which leads to the following research question:

Which types of regional knowledge base combinations are most conducive to innovation in which
types of firms?

3. Data and Methodology

The data used for this study merges the Community Innovation Survey (CIS) with individual
and firm registry data from the Statistical Office of Sweden (SCB). The registry data is used
to identify firm-level and region-level knowledge bases through occupational data.
Occupational data relates to the type of work an individual is performing and the skills and
education usually required for this type of work. Occupational data is available for each
individual aged 16 and over registered in Sweden on 31 December each year. In line with
Asheim and Hansen (2009) and Martin (2012), we select occupations that are likely to be



involved in innovation activities, and that can be clearly attributed to one of the three
knowledge bases. Only few studies on knowledge bases use occupational data and if so,
exploit this data on a three-digit level and aggregate it for regions (e.g. Asheim and Hansen
2009; Martin 2012). By using the most detailed four-digit data at the firm-level, we identify
knowledge bases and their combinations more accurately than the existing literature has been
able to do so far (for the list of occupations, see Appendix Table Al).

The database on firm- and municipal level knowledge bases is merged with five waves of the
CIS, which is conducted every second year from 2004 to 2012 following the Oslo Manual
(OECD 2005). The CIS data covers innovation activities of firms in the last three years before
the date of the survey, thus the reference periods are 2002-04, 2004-06, 2006-08, 2008-10 and
2010-12. The sample for the CIS is stratified by firm size and sector based on SCBs firm
register and includes firms with 10 employees or more. Answering the survey is compulsory
by law. The combination of five waves of the CIS increases the size of the sample and thereby
the regional representativeness of the micro data. Approximately half of the firms are
observed repeatedly, which allows us to exploit the panel structure of the data.

The dependent variable for innovation output refers to the percentage of new to the market
innovations in total turnover in the final year of the reference period. Firm-level knowledge
bases are calculated as the share of employees with an analytical, synthetic or symbolic
knowledge base in total employment over the three-year reference period. Size of the firm is
measured as log of the number of employees in the initial year of the reference period. Firms
were asked whether they are affiliated to an enterprise group, from which we derive a dummy
with value 1 if the firm is a part of a group. Next, there is information about the geographic
markets in which the firms sell their goods or services, from which we obtain a dummy with
value 1 if the firm delivers abroad. Finally, industry dummies are derived from a classification
in seven broad sectors based on two-digit NACE, rev. 1.1 categories.’

Table 1 presents descriptive statistics about the firm-level variables. After omitting
observations with missing records, the pooled micro sample consists of 20,482 observations
(3,105 in 2002-04, 3,093 in 2004-06, 4,409, 2006-08 4,329 in 2008-10 and 5,546 in 2010-12).
About 3.8% of the firms’ sales were generated by innovations new to the market. By far the
most common knowledge base maintained by the firms in-house is synthetic, followed with a
large gap by symbolic and analytical. Small and medium size firms are well represented, as
the median size of the firm is about 26 employees and only around 11% of the sample consists
of large firms with more than 250 employees. More than two-thirds of the firms are affiliated
to a group and about three-fifths of them are exporters.

2 The sectors are constructed using the following two-digit NACE. rev 1.1 categories: manufacturing (10-35);
mining and utilities (5-10 and 35-41); wholesale and retail (45-49); transportation (49-55); information and
communication (58-64); financial and insurance activities (64-68); professional, scientific and technical
activities (69-77). Due to the very detailed spatial structure, we cannot account for more detailed industry
classifications.



Table 1 Firm-level variables

Variable Observations Mean Std. Dev. Min Max
New to the market innovations

in total turnover (%) 20,482 3.83 12.02 0 100.00
Firm analytical knowledge (%) 20,482 0.74 4.72 0 100.00
Firm synthetic knowledge (%) 20,482 12.33 20.93 0 100.00
Firm symbolic knowledge (%) 20,482 2.04 9.29 0 100.00
Number of employees (log) 20,482 3.59 1.40 0 10.21
Member of a group (dummy) 20,482 0.68 0.47 0 1.00
Foreign sales (dummy) 20,482 0.58 0.49 0 1.00

The regional variables are constructed based on the number of individuals working in each
municipality in total, by knowledge base and by occupation during the three years reference
period of the respective CIS wave. In addition to individuals within the municipal borders, the
regional variable also accounts for knowledge spillovers from other municipalities. Spillovers
from other municipalities are given by:

(1) Sxr = Z?:l Ixse_ltrs

where Sy, denotes the spillovers for variable x in municipality r. Iy stands for the number of
individuals who have the characteristic x in other municipalities s. The potential knowledge
spillovers from other municipalities s = 1,...,n is diminished by applying an exponential
distance-decay function e ~#trs. t... denotes the travel distance in minutes by car between the
municipalities r and s®. The distance values are multiplied by 4, capturing how sensitive
knowledge spillovers are to time distance. In the regressions, we use different values for 1 in
order to test for robustness. All region-level variables refer to municipalities and are described

by:
(2) My, = Ly + Sxr

whereby My, denotes the region-level variable for accessibility to individuals with
characteristic x in municipality r and is the sum of I, the number of individuals with
characteristic x in municipality r, and the respective spillovers Sy. On this basis, we derive
variables for regional knowledge base concentrations by calculating the share of individuals
with an analytical, synthetic or symbolic knowledge base in the total regional workforce.

Furthermore, we are interested in the potential of firms to combine different knowledge bases
locally. This potential depends on the regional presence of analytical, synthetic and symbolic
knowledge, thus relates to the diversity between knowledge bases. In addition, we look at the
potential of firms to combine different skills and competences belonging to the same
knowledge base. This relates to the diversity of occupations within a specific knowledge base.
Between and within diversity of knowledge bases is captured with an entropy measure that

® The time-distance measure has been provided by the Swedish Transport Authority upon our request.



has correspondingly been used in studies on related and unrelated variety (Frenken, Van Qort,
and Verburg 2007).*

By definition, we classify four digit occupations exclusively under the three knowledge bases
and thus can use these two levels to decompose diversity between and within knowledge
bases. In our case, therefore, the share SH of knowledge base b in the total of all three
knowledge bases, where b=1,...,B, can be derived by summing up the shares sh of all
occupations 0, where o=1, ...,0, which are classified under the respective knowledge base K.’

(3) SHy = ZoeKb shy

Between diversity (BD), or the potential for combinations between knowledge bases, is given
by:

_ VB 1
(4)  BD =YE_ SH,log (SHb)
Within diversity (WD), or the potential for combinations within knowledge bases, is given by:
(5) WD = 25:1 SHbe

where:

— Sho 1
(6) Hb - ZoeKb SH, log <ShD/SHb>

Population density is the log of the number of inhabitants divided by the area. We include
population density to account for general urbanization (dis)economies in the sense of factors
related to urbanization which are not accounted for by the knowledge base measures, and
which can be either positive such as access to finance, access to markets and culture, or
negative, due to various congestion effects such as high real estate prices, crime rates, and
traffic jams (Parr 2002). Finally, we include border dummies for where the firm is located,
differentiating between Swedish inland, the east north coast, the east south coast, the west

* The use of the entropy measure to capture between and within diversity of knowledge bases is different from
measuring related and unrelated variety. While the related and unrelated variety measures are typically based on
industry sector codes, the knowledge base typology cuts across industry classifications, since different
knowledge bases can occur even in closely related sectors (e.g. a scientist and an engineer might work in the
same industry, even though having different knowledge bases). Hence, the distinction between knowledge bases
cut across the dichotomy of related and unrelated variety.

® Engineers and technicians of the same type are combined. This applies to the following occupation codes: 2131
and 2139; 2142 and 3112; 2143 and 3113; 2144 and 3114; 2145 and 3115; 2146 and 3116; 2147 and 3117; 2131
and 2139. A list of all occupation codes is provided in annex Al.



coast, the Norwegian border, and the Finnish border, because only domestic spillovers are
taken into account.®

Table 2 presents descriptive statistics for the regional variables. Sweden is divided into 290
municipalities, which differ significantly in size, population, and population density. The
municipalities in the urban centers around Stockholm, Gothenburg and Malmd are of much
smaller size than the municipalities in the less populated northern part of Sweden. The
smallest municipality is confined to less than 9 km? whereas the biggest extends to over
19,000 km?. The lowest population is only 2,500 inhabitants, which is in strong contrast to
Stockholm municipally with over 750,000 inhabitants. In order to account for these
disparities, the regional variables consider spillovers based on the time-distance to other
municipalities as explained above. Again, synthetic knowledge is most frequent, followed by
symbolic knowledge and analytical knowledge. As analytical knowledge concentrates not
only in firms, but also in universities and other public organizations, the differences are not as
large as at the firm-level.

Table 2 Region-level variables

. Observa Std. .

Variable tions Mean dev. Min Max
Regional analytical knowledge concentration (%) 290 0.83 0.84 0.00 5.77
Regional synthetic knowledge concentration (%) 290 5.42 2.46 0.77 13.32
Regional symbolic knowledge concentration (%) 290 1.15 0.71 0.26 4.18
Regional total knowledge concentration (%) 290 7.40 3.56 1.04  16.86
Regional knowledge between diversity (eq 4) 290 0.70 0.14 0.31 0.99
Regional knowledge within diversity (eq 5) 290 1.82 0.15 1.26 2.14
Population density (log) 290 3.46 1.55 -1.38 7.16

Note: Reported is the average for all five CIS waves at A = 0.100.

Figures 1-6 illustrate the spatial distribution of the regional variables by dividing the
municipalities into quantiles. The lowest quantile is shaded in the lightest grey whereas the
highest quantile is shaded in the darkest grey. Overall, we find strong concentrations of all
three knowledge bases in the main urban centers including the wider region of
Stockholm/Uppsala, Gothenburg as well as in the Malmé/Lund area (see Figures 1-3). Yet,
there are differences between these three regions. Symbolic and analytical knowledge is
concentrated especially in Stockholm/Uppsala, Gothenburg is characterized by a high level of
synthetic knowledge whereas Malmé/Lund scores high in particular as regards analytical
knowledge. The part of Sweden bordering Norway features, with a few exceptions, a
relatively low concentration of all three knowledge bases. In the northeastern part of Sweden,
we find that Umea region is characterized by a high concentration of analytical knowledge.
Synthetic knowledge dominates in the central part of Sweden, with the exception of
Linkoping, where also a high concentration of analytical knowledge can be observed. The

® For instance, there are likely to be strong cross-border knowledge spillovers between Sweden and Denmark, in
particular in the Copenhagen-Malmo area, which are not reflected in the data. Hence, the border dummies are
included to at least partly control for this source of bias.
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between diversity is especially high in the wider Stockholm/Uppsala area, in Malmé/Lund as
well as in Umea (see Figure 4). The within diversity, in contrast, is relatively low in these
regions, but high on the coast south of Stockholm, the coast north of Malmo, parts of central
Sweden, and in the greater Gothenburg area (see Figure 5). The total knowledge concentration
turns out to be particularly high in the three main urban centers, but also in some smaller
regions such as Linkoping and Umea (see Figure 6).
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Figure 1 Figure 2 Figure 3
Regional analytical concentrations Regional synthetic concentrations Regional symbolic concentrations

Quantile 3 Quantile 5 Quantile 5
uantile 1 ntile 1 uantile 1
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Figure 4 Figure 5 Figure 6
Between Diversity Within Diversity Regional total knowledge concentrations
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4. Empirical Analysis

Economic geographers and regional scientists have been long interested in comparative
regional analyses. Such regional comparisons often aim at examining various facets of
agglomeration economies, regional institutions and policies, where the aggregate level is the
appropriate unit of analysis. However, if the prime interest is in how regional factors affect a
problem that is rooted in micro behavior, such as the innovativeness of firms, it may be
problematic to project statistical inferences discovered at a higher level onto a lower level.
Aggregated analyses that assume relationships observed at regional level equally hold for the
firm-level may suffer from the so-called “ecological fallacy” (van Oort et al. 2012).

A complex contextual problem, such as the interplay between firm and regional knowledge
bases on the one hand and innovation in firms on the other, cannot be fully understood at any
single level of analysis (Beugelsdijk 2007; Srholec 2010). The success of a firm in innovation
can be described as driven by interactions of firm internal and regional knowledge bases, and
in particular the regional concentration, diversity and specialization of knowledge bases.
However, as the firm and not the region is the unit of the analysis that innovates, the firm is at
the center of our analytical framework. Hence, the general specification of the econometric
model to be estimated relates a dependent variable at the firm-level to predictor variables at
firm- and region-levels as follows:

(7) innOVit = (IKBjt + Bth + ’kait + 6Xit + PWk + 07 + &t

where i is a firm, j is a region, Kk is an industry and t is time, so the innovation output of a firm
(innovy) is the function of the regional knowledge base (KBj;), control characteristics of the
region (Xj), the knowledge base of the firm (kbj;), control characteristics of the firm (x;),
other relevant controls represented by industry (wy), temporal shocks (z;) and errors (&jr).

The focal point is the estimated impact of KBy, kbi; and their cross-level interactions, which
refer to the accessibility, combinations and diversity of knowledge bases. The vector of
regional control variables Xj; includes the population density (in logs) and the border
dummies, the vector x;; of firm-level controls consists of size given by the number of
employees (in logs), the dummy for being affiliated to a group and the dummy for exporters,
the battery of industry dummies wy detects differences in technological opportunities and the
set of time dummies z; accounts for shocks occurring in specific periods.

Because the dependent variable, namely the percentage of new to the market innovations in
turnover, is truncated by 0 from below and 100 from above, we use tobit models. To facilitate
the interpretation of the results, we standardize the regional predictors by deducting the mean
and dividing by the standard deviation, so these variables enter the estimate with mean of
zero and standard deviation equal to one. After this transformation, we can directly compare
the magnitude of the estimated regional effects because these predictors have a common scale
of units of standard deviation. Marginal effects for the unconditional expected value of the
dependent variable are reported; predictors are fixed at their means. Stata 13 has been used to
perform the estimates (for more details see Stata 2013a, pp. 2391-2397).

14



Table 3 gives the base results using ordinary pooled tobit to estimate the model, thus the
idiosyncratic errors € are conventionally assumed to be i.i.d. N(0, 62). Standard errors are
clustered at the municipal level in order to admit the actual variation of interest. As
benchmark, we allow for spillovers of the regional characteristics across municipal borders
with A = 0.100, which implies a relatively high decay. Nevertheless, the results are shown to
be robust to the decay parameter, unless spillovers reaching significantly beyond immediate
neighbours are allowed for. The specification of the model remains the same, except of the
KB;: variables, which are changing in order to test the impact of the different regional
knowledge base characteristics.

15



Table 3

The relationships of firm-level and regional knowledge bases (A = 0.100) and innovativeness of firms (% of new to the market
innovations in total turnover), pooled tobit

1) ) ©)
Regional Regional Regional within
knowledge base knowledge base diversity by
accessibility diversity knowledge base

Regional analytical knowledge concentration (%)
Regional synthetic knowledge concentration (%)
Regional symbolic knowledge concentration (%)
Regional total knowledge concentration (%)
Regional knowledge between diversity (eq 4)
Regional knowledge within diversity (eq 5)

Regional analytical knowledge within diversity (eq 6)
Regional synthetic knowledge within diversity (eq 6)
Regional symbolic knowledge within diversity (eq 6)
Population density (log)

Firm analytical knowledge (%)

Firm synthetic knowledge (%)

Firm symbolic knowledge (%)

Number of employees (log)

Member of a group (dummy)

Foreign sales (dummy)

0.269 (0.086)***
-0.025 (0.105)
0.085 (0.113)

0.009 (0.217)

0.081 (0.020)%**
0.049 (0.005)***
-0.003 (0.007)

0.289 (0.052)***
0.415 (0.146)***
2.783 (0.152)***

0.295 (0.164)*
0.239 (0.108)**
-0.024 (0.104)

-0.186 (0.201)

0.083 (0.019)***
0.049 (0.005)***
-0.004 (0.007)

0.289 (0.052)***
0.413 (0.146)***
2.787 (0.155)***

0.336 (0.158)**
0.341 (0.110)***

0.195 (0.105)*
-0.038 (0.101)
-0.020 (0.120)
-0.362 (0.216)*
0.082 (0.020)***
0.049 (0.005)***
-0.003 (0.008)
0.289 (0.053)***
0.414 (0.146)***
2.787 (0.155)***

Period dummies Yes Yes Yes
Industry dummies Yes Yes Yes
Border dummies Yes Yes Yes

F 53.12*** 55,13*** 49.01***
AIC 58,321.97 58,325.70 58,324.17
BIC 58,536.01 58,539.74 58,554.06
Log (pseudo)likelihood -29,133.98 -29,135.85 -29,133.08
Number of firms 10,110 10,110 10,110
Number of observations 20,482 20,482 20,482
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Note: Marginal effects for the unconditional expected value of the dependent variable are reported; for binary variables the marginal effects refer to discrete
change from 0 to 1; regional variables are standardized; standard errors clustered at the regional level are in brackets; ***, ** and * indicate significance at
the 1, 5, and 10 percent level.

17



In the first column of Table 3, we consider the impact of the accessibility to analytical,
synthetic and symbolic knowledge on the innovativeness of firms. On the one hand, the
analytical knowledge base comes out with a positive and highly statistically significant
coefficient, hence confirming the thesis that the regional access to this kind of knowledge is
directly beneficial for firms. On the other hand, however, the regional synthetic and symbolic
knowledge bases do not seem to make much difference, which indicates that their connection
to firm-level innovation is somewhat more complex, as further vindicated by the cross-level
interactions below.

Even though, moreover, the distinction between the knowledge bases is conceptually clear,
they turn out to be more difficult to differentiate empirically, because workers carrying the
various types of knowledge tend to collocate in the same areas. Not surprisingly, therefore,
the three variables measuring the knowledge base concentrations tend to be correlated in the
range from 0.50 to 0.70, which represents a challenge, when estimating their individual
impacts. Nevertheless, the problem of multicollinearity is not serious enough to undermine
the main findings, because the coefficient of analytical knowledge is highly statistically
significant, and because the results come out qualitatively similar, if the variables are
included in the model separately.

In the second column of Table 3, we examine the impact of the regional knowledge base
diversity using the entropy indicators delineated in the previous section. The main outcome is
that a location in regions with high between diversity, hence with a high potential for firms to
combine the three knowledge bases, is conducive to the innovativeness of firms, while a
location in regions that are only diversified within a particular kind of knowledge does not
seem to pay off. It does not mean, of course, that under special conditions there cannot be
outliers in this respect; however, the overall pattern in the data is that in order to facilitate
innovation a region needs to nurture different kinds of knowledge bases. Generally speaking,
the results strongly back the argument that regional diversity in knowledge bases positively
affects the innovation performance of firms.

Given the magnitude of the marginal effects, all else equal to the mean, a firm that operates in
a region with knowledge base between diversity one standard deviation above the mean,
which roughly corresponds to Malmg, is estimated to achieve an about 0.24 percentage points
higher share of innovative sales as compared to a firm located in a region, which exhibits
average conditions. Moreover, a firm is estimated to gain just thanks to the broadly
diversified knowledge base about 0.46 percentage points if located in Umea, 0.45 percentage
points in Uppsala and 0.30 percentage points in Stockholm; all three of which feature in the
top decile as regards between diversity. At the first glance, this might not seem that much.
But if compared to the sample mean of innovative sales of 3.83 percent, the estimated impact
actually represents an increase by about one eighth in the top regions, which is a tangible
contribution to the innovativeness of local firms.

Between diversity of knowledge bases tends to be negatively correlated with within diversity.
Only three out of 30 municipalities in the top decile in terms of between diversity at the same
time score above the mean on within diversity. Overall, only 65 municipalities score above
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the mean in both and merely two exceptions that prove the rule, namely Ystad and
Simrishamn, score simultaneously in the top quartiles. Even the main urban centers of
Stockholm and Malmo provide high between diversity but score relatively low on within
diversity, thus tend to be rather specialized within. So the prevailing pattern is that a region
excels in one or the other kind of diversity but very rarely in both of them.’

From this follows that a high between diversity of regional knowledge bases does not tend to
materialize from developing everything across the board but rather by combining access to a
broad between diversity with specialization in selected segments of each knowledge base. In
other words, the most favorable environment for innovation in practice can be found in
regions that have clearly defined strengths within each of the analytical, synthetic and
symbolic knowledge bases, thus those regions not chasing too many rabbits at once, but those
that facilitate combination between specific bits of the different knowledge bases. Hence, in
this respect the results call for smart specialization within the different knowledge bases,
while allowing for broad combinations between them.

In the third column of Table 3, we examine in more detail the impact of within diversity by
splitting the overall measure derived from Equation (5) into the underlying three sub-indices
delineated separately for each knowledge base in Equation (6). The results reveal that the
inconclusive coefficient of the overall within diversity detected in the previous estimate
conflates a weakly statistically significant positive impact of analytical knowledge within
diversity and slightly negative but statistically insignificant impacts of the within diversity of
synthetic and symbolic knowledge bases. In addition, the between diversity coefficient
increases noticeably and turns out statistically significant at 1% level, so the main finding
holds even stronger. From this result follows a refinement that the most beneficial
environment for innovation is a strong between diversity of knowledge bases derived
specifically from combining synthetic and symbolic specialization with analytical diversity,
although the latter coefficient suffers from a relatively large margin of error, so this
conclusion should not be overstated.

So far we have not discussed the firm-level knowledge base variables. All else equal to
average, ten percentage points increase of analytical and synthetic knowledge that is at firm’s
disposal in-house is estimated to lead to about 0.8 and 0.5 percentage points increase in
innovative sales, respectively. Thus the impact of the former is noticeably higher than the
latter, which again highlights the essential role of analytical knowledge, even inside of the
firms. Both of these coefficients come out highly statistically significant. Internal symbolic
knowledge does not seem to be important, though as shown later, plays a role in combination
with analytical knowledge. It is also noteworthy that the results of the firm-level knowledge
variables are remarkably stable, regardless of the regional variables.

" Note that this is not the artefact of how the diversity measures are computed, as maximum between diversity
can be achieved either by even distribution across the base categories, which at the same time entails maximum
within diversity, or by concentrating everything in a single based category in each group, which in turn entails
minimum within diversity. So by principle any combination of between and within diversity is feasible.
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As far as the remaining control variables are concerned, the results are largely in line with the
expectations. Population density comes out with a weakly statistically significant coefficient
in the last estimate only, the negative sign of which indicates that essential aspects of
urbanization economies have been successfully captured by the knowledge base variables, so
what remains left for this variable to account for are the adverse congestion effects. All three
structural features of the firm, namely the size, group and export variables, are as expected
positive and highly statistically significant across the board, hence confirmed to be highly
relevant to account for.

Appendix Table A2 reports the robustness of the estimates to higher and lower values of the
spillover decay parameter A. Only the results of the main variables of interest are presented
for the sake of saving space, where the rows correspond to the columns in the previous table.
A lower decay parameter implies a wider distribution of the respective knowledge in space,
which evens out the regional differences, and in turn leads to higher correlation of the
between and within diversity indexes. For example, the correlation coefficient is -0.13 for A =
0.150, -0.19 for A = 0.125, -0.30 for A = 0.100, -0.45 for A = 0.075, -0.64 for A = 0.050 and
already as much as -0.77 for A = 0.025. Hence, A < 0.050 is not considered due to
multicollinearity concerns.?

Overall, the main results appear robust to the decay parameter. Interestingly, however, the
estimated marginal effect of analytical knowledge accessibility decreases with A, while the
opposite tendency has been detected for both the between diversity and the within diversity of
analytical knowledge. In other words, the relevance of the diversity measures seem to be
confined to smaller areas, hence more local in nature, while the analytical knowledge
accessibility impacts tend to spread much wider. Also the between diversity coefficient
becomes statistically insignificant at the conventional levels in the second specification with
low A, as the multicollinerity starts to kick in. However, the results remain in favor of
supporting that between diversity of regional knowledge bases is what primarily matters for
innovation.

Admittedly, it is advisable to control not only for observable firm-level characteristics on
which firm potentially sort out themselves in space, such as most prominently their internal
knowledge bases, but also for their unobservable individual characteristics that may matter
for the innovation output. For example, the latter include various time-invariant
characteristics, which are not available in the data and/or difficult to measure, thus not
properly accounted for in the estimate, such as the entrepreneurial spirit, latent capabilities or

8 |t should be further noted that A = 0.150 leads to accessibility figures that are close to the original municipal
level variables, i.e. without considering any spillovers altogether. More specifically, the correlation coefficients
between the accessibility based on A = 0.150 and the municipal variables are 0.70 and 0.63 for between and
within diversity, respectively. The main difference is in the broader Stockholm area, where the municipalities
are very small with short distances between each other and at the same time where knowledge bases are
concentrated, so the spillovers remain strong even with a high decay.

20



risk profiles of firms. If these characteristics are not taken into account, the estimated
coefficients may be biased, because of picking up their impacts.

Finally, therefore, we repeat the estimates with the help of panel data methods, namely the
random effects tobit estimator. Note that estimating a fixed effects model that would be
generally preferable is not a real option for us here, because the number of periods in the
sample is rather limited, and thus some of the key predictors are nearly time-invariant. Hence,
for this purpose, the composite error term is decomposed in two elements, i.e. gjt = Wi + Vi,
which include unobserved individual effects (u;) and other time-variant unobserved variables
(vit), where p;, are conventionally assumed to be i.i.d. N(0,0;7) independently of v (for more
details see Stata 2013b, pp. 430-437).

Table 4 provides the results. At the bottom of the table, the estimated unobserved individual
effects (w;) are reported, i.e. the so-called variance components, and consequently p, which is
the proportion of the total variance attributed to the individual component. If p is close to
zero, the unobserved individual effects do not account for the outcome and thus the panel
estimator is not more efficient than the pooled estimator, which is clearly not the case. A
likelihood-ratio test has been performed whether p is different from zero confirms that the
unobserved individual variance is quite substantial. From this follows that the random effects
tobit is more efficient than ordinary pooled tobit.

Nevertheless, the random effects tobit estimator might not be consistent, if the underlying
orthogonality assumptions do not hold, which is quite likely in this model. Not much could
have been done about this directly, because valid instrumental variables are not available,
which is admittedly a chronic problem for empirical research on innovation. As a crude
indication to which extent this is a problem, it is instructive to compare results of the pooled
and panel estimators. If the difference is negligible, the bias is likely to be small and vice
versa. Fortunately, a cursory comparison reveals that the results give a qualitative very
similar picture regardless of the estimator. The estimated coefficients come out very similar
in magnitude and the levels of statistical significance are nearly identical. Hence, this source
of bias seems to be largely inconsequential, which is reassuring.
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Table 4

in total turnover), tobit with firm random effects

1)
Regional
knowledge base
accessibility

)
Regional
knowledge base
diversity

The relationships of firm-level and regional knowledge bases (A = 0.100) and innovativeness of firms (% of new to the market innovations

®)
Regional within
diversity by
knowledge base

Regional analytical knowledge concentrations (%)
Regional synthetic knowledge concentrations (%)
Regional symbolic knowledge concentrations (%)
Regional total knowledge concentrations (%)
Regional knowledge between diversity (eq 4)
Regional knowledge within diversity (eq 5)

Regional analytical knowledge within diversity (eq 6)
Regional synthetic knowledge within diversity (eq 6)
Regional symbolic knowledge within diversity (eq 6)
Population density (log)

Firm analytical knowledge (%)

Firm synthetic knowledge (%)

Firm symbolic knowledge (%)

Number of employees (log)

Member of a group (dummy)

Foreign sales (dummy)

0.289 (0.070)***
-0.100 (0.119)
0.071 (0.113)

0.070 (0.229)

0.081 (0.013)***
0.047 (0.004)***
-0.005 (0.008)

0.240 (0.054)***
0.433 (0.156)***
2.547 (0.153)***

0.229 (0.138)*
0.235 (0.107)**
-0.057 (0.110)

-0.148 (0.163)

0.084 (0.013)***
0.047 (0.004)***
-0.005 (0.008)

0.239 (0.054)***
0.432 (0.157)***
2.551 (0.153)***

0.281 (0.130)**
0.343 (0.107)***

0.178 (0.097)*
-0.041 (0.100)
-0.017 (0.133)
-0.321 (0.193)*
0.084 (0.013)***
0.048 (0.004)***
-0.005 (0.008)
0.239 (0.054)***
0.434 (0.156)***
2.550 (0.153)***

Period dummies Yes Yes Yes
Industry dummies Yes Yes Yes
Border dummies Yes Yes Yes
Wald ¥? 1,212.39%** 1,207.71%** 1,210.64***
o(p) 19.899 (0.513)***  19.900 (0.513)*** 19.885 (0.513)***
p 0.393 0.393 0.392
AIC 57,564.20 57,569.63 57,570.37
BIC 57,786.16 57,791.59 57,808.19
Log (pseudo)likelihood -28,754.10 -28,756.81 -28,755.19
Number of firms 10,110 10,110 10,110
Number of observations 20,482 20,482 20,482

Note: Marginal effects for the unconditional expected value of the dependent variable are reported; for binary variables the marginal effects refer to discrete
change from 0 to 1; regional variables are standardized; standard errors are in brackets; ***, ** and * indicate significance at the 1, 5, and 10 percent level.
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Next, we turn to the connection between in-house combinations of knowledge bases and the
innovativeness of firms. Table 5 reports the marginal effects of firm internal analytical,
synthetic and symbolic knowledge bases for firm innovativeness at certain levels of the
respective other firm internal knowledge bases. This analysis addresses the research question
about which types of firm internal knowledge bases and combinations thereof are most
conducive to innovation. In order to investigate this question, we add interaction terms for the
firm-level shares of analytical, synthetic and symbolic knowledge to the base models
presented in the first column of Tables 3 and 4.

As regards the interplay between analytical and synthetic knowledge, we find that the
marginal effect of analytical knowledge augments for higher levels of synthetic knowledge
(column 1) and likewise, a higher marginal effect of synthetic knowledge is shown for higher
levels of analytical knowledge (column 3). The results provide evidence for a substantial
synergy effect between analytical and synthetic knowledge. All else being equal, a 10
percentage points increase of analytical knowledge leads to a 0.7 percentage points increase in
sales of innovative products for firms that have a 5% share of synthetic knowledge whereas it
leads to a 2.2 percentage points increase for firms with a 50% share of synthetic knowledge.

Further, the analysis reveals strong synergies between analytical and symbolic knowledge.
Symbolic knowledge has no effect for firms without analytical knowledge. In sharp contrast, a
10 percentage points increase in symbolic knowledge is associated with a 13 percentage
points increase in sales of innovative products for firms with a 50% share of analytical
knowledge (column 5). Furthermore, the effect of analytical knowledge on firm
innovativeness increases for higher levels of symbolic knowledge (column 2). However, no
synergies can be observed between synthetic and symbolic knowledge. Symbolic knowledge
remains insignificant at different levels of synthetic knowledge (column 6). Also synthetic
knowledge has only a small marginal effect on the innovativeness of firms at different levels
of symbolic knowledge. Due to the large standard error, this effect becomes insignificant at
higher levels of symbolic knowledge (column 4).
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Table 5 Marginal effects including interaction terms of firm-level knowledge bases

Marginal effects of firm-  Marginal effects of firm-  Marginal effects of firm-

level analytical level synthetic level symbolic
knowledge knowledge knowledge
at share of firm- (1) 2 (3) 4) (5) (6)
level knowledge synthetic symbolic analytical symbolic analytical synthetic
Pooled tobit
0% 0.062*** 0.065*** 0.047*** 0.048*** -0.007 -0.002
(0.015) (0.019) (0.005) (0.005) (0.009) (0.009)
5%  0.073*** 0.128*** 0.061*** 0.050***  0.060*** -0.001
(0.0161) (0.022) (0.006) (0.006) (0.018) (0.007)
25%  0.127*** 0.384*** 0.137*** 0.059***  0.476*** 0.008
(0.029) (0.078) (0.037) (0.022) (0.128) (0.0184)
50%  0.221*** 0.709*** 0.287** 0.069 1.381*** 0.0241
(0.063) (0.170) (0.114) (0.044) (0.407) (0.051)
75%  0.347*** 1.042%** 0.496** 0.080 2.733*** 0.047
(0.113) (0.284) (0.228) (0.067) (0.830) (0.098)
Tobit with firm
random effects
0%  0.064*** 0.071*** 0.046*** 0.047*** -0.007 -0.004
(0.015) (0.015) (0.004) (0.004) (0.009) (0.008)
5%  0.074*** 0.116*** 0.057*** 0.048*** 0.041* -0.003
(0.014) (0.021) (0.006) (0.005) (0.022) (0.008)
25%  0.120*** 0.296*** 0.121*** 0.053*** 0.335** 0.003
(0.020) (0.010) (0.031) (0.016) (0.159) (0.016)
50%  0.198*** 0.519** 0.244*** 0.060* 0.971** 0.014
(0.048) (0.208) (0.089) (0.033) (0.468) (0.040)
75%  0.301*** 0.740** 0.413** 0.066 1.922** 0.029
(0.092) (0.327) (0.176) (0.050) (0.934) (0.076)

Note: Marginal effects for the unconditional expected value of the dependent variable are reported.
Standard errors are in parentheses (clustered at the municipal level in the pooled tobit); ***, ** and *
indicate significance at the 1%, 5% and 10% level. All other variables are kept at the mean.
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Finally, we investigate interaction effects between firm- and region-level knowledge bases.
Table 6 presents the marginal effects of the regional knowledge bases for firm innovativeness
at certain levels of firm internal analytical, synthetic or symbolic knowledge.Similarly to the
exercise above, we add the interaction terms between firm-level and region-level knowledge
base shares to the base models presented in the first column of Tables 3 and 4.

On the one hand, regional concentrations of analytical knowledge have not only a prevailing
positive effect on firm innovativeness, as already presented above, the marginal effects even
increase for higher shares of firm-level analytical, synthetic or symbolic knowledge. The
marginal effects are significant for all three knowledge base types with the exception of high
levels of symbolic knowledge, for which standard errors are large. Not surprisingly, the firms
with strong internal knowledge bases, thus with a high absorptive capacity, benefit more from
the analytical knowledge available regionally.

On the other hand, a regional concentration of synthetic knowledge is negatively related to
innovation performance of firms that have a high internal share of synthetic knowledge. As
the traditional manufacturing regions are characterized by a high share of synthetic
knowledge, this result hints to possible lock-in effects for local firms dominated by a synthetic
knowledge base. In contrast, regional concentrations of synthetic knowledge have a
significant positive effect on the innovativeness of firms with high levels of analytical
knowledge. This indicates that firms dominated by an analytical knowledge base are relatively
more innovative in traditional manufacturing regions. In other words, combining synthetic
and analytical knowledge at the firm and regional levels, respectively, create positive
synergies.
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Table 6

Marginal effects of regional
analytical knowledge

Marginal effects of regional
synthetic knowledge

Marginal effects including interaction terms between knowledge bases at the level of the firms and regions

Marginal effects of regional

symbolic knowledge

at share of firm- 1) (2 (3) 4) (5) (6) (7 (8) 9)

level knowledge analytical synthetic symbolic analytical synthetic symbolic analytical synthetic symbolic
Pooled Tobit

0%  0.231** 0.179** 0.223** -0.109 0.068 -0.035 0.113 0.109 0.102

(0.090) (0.080) (0.096) (0.114) (0.112) (0.117) (0.115) (0.099) (0.116)

5%  0.262*** 0.200** 0.253*** 0.206 0.022 -0.103 0.028 0.106 0.098

(0.083) (0.083) (0.082) (0.159) (0.111) (0.109) (0.121) (0.105) (0.113)

25%  0.402*** 0.305*** 0.373** 1.733** -0.244** -0.372 -0.388 0.084 0.078

(0.117) (0.106) (0.153) (0.755) (0.124) (0.239) (0.317) (0.134) (0.127)

50%  0.626** 0.481*** 0.521 4.306** -0.769*** -0.706 -1.093 0.024 0.055

(0.258) (0.178) (0.323) (1.804) (0.230) (0.488) (0.757) (0.193) (0.183)

75%  0.908** 0.711** 0.667 7.701** -1.543*** -1.036 -2.028 -0.079 0.031

(0.456) (0.305) (0.503) (3.301) (0.447) (0.759) (1.393) (0.283) (0.255)
Tobit with firm
random effects

0%  0.260*** 0.202*** 0.252*** -0.177 0.002 -0.107 0.075 0.070 0.067

(0.075) (0.077) (0.077) (0.125) (0.121) (0.127) (0.118) (0.107) (0.120)

5%  0.271*** 0.225*** 0.275%** 0.092 -0.049 -0.183 0.013 0.069 0.066

(0.079) (0.075) (0.077) (0.148) (0.121) (0.131) (0.130) (0.111) (0.119)

25% 0.313 0.333*** 0.364** 1.497%** -0.326** -0.488 -0.314 0.059 0.064

(0.221) (0.085) (0.172) (0.482) (0.150) (0.312) (0.339) (0.136) (0.174)

50% 0.362 0.511*** 0.476 4.099***  -0.855*** -0.865 -0.925 0.029 0.062

(0.562) (0.163) (0.333) (1.182) (0.288) (0.609) (0.855) (0.202) (0.298)

75% 0.402 0.741** 0.586 7.755%**  -1.620*** -1.240 -1.786 -0.024 0.060

(1.060) (0.312) (0.497) (2.302) (0.540) (0.923) (1.636) (0.318) (0.435)

Note: Marginal effects for the unconditional expected value of the dependent variable are reported. Standard errors are in parentheses (clustered at the
municipal level in the pooled tobit); ***, ** and * indicate significance at the 1%, 5% and 10% level. All other variables are kept at the mean.
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5. Conclusions

Overall, the results confirm that the knowledge base typology provides a fruitful analytical
framework to differentiate between various types of knowledge that enter into the innovation
process. While analytical, synthetic and symbolic knowledge bases are distinct categories
with regards to the nature and the rationale for knowledge creation, the estimates strongly
support the combinatorial thesis proposed by Manniche (2012) and Strambach and Klement
(2012) that innovation is stimulated by cross-fertilization between more than one knowledge
base. More specifically, the key findings are fourfold.

First, as far as the firm internal combinations are concerned, the econometric results are in
line with the qualitative findings of Moodysson (2008) and Martin and Moodysson (2011)
that firms use different types of knowledge in innovation. In particular, we find strong
synergies between analytical and synthetic as well as analytical and symbolic knowledge
bases. Symbolic knowledge turns out to be a catalyst of innovation only if combined with
analytical knowledge. The results, therefore, provide a more differentiated picture about
which combinations matter most and refine the argument typically made in the knowledge
base literature, see, for instance, Asheim, Boschma, and Cooke (2011), that all three
knowledge bases are equally relevant. Even though this thesis might be valid from an
epistemological perspective, it does not hold true with regards to the impact on innovation
outcome.

Second, the results back the argument made by Asheim and Gertler (2005) and others that
these complementary knowledge bases are not only present within the firm but also sourced
from their regional milieu. In this respect, the main finding is that between diversity, that is,
the regional potential for broad combinations across the three knowledge bases, trumps
within diversity, that is, the regional potential to combine different skills and competences
within one knowledge base. Nevertheless, the underlying evidence does not collapse into a
“more of everything” kind of advice, which is arguably not very insightful for policy
guidance, as the resources at hand are always limited. Instead, the results call for a strategy of
smart specialization within the knowledge bases, while allowing for diversified combinations
between them. Regional policy should aim at promoting interfaces between the knowledge
bases. This resonates well with platform policies, as advocated by Asheim, Boschma, and
Cooke (2011) or smart specialization policies (Foray 2009; Foray, David, and Hall 2011),
which are likely to stimulate regional innovation and growth, if carefully customized to the
specific regional context.

Third, this paper sheds new light on how innovation performance is influenced by the
interplay between knowledge bases at the level of the firm and those available in the region.
The results indicate that access to a strong analytical knowledge base in the region, provided
typically by a strong science and higher education system, has a direct positive impact, while
regional synthetic and symbolic knowledge only makes a difference for innovation
performance depending on firm internal knowledge bases. One finding that meets the eye is
that there is a tendency for adverse effects, hence a lock-in situation, if both firms as well as
other regional actors specialize in synthetic knowledge. This finding resonates well with
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literature on old industrial regions (Grabher 1993; Tdodtling and Trippl 2004; Hassink 2005),
which again calls for a strategy of knowledge base diversification, especially in
manufacturing regions. Moreover, symbolic knowledge regardless of whether firm internal or
present within a region boosts innovation in combination with other knowledge bases but not
on its own. Hence, firms need a solid analytical and/or synthetic knowledge base in order to
benefit from the injection of symbolic knowledge for innovation.

Admittedly, policy makers need to understand the cross-level interactions of knowledge bases
if they are to be successful at promoting innovation. On one hand, policies should strengthen
firm internal knowledge bases that enable firms to benefit more from the knowledge available
in the region. On the other hand, policy should furnish firms with the type of knowledge that
they are lacking internally in order to forge the most productive combinations. After all, the
regional conditions have a tangible impact, but at the same time much depends on what firms
are capable of doing themselves. One can at least partly compensate one for the other, but the
most powerful forces boosting innovation are unleashed with their joint effects.

It is fully acknowledged that knowledge bases are still measured imperfectly by occupational
data. Nevertheless, the information on the type of work an individual is performing, and the
level of skill usually required to perform this work, is probably as close as it gets given the
existing data for inferring on knowledge bases. A more fine-grained account of the
underlying knowledge bases remains the sanctuary of detailed case studies, though; we need
quantitative evidence on this topic in order to forge the much needed synergy between
different methodological approaches that is often unexploited in the literature. Another major
limitation is that despite best efforts to reduce the omitted variables problem, there are
inherent endogeneity issues that could not be tackled directly, because valid instruments are
not available in the data, which is admittedly a chronic problem for empirical research on
innovation. Hence, one needs to be careful to infer on causality. It remains a challenge for
future research to address these caveats as soon as even richer data become available in the
future.
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Appendix

Table Al: Occupation groups with analytical, synthetic and symbolic knowledge base

Occupations group (SSYK 96)

Analytical occupations

2111 Physicists and astronomers

2112 Meteorologists

2113 Chemists

2114 Geologists and geophysicists

2121 Mathematicians and related professionals

2122 Statisticians

2131 Computer systems designers, analysts and programmers with PhD degree*
2139 Computing professionals not elsewhere classified

2211 Biologists, botanists, zoologists and related professionals

2212 Pharmacologists, pathologists and related professionals

2213 Agronomists and related professionals

2310 College, university and higher education teaching professionals
Synthetic occupations

2131 Computer systems designers, analysts and programmers without PhD degree*
2142 Civil engineers

2143 Electrical engineers

2144 Electronics and telecommunications engineers

2145 Mechanical engineers

2146 Chemical engineers

2147 Mining engineers, metallurgists and related professionals

2148 Cartographers and surveyors

2149 Architects, engineers and related professionals not elsewhere classified
3111 Chemical and physical science technicians

3112 Civil engineering technicians

3113 Electrical engineering technicians

3114 Electronics and telecommunications engineering technicians

3115 Mechanical engineering technicians

3116 Chemical engineering technicians

3117 Mining and metallurgical technicians

3118 Draughtspersons

3119 Physical and engineering science technicians not elsewhere classified
Symbolic occupations

2141 Architects, town and traffic planners

2431 Archivists and curators

2451 Authors, journalists and other writers

2452 Sculptors, painters and related artists

2453 Composers, musicians and singers

2454 Choreographers and dancers

2455 Film, stage and related actors and directors

2456 Designer

3131 Photographers and image and sound recording equipment operators
3471 Decorators and commercial designers

3472 Radio, television and other announcers

3473 Street, night-club and related musicians, singers and dancers

3474 Clowns, magicians, acrobats and related associate professionals
3476 Stage managers, prop masters, etc.

Note: The Swedish classification of occupational groups SSYK 96 builds on the International
Standard Classification of Occupations ISCO-88.
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* Investigating job descriptions, we found that the category “Computer systems designers, analysts
and programmers” was on the border line between analytical and synthetic knowledge. We therefore
combined the occupational code with educational information and classified those with PhD
education as analytical and those without as synthetic.
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Table A2: The relationship of regional knowledge base and innovativeness of firms by the spillover decay parameter (A), pooled tobit

1) ) ®) (4)

A =0.150 A =0.125 A =0.075 A =0.050
Regional knowledge base accessibility:
Regional analytical knowledge concentration (%) 0.251 (0.075)***  0.260 (0.080)***  0.281 (0.099)***  0.285 (0.129)**
Regional synthetic knowledge concentration (%) -0.020 (0.100) -0.016 (0.102) -0.054 (0.109) -0.068 (0.121)
Regional symbolic knowledge concentration (%) 0.038 (0.094) 0.066 (0.103) 0.081 (0.122) 0.066 (0.131)
Regional knowledge base diversity:
Regional knowledge between diversity (eq 4) 0.263 (0.105)** 0.256 (0.106)** 0.220 (0.112)** 0.167 (0.121)
Regional knowledge within diversity (eq 5) -0.005 (0.105) -0.013 (0.104) -0.032 (0.109) -0.073 (0.119)
Regional within diversity by knowledge base:
Regional knowledge between diversity (eq 4) 0.356 (0.115)***  0.361 (0.115)***  0.311 (0.103)***  0.267 (0.102)***
Regional analytical knowledge within diversity (eq 6) 0.180 (0.104)* 0.198 (0.106)* 0.173 (0.104)* 0.120 (0.109)
Regional synthetic knowledge within diversity (eq 6) -0.039 (0.104) -0.044 (0.102) -0.020 (0.104) -0.031 (0.124)
Regional symbolic knowledge within diversity (eq 6) -0.043 (0.118) -0.035 (0.120) 0.001 (0.120) 0.049 (0.121)

Note: Marginal effects for the unconditional expected value of the dependent variable are reported are reported; for binary variables the marginal effects refer
to discrete change from 0 to 1; regional variables are standardized; standard errors clustered at the regional level are in brackets; ***, ** and * indicate
significance at the 1, 5, and 10 percent level.
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