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Abstract

This paper examines variation in a productivity growth within a given

location and between di�erent locations. Implementing a dynamic panel

data approach on Swedish micro data, we test the separate and comple-

mentary e�ect of innovation and spillovers from the local milieu. Mea-

suring potential knowledge spillover by access to knowledge intensive ser-

vices, the estimation results produce strong evidence of di�erences in the

capacity to bene�t from external knowledge among persistent innovators,

temporary innovators and non-innovators. The results are consistent re-

gardless of whether innovation e�orts are measured in terms of the fre-

quency of patent applications or R&D investments. We do not �nd any

di�erences in growth among non-innovative �rms across locations, while

the growth rate increases with the access to external knowledge for inno-

vative �rms and especially for persistent innovators.

Keywords: Innovation, spillovers, productivity, TFP-growth

JEL-Codex: C23, O31, O32

∗Centre of Excellence for Science and Innovation Studies, Royal Institute of Technology
Stockholm
†Corresponding author
‡Centre of Excellence for Science and Innovation Studies, Royal Institute of Technology

Stockholm
§Centre of Excellence for Science and Innovation Studies, Royal Institute of Technology,

Jönköping International Business School, CIRCLE at Lund University

1



1 INTRODUCTION

Given the attention that �rms' engagement in research and innovation and their
geographical location have attracted in the last decades, surprisingly few studies
have been able to assess the separate and complementary e�ect of these two
production factors within the same framework.

In order to �ll this gap, our paper provides empirical evidence on the impact
of internal knowledge generation and knowledge spillovers from neighbouring
�rms on �rms' productivity growth. We proxy the �rst factor by the frequency
of innovation e�orts, and the second by the intensity of local knowledge sources.

In a dynamic framework, we then consider various innovation strategies in a
particular location, and a particular innovation strategy in di�erent locations.
Using this methodology, we are able to test if �rms with persistent frequency of
innovation activities can overcome a low level of external knowledge potential,
and whether a high external knowledge potential can compensate for a low level
of internal knowledge.

Our empirical analysis applies to Swedish �rm-level observations on manufac-
turing and service �rm and we study two di�erent time periods. In cases where
patent applications are used to capture the innovation strategy (or internal
knowledge generation) of the �rm, the period studied extends from 1997 to
2008. In the second case, where R&D engagement information is used, the
study employs survey data from three consecutive Swedish Community Innova-
tion Surveys (CIS), covering the period 2002-2008. We use access to knowledge-
intensive producer services as indicator for the mass or amount of in�uential
external knowledge in the local milieu. In the empirical analysis, the paper
identi�es 35 Swedish producer-service industries at the 5-digit level in which
more than 30 per cent of employees have a university degree. These services in-
clude ICT services, engineering R&D and engineering services, �nancial services,
and the brokerage and recruitment of manpower.

The estimation results produce strong evidence of di�erences in the capacity
to bene�t from external knowledge among persistent innovators, temporary in-
novators and non-innovators. The results are consistent regardless of whether
innovation e�orts are measured in terms of the frequency of patent applica-
tions or R&D investments. We do not �nd any di�erences in growth among
non-innovative �rms across locations, while the growth rate increases with the
access to external knowledge for innovative �rms.

The remainder of the paper is organised as follows: The next section discusses
the relevant literature on internal and external knowledge and clari�es our the-
oretical assumptions. It also presents the hypotheses to be tested. Section 3
describes the data, and Section 4 introduces the testing strategy and the associ-
ated model speci�cations. Section 5 discusses and interprets the main �ndings,
and Section 6 concludes.
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2 LITERATURE REVIEWANDHYPOTHESES

The objective of our research is to clarify the idea of a symbiotic relationship be-
tween research and innovation (R&I) and spillovers by distinguishing between
di�erent levels and combinations of internal and external knowledge. In this
section we will motivate our hypotheses by �rst brie�y review literature on
heterogeneity and persistence concerning �rms' productivity and innovation ac-
tivities. We then consider literature on spatial proximity to knowledge with
business potential. Finally, we discuss literature on knowledge-intense producer
service, and our intention is to show that this category of enterprises play an
important role in the process of knowledge spillovers. Based on the reviewed
literature, we formulate the four hypotheses about innovation and the local en-
vironment to be tested on two di�erent panels of �rms in 290 di�erent Swedish
municipalities.

2.1 Innovation, location and spillovers

A growing body of empirical literature documents the existence of performance
heterogeneity across �rms and establishments. This observation remains valid
for several performance measures, including pro�tability, productivity and growth
(Bartelsman and Doms, 2000). To a large extent, the heterogeneity also tends to
persist over long periods (Mueller 1986, Cubbin and Geroski 1987, Geroski and
Jacquemin 1988, Geroski 1998, Gschwandtner 2004, Syverson 2004 and 2011,
Dosi 2007). Surveying the micro literature, Dosi and Nelson (2010) �nd that
the heterogeneous productivity pattern can be explained by di�erent abilities
to innovate and/or adopt innovations developed elsewhere.

Previous studies have documented that in most �elds of innovation and technol-
ogy, progress is cumulative in the sense that today's e�orts build on preceding
e�orts. Prior experience from related projects can create internal capabilities
within organisations, and learning economies and these categories of internal
spillovers tend to reduce the costs of new innovation (Nelson and Winter 1982;
Attewell 1992; Cohen and Levinthal 1990; Åstebro 2002; Phene and Almeida,
2008, Teece 2010). Thus, the continuity of innovation e�orts ensures the accu-
mulation of internal knowledge, whereas disruption can cause the erosion and
obsolescence of acquired skills, routines and technology.

The overall picture that emerges from recent empirical studies, however indi-
cates that many �rms are not at all engaged in innovation and R&D activities,
some are innovation active only occasionally, and others remain persistently in-
novation active over periods of years (Ce�s and Orsenigo, 2001, Duguet and
Monjon 2002, Klette and Kortum 2004, Peters 2009, Peters et al. 2013).

The literature suggests various explanations for �rms' selection into persistence
of innovation or not. One element of the literature stems from evolutionary
theory and emphasises the importance of technological trajectories. Along the
technological trajectory, �rms learn by innovating and developing organisational
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competencies (Raymond et al. 2010). Other explanations include the relation-
ships between innovation and market power or �nancial constraints as selection
mechanisms (Brown et al. 2009).

Firms do not learn solely from internal spillovers. A common element of many
theoretical propositions in the productivity literature and related economic mod-
els (Marshall 1890, Arrow 1962, Jacobs 1969, Romer 1986, Porter 1990) is the
hypothesis that a �rm or an industry bene�ts from spatial proximity to knowl-
edge. The presence of external knowledge �ows should reveal itself in social
returns to innovation e�orts in addition to private returns1.

Similar to the heterogeneity in performance across �rms, there is also het-
erogeneity across regions and �rms concerning distribution and absorption of
spillovers. Numerous studies have clari�ed that the social rate of return is
larger in agglomeration areas, and that knowledge �ows decline in volume and
intensity as the distance between origin and destination grows.2 3

A local environment with a wide spectrum of knowledge resources and a wide
range of quali�cations and competence pro�les regarding the labour supply pro-
vides rich opportunities for knowledge exchange and creative interaction be-
tween �rms and individuals. As a rule, these features apply to large urban
regions in which the knowledge potential is higher than elsewhere. The impor-
tance of proximity between suppliers and buyers of knowledge-intensive producer
services can be linked to the theory of agglomeration economies in large urban
regions, according to which large regions o�er companies more positive external-
ities than small regions. Fujita and Thisse (2002) describe this phenomenon as
�communication externalities�. They measure the extent of the agglomeration
advantage of a single �rm by the company's accessibility to other companies.

A growing number of studies (Arora and Gambardella 1994, Hagedoorn 2002,
Cassiman and Veugelers 2002 and 2006, Escribano et al. 2009, to mention
a few) emphasize the importance of in-house capacity for absorbing external
knowledge, consistent with seminal papers by Cohen and Levinthal (1990) and

1In a recent analysis based on technology �ows across industries, Wol� (2012) �nds that
the direct rate of return to R&D in the US between 1958 and 2007 was 22%, whereas the
indirect rate of return to R&D was 37%.

2Friction costs vary for both non-market spillover and commercial transfers because of
communication distances. Distance frictions increase when knowledge is complex (Beckmann
2000) and when it is tacit (Polanyi 1966). Knowledge also has a tendency to be spatially
sticky (von Hippel 1994).

3Consistent with predictions from gravity models, Glaeser and Gottlieb (2009) estimate
that the elasticity of income with respect to city size in the U.S. is within the range of 0.04-0.08
for di�erent model speci�cations. The size of the estimates is comparable with estimates by
Ciccone and Hall (1996), who �nd that a doubling of employment density in a county results
in a 6% increase in average labour productivity. Using patent data, several studies indicate
that the number of cross-citations signi�cantly decreases as distance increases (Maurseth and
Verspagen 1999, Verspagen and Schoenmakers 2000). Testing hypotheses on variety, Frenken,
van Oort, and Verburg (2007) report that Dutch regions with a high degree of related variety
had the highest rates of growth in employment. Focusing explicitly on innovations, Brouwer
et al. (1999) demonstrate that �rms located in agglomerated Dutch regions tend to produce
larger numbers of new products than �rms located in more rural regions. Similar result is
reported by Doloreux and Shearmur (2012).
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Rosenberg (1990). This research question the widespread assumption in eco-
nomic geography that is all �rms in a milieu such as a cluster or an agglomeration
may bene�t from access to a high concentration of specialized, supplemented
or varied knowledge di�used through voluntary and involuntary mechanisms.
Further counterarguments are provided by recent research on ICT clusters in
Cambridge (Huber 2012) and agglomerations in Sweden (Lööf and Johansson,
2012), which both argue that a large fraction of �rms do not have any real
bene�t or only limited bene�t from being located in knowledge-intensive places.

However, the general importance of access to external knowledge tend to increase
in a knowledge-based innovation driven economy. In their survey of the liter-
ature, Breschi and Lissoni (2001) conclude that �when �rms are constantly in-
novating and are frequently changing process and product con�gurations, there
is the need to be close to a constellation of allied �rms and specialised suppli-
ers to smooth input-output linkages�. Consistent with this reasoning, several
work suggest that a focusation only on internal knowledge and the develop-
ment of internal capabilities and routines is no longer su�cient for coping with
challenges such as shorter product life cycles, greater technological complexity,
more specialised knowledge and increasing cost. Therefore, �rms need to tao
into external knowledge sources. For early contribution within this strand of
the literature, see Kogut and Zander (1992).

Producer services generally represent market-supporting services that improve
the allocating e�ciency of a the economy and thus enhance productivityof in-
dividual �rms. Knowledge-intensive producer services expand the potential for
�rms to interact with a wide range of knowledge-intensive services, providing
rich opportunities for knowledge exchange and creative interaction that even-
tually results in technological development based on process and/or product
innovation. In both cases, the buyer of the services will bene�t from agglom-
eration externalities because knowledge-intensive service �rms seek to sell their
services and specialised knowledge to more than one client company, indirectly
transmitting novel concepts and solutions from one customer to another.

A non-negligible fraction of the knowledge �ows across �rms are related to links
outside the nearby milieu of the �rms. Several groups of previous studies address
this issue, such as the literature on (i) multinational corporations (e.g., Almeida
and Phene 2012, Nobel and Birkinshaw 1998), (ii) strategic alliances and R&D
collaboration (Hagedoorn 2002, Belderbos et al. 2012), (iii) urban economics
(Saxenian 1990, Almedia 1996) and (iv) cognitive proximity (Nooteboom et
al. 2007, Lychagin et al. 2010). Although the question of knowledge �ows
from more distant locations is beyond the scope of our study, we account for
remote knowledge di�usion to some extent by including foreign and domestic
multinational corporate ownership among the controls.

2.2 General approach and hypotheses

The general approach of this paper is the following: First, we group the ob-
served Swedish �rms into three categories re�ecting their internal knowledge.
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Second, the external knowledge potential of each �rm is also arranged into three
categories. These two steps allow us to classify the �rms into nine di�erent cat-
egories.

With regard to the internal knowledge, three classi�cation are de�ned. The
�rst includes �rms that do not engage in research and innovation activities (i.e.,
patent applications in one of the samples, and R&D in the other sample), and
we consider their internal accumulated knowledge to be low. Our second group
consists of �rms that conduct R&I activities occasionally. Their accumulated
knowledge is classi�ed as medium. The �nal category includes �rms that persis-
tently engage in renewal e�orts resulting in a high level of accumulated internal
knowledge. The three categories are labeled I1, I2 and I3, respectively.

For the external knowledge potential of each �rm, we identify each �rm's ac-
cess to the supply of knowledge-intensive producer services, which provides a
knowledge potential value for every �rm4. These values allow us to arrange all
�rms into three categories. The �rst category includes �rms that belong to the
lowest third of knowledge potential values. The second is �rms that belong to
the medium third of knowledge potential values, and the �nal category consists
of �rms that belong to the highest third of knowledge potential values. These
three categories are labeled K1, K2 and K3.

Based on the two sets of categories, we construct 9 combinatorial categories, as
illustrated in Table 1. At one extreme, we �nd �rms with low internal knowledge
and low external knowledge potential (IK11), and the �rm at the other extreme
has high internal knowledge intensity and high external knowledge potential
(IK33).

Table 1: Combinatorial categories of internal and external knowledge
I1 I2 I3

K1 IK11 IK12 IK13

K2 IK21 IK22 IK23

K3 IK31 IK32 IK33

Before we formulate the hypotheses precisely, we should observe that our for-
mulation enables clarifying the importance of each IK-combination. Therefore,
we may for example investigate if a strong knowledge potential can compensate
for a low level of internal knowledge. We can also determine if �rms with persis-
tent R&I e�orts can compensate for a low level of external knowledge potential.
Thus, we can contribute to the existing literature about the relative importance
of the two knowledge factors in Table 1.

4It should be noted that our knowledge potential indicator also announces the presence of
other knowledge sources such as universities, research institutes, high-technology �rms and
creative capacities.
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The �rst hypothesis refers to the combinatorial categories in the I1-row, com-
prising �rms with a low level of internal knowledge. More formally:

H1: There is no di�erence in the TFP growth for �rms that belong to IK11,
IK21 and IK31, which implies that the local milieu and the external knowledge
potential have no additional impact on �rms with low internal knowledge.

Our second hypothesis concerns the I2-row in Table 1, consisting of �rms that
make occasional R&D e�orts:

H2: There is a di�erence in the TFP growth for �rms that belong to the I2
classi�cation, such that IK12<IK22<IK32. Thus, the growth rate of �rms
with occasional R&I is an increasing function of access to external knowledge
potential.

The third group of �rms is involved in persistent R&I e�orts (I3 �rms), and the
following hypothesis applies for these �rms:

H3: There is a di�erence in the TFP growth for �rms that belong to the I3
classi�cation, such that IK13<IK23<IK33. Thus, the growth rate of �rms
with persistent R&D is an increasing function of access to external knowledge
potential.

Our remaining hypotheses consider only innovative �rms. If such �rms have
the same external potential, we examine if persistent R&I �rms are superior
to occasional R&I �rms. To accomplish this, we make pairwise comparisons
between elements in the I2 and I3 columns.

H4: Persistent R&D �rms have higher TFP growth than �rms with occasional
R&D e�orts, such thatIK13>IK12, IK23>IK22, IK33>IK32. For all categories
of location, there is always a positive improvement on TFP growth from more
internal knowledge.

In the next two sections, we present both the data we use to test this analytical
model that combines the company's internal and external knowledge and the
empirical model that we use to study how di�erent combinations of knowledge
a�ect productivity.

3 DATA AND VARIABLES

In our empirical investigation, we use manufacturing and service �rm-level data
provided by Statistics Sweden. The database contains accounting information
on all �rms in Sweden, information on the educational background and wages
of their employees and the location of the �rms.

The analysis applies information about the entire population of �rms in the
Swedish business sector with at least one employee, and the entire population
of employees within these �rms in the following ways. First, we calculate the
aggregate earnings (wage sum) in each of Sweden's 290 municipalities for all 35
industries that are classi�ed as knowledge-intensive producer services (a list of
these industries is provided in the Appendix Table A1). This is our proxy for
external knowledge potential. Second, we assign a value of access to potential
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knowledge to each �rm in the Swedish business sector based on the particular
municipality in which they are located. Third, we separate the �rm's into three
evenly distributed groups based on their potential access to external knowledge.

One-third of each of the approximately 400,000 existing Swedish �rms is located
in places de�ned as high accessibility areas and they are concentrated to 25
municipalities. An additional third of these �rms are found in 78 municipalities
classi�ed as areas with medium access to potential external knowledge, and the
remaining �rms are located in 187 municipalities with low access to potential
external knowledge. With this approach, we capture both the individual �rm's
proximity to nearby knowledge and the �rm's proximity to other �rms with
similar access to knowledge-intensive producers.

As a second step, we form two panels of �rms. In the �rst panel (i.e., the patent
panel), we have matched patent data to the entire population of �rms in the
Swedish business sector, whereas we match R&D data from the Community
Innovation Survey (CIS) in the second panel (i.e., CIS panel). The preferred
patent panel is restricted to �rms with at least 10 employees on average over the
1997-2008 period. The restriction is motivated by our ambition to compare the
empirical analysis using this panel with the same empirical approach applied to
CIS data. In Sweden, 10 employees is the lower size limit for participation in
the CIS studies.

For the patent panel, we use information from the European Patent O�ce's
worldwide patent statistical database (PATSTAT) complemented with data
from the Swedish Patent O�ce. The panel consists of 40,524 unique �rms,
approximately 2,000 of which applied for at least one patent between 1997 and
2008. The CIS panel considers only those �rms that participated in at least two
of three consecutive Community Innovation Surveys (CIS) for 2004, 2006 and
2008. The matched data contain 2,738 unique �rms. Both panels are unbal-
anced, and the second is observed only for the 2000-2008 period.

Using national and international patent applications, we classify �rms as persis-
tent innovators, occasional innovators and non-innovators based on observations
over the entire 12-year period in the patent panel. An obvious limitation of em-
ploying CIS data in a panel setting is that almost all the information pertains
only to particular years. One of the few exceptions is the frequency of R&D
engagement, where the perspective comprises the most recent three-year period.
However, such a period is also too short for the purposes of our research. To
extend this information, we construct a data set from three di�erent waves of
the CIS survey. In the resulting CIS panel, 40 % of �rms are observed in all
three surveys, and 60% are observed in two surveys. With overlapping data
from the three surveys, we can observe the selected �rms' innovation strategies
over a 5-7 year period.5

5However, the observations for the years 1997-1999 are utilised to obtain lags of the depen-
dent variables. It should be noted that the panel is unbalanced in the sense that we include
two voluntary surveys and one compulsory survey, which can cause some selection bias. For
instance, the fraction of innovators is 31% in the CIS 2008 data and 54%, on average, in the
CIS 2004 and 2006 data.
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Table 2 presents summary statistics for the 1997-2008 period, with �rms sepa-
rated into three groups re�ecting their long-term innovation strategies. Consider
�rst the patent panel in Columns 1, 3 and 5. If a �rm applied for a patent during
6 years or more6, we categorise the �rm as a persistent innovator. If it applied
for a patent in 1-5 years, we consider it an occasional innovator. Firms with no
patent applications are non-innovators. The table also reports the correspond-
ing statistics for �rms observed in the CIS surveys in Columns 2, 4 and 6. We
classify a �rm as a persistent innovator for the whole 1997-2008 period if it is
reported to be a persistent R&D investor in at least two surveys. Moreover, the
�rm is classi�ed as non-innovative if it is never reported to be R&D-active. All
other �rms are considered to be occasional innovators.
In the patent panel, which includes all the approximately 40,000 relevant �rms
in Sweden, 95% are classi�ed as non-innovative, 4% are classi�ed as occasional
innovators and 1% are classi�ed as persistent innovators. In the CIS panel, 45%
of �rms are de�ned as non-innovative, 38% are occasional innovators and 17%
are persistent innovators.
Consistent with our assumptions based on the literature review in Section 2,
the median values of most variables di�er for persistently innovative �rms com-
pared with �rms with no innovation activity or only temporary engagement.
Persistently innovative �rms are larger than occasionally innovative �rms, they
have more physical capital, and higher intensities of human capital as well.
They are also more likely to belong to multinational groups. Corresponding
di�erences are observed between �rms classi�ed as occasionally innovative and
non-innovators. With respect to growth rates, the descriptive statistics indicate
no di�erences between the two categories of innovative �rms, and the median
TFP growth rate is highest for non-innovators. In contrast, only innovative
�rms grow in size. The table also reveals that persistent innovators are more
oriented toward high technology and medium-high technology than other �rms.
Table 3 displays the distributions of the 66,719 observed patent applications
across markets, �rm sizes, corporate ownership groups and sectors. The vast
majority of patent applications are related to �rms with more than 100 employ-
ees, a large fraction of which are multinational enterprises (MNEs). Domestic
MNEs account for nearly 60 per cent of the applications, and foreign owned
MNEs account for 35 per cent. The most patent intensive sectors are high
and medium-high technology �rms in the manufacturing sector. Knowledge-
intensive services are more likely to apply for patents than are low or medium-
low technology manufacturing �rms, whereas the opposite is true for other ser-
vices.
Table 4 reports the transition matrix with year-to-year changes in �rms' loca-
tions over the two samples. The locations are nearly time-invariant across �rms
with di�erent innovation strategies and �rms with di�erent degrees of access to
external knowledge. More than 99 per cent of �rms remain in one place over
any two consecutive years.

6For a robustness check, 8 years threshold instead of 6 years is also considered. The results
are similar.
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4 EMPIRICAL STRATEGY

To quantify the relationship between TFP and the �rm's internal and external
knowledge sources, we use an augmented Cobb-Douglas approach speci�ed as a
growth model. In doing so, we aim to capture the e�ect of a particular category
of combined knowledge sources on the TFP-growth, conditioned on the growth
in the previous period and the TFP-level in the previous period.

Total factor productivity growth is estimated in two steps. Following Levinsohn
and Petrin (2003), we �rst compute TFP as the residual of the Cobb-Douglas
production function, where the value added of the �rm is the dependent variable
and labour inputs (divided into highly educated and ordinary labour), material
and physical capital are used as the determinants. In the next step, the growth
of TFP is estimated as a function of determinants inside and outside the �rm
as follows:

∆lnTFP = α0 + [Ii ×Ki]γi + β1∆lnTFPi,t−1 + β2lnTFPi,t−1 + (1)

β3∆lnSIZEit + β4OWNERit + β5SECTORit + µi + τt + εit

where i indexes the �rm, t the year, I is a vector of innovation indicators, K is
a vector of external knowledge indicators, ΔTFP is the annual growth rate of
total factor productivity, TFP is the level of total factor productivity, ΔSIZE
is employment growth, and OWNER is corporate ownership. Additionally, the
TFP-growth depends on the sector, and we distinguish between six manufac-
turing and service sectors. The �rm and year-speci�c e�ects are denoted by µ
and τ , respectively. Finally, ε is the idiosyncratic error term.

The key coe�cient of interest is γi, which determines the response of productiv-
ity growth to nine combinatorial categories of internal and external knowledge.
It is useful to note that the key variable IK for �rm i is almost constant over the
period we observe due to the following explanation. First, the I-classi�cation is
based on the frequency of innovation e�orts during the observed period, which
means that it does not vary between years. Second, the K-classi�cation is based
on the knowledge intensity of the �rm's location, which is close to 100% identi-
cal between year t and year t+ 1 according to the transition matrix reported in
Table 4.

Based on a procedure suggested by Papke and Wooldridge (2005), we also com-
pute the coe�cients and standard errors for long-run e�ects. The long-run e�ect
is a nonlinear function of the coe�cients of the explanatory variables and the
lagged dependent variable in Equation (1).

To estimate Equation (1), we use the two-step GMM�system estimator de-
veloped by Arellano and Bover (1995) and Blundell and Bond (1998). This
approach combines equations in di�erences of the variables with equations in
levels of the variables. The validity of the instruments in the model is evalu-
ated with the Sargan�Hansen test of over-identifying restrictions whereas the
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Arellano-Bond autoregressive test is used for identifying possible second order
serial correlation.

In the GMM-regressions, our preferred model treats the key-variables (sustained
innovation strategy) Ö (geographic location) as exogenous due to the character-
istics of this variable as discussed above. However, in an alternative regression,
we experiment with treating the composite variable for knowledge combination
as endogenous. We also report pooled OLS-results for the dynamic model.

5 REGRESSION RESULTS

Table 5 presents estimates of Equation (1) using a two-step dynamic GMM
estimator with the total factor productivity growth (TFP) as the dependent
variable. Two alternative sets of results are displayed in the appendix. Table A2
reports the GMM estimates, and Table A3 reports the OLS estimates. Columns
1 and 2 report short- and long-run estimates for the sample that include the
entire population of �rms with an average of 10 or more employees over the
period 1997-2008, whereas Columns 3 and 4 report the corresponding estimates
for the CIS-population, which are restricted to a strati�ed sample with a �rm
size of 10 or more employees in the year of the surveys. The �rst panel is
labeled the patent panel, and here we use patent applications as a proxy for
innovation activity. The second panel is labeled the CIS panel, and in this case
the innovation indicator is R&D-engagement. The key-results are presented in
the upper part of the table which is organized in three di�erent panels. In
the �rst panel, rows 1-3 show results for non-innovative �rms. In the second
rows 4-6 show coe�cients for temporary innovators. The third panel presents of
TFP-growth with respect to persistently innovative �rms in di�erent locations
in rows 7-9.

5.1 Basic results

Using IK11 in Table 5 as reference group, the estimates in the �rst panel are
small in absolute value statistically signi�cant only in the �rst column, showing
the GMM-estimates for the typical non-innovative �rm located in regions with
a medium intensity of external knowledge. In this case innovation is proxied by
patent and the sign of the coe�cient is negative. The �rst conclusion, however,
is that there are none or almost none growth e�ects from pure and pecuniary
spillovers for non-innovators, regardless of the panel, innovation indicator or
estimator we consider.

The table reveals three results about Rows 4-6 and �rms temporarily engaged
in innovation activities and with low, medium or high accessibility to outside
knowledge in the local milieu. First, the estimates are positive and signi�cantly
di�erent from the base-group for the patent panel. Second, the growth rate is
markedly higher among temporary innovators in milieus where �rms have high
access to knowledge sources, compared to identical �rms in milieus with medium
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or low access to external knowledge (0.067 versus 0.025 and 0.029, respectively).
Third, the CIS-panel results are similar but weaker, with coe�cients that are
positive but insigni�cant or only weakly signi�cant.The �nal important set of
results presented in Table 5 concerns the TFP-growth among persistent innova-
tors. Rows 7-9 provide a consistent picture for both samples. First, persistent
innovators always have faster TFP growth than other �rms, regardless of lo-
cation. Second, the growth rate for persistent innovators increases with access
to external knowledge. Consequently, the size of the estimates is largest for
the average persistent R&I �rms located in areas with high access to external
knowledge. The magnitude of the estimate is 0.221 in the patent sample and
0.159 in the CIS sample.

Table 5 also presents the long-run estimates for the two samples, given in
Columns 2 and 4, and these results are by default fully consistent with the
short-run estimates in Columns 1 and 3. Examining the covariates displayed
in Table 5, we �nd negative signs for both TFP-growth and TFP-level in the
previous year. While the latter indicates a tendency to convergence in line with
predictions from growth theory, the former deserve some comments. Why is
growth in a given year, a negative function of last year's growth rate in our
data? There might be a possibility that �rms in general simply follow a quiet-
life behavior pattern. Hence, the improvement in the performance yesterday
reduces the incentives for �rms to invest their e�orts in better performance(
growth) today. Instead they decide to enjoy fruits of their earlier activities. For
a discussion on similar �ndings, see Hashi and Stojcic (2013).

In contrast to the preferred patent-panel, the alternative CIS-panel contains
a smaller proportion of �rms with falling productivity, because the panel is a
selected group of surviving �rms over a 4-7 year period. This di�erence between
the panels is also re�ected in the TFP estimate for the CIS-panel, which is
indeed negative but close to zero (0.036) and insigni�cant. Turning to other
controls, one noteworthy but not unexpected result is that multinational �rms
have a higher growth rate than other �rms, ceteris paribus. The TFP growth is
notably neutral with respect to �rm size, even after controlling for internal and
external knowledge.

The test statistics are reported in the lower part of Table 5. We use lag limits t-3
instruments for the regression in di�erences in both panels and lagged di�erences
dated t-1 for the regression in levels in the patent panel and t-2 in the CIS
panel. This results in 93 instruments in the patent panel regression and 81
instruments in the CIS panel regressions, which are both within a reasonable
range. The AR(2) test rejects the presence of second-order autocorrelation in the
�rst-di�erenced residuals in both regressions. Otherwise the GMM estimator
could be inconsistent. The Hansen J-test of over-identifying restrictions con�rms
that the instruments are valid, and the di�erence-in-Hansen test con�rms that
the additional instruments required for systems estimation are valid for the two
regressions.
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5.2 Wald test of the predictions

Overall, the results in Table 5 indicate a strong, positive relationship between
proximity to knowledge and persistent R&I (innovation activities measured by
patent or R&D). To evaluate the quantitative importance of the IK coe�cients
in detail, we conduct a Wald test on the equality of means in Table 6. The �rst
prediction from our Hypotheses H1-H4 is that the local milieu and the external
knowledge potential have no additional impact on �rms with low internal knowl-
edge. The H1 section of the table indicates that non-innovators in places with
medium access to knowledge outside the �rm have only somewhat lower growth
rates than the reference group (non-innovators in locations with low access to
external knowledge) in the patent panel. No signi�cant di�erence is found in
the CIS panel. We therefore con�rm Hypothesis 1.

Our second prediction, that the growth rate of �rms with occasional R&I is an
increasing function of access to external knowledge, is partly con�rmed when
the patent panel is considered in the H2 portion of Table 6. Temporary innova-
tors in high-access areas are growing faster than temporary innovators located
in other places. However, no signi�cant di�erence exists in the equality of
growth means between �rms that are occasionally engaged in places with low
and medium access to external knowledge. We also �nd no signi�cant di�erence
in the coe�cients with respect to location in the CIS panel. Thus, we cannot
con�rm hypothesis H2 based on the CIS-panel and only partly when we use the
patent-panel.

We turn to the prediction that the growth rate of �rms with persistent R&I is
an increasing function of access to external knowledge (H3). The results for the
patent panel indicate that persistent innovators in high access (knowledge) re-
gions are growing signi�cantly faster than corresponding �rms in both medium-
and low-access regions. Moreover, persistent innovators in medium-access places
have higher growth rates than persistent innovators in low-access locations.

The CIS panel indicates that persistent innovators in areas with high access to
external knowledge are growing signi�cantly faster than the corresponding �rms
with low access to external knowledge. However, we cannot conclude that the
estimation for persistent innovators in places with high access to external knowl-
edge (0.159) is signi�cantly larger than the coe�cient for persistent innovators
in locations with medium access (0.123) or that the medium-access estimate is
greater than the estimate for low access (0.094). The overall assessment based
on the estimation of the two panels is that we cannot reject the third hypothesis.

Our �nal prediction (H4) is that a positive return to improvement of internal
knowledge always applies for all categories of location, which implies that persis-
tent innovators outperform occasional innovators in all types of locations. The
prediction is strongly con�rmed in both of our panels.
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5.3 Sensitivity test

One concern with the results presented in Table 4 is the possibility that the
key-variable IK might be considered to be endogenous and that an exogenous
shock might a�ect both the TFP-growth of the �rms and their choice of location.
Although the transition matrix reported in Table 4 indicates that the likelihood
of a �rm moving between our three location categories is very low, this concern
is partially addressed in Table A2 by rerunning Equation (1) and dropping the
exogenous assumption on the interaction-variable IK. However, the instrument
for the IK-variable is not meaningful because by construction the variables are
almost completely identical to the variable itself. Despite this methodological
limitation, in Table A2 we undertake an analysis of the TFP-growth using the
endogeneity assumption of the nine IK-variables.

The key results in Table A2 are changed substantially as a result of the di�erent
treatment of the IK-variable. The estimates for non-innovators in places with
medium and high access to external knowledge and for occasional innovators
across all regions as well as the coe�cients for persistent innovators in regions
with low access to external knowledge are not signi�cantly di�erent from the
reference group. In sharp contrast, the estimates for persistent innovators in lo-
cations with medium and high access to knowledge are considerably larger than
for those obtained from the preferred GMM-speci�cation. These two estimates
are large and signi�cant in both the patent panel and the CIS panel.

The most marked di�erence in the GMM results, depending on whether we are
treating the IK variable as exogenous or endogenous, obtains for the occasional
innovators. While Table 5 shows some limited in�uence from the surrounding
local environment, Table A2 reports that these estimates are insigni�cant. This
result also applies to persistent innovative companies in geographic environ-
ments with low external knowledge intensity.

Table A3 in the appendix indicates that the pooled OLS estimates of Equation
(1) produce the same overall results as the more e�cient dynamic GMM esti-
mates7. The main di�erence is the sizes of the estimates, which are lower when
using the OLS estimator. The estimator su�ers from dynamic panel data bias as
well as bias due to serial correlation in the error term and potential endogeneity.

What then are the common observations in the three tables? Table 5 and Tables
A2 and A3 in the appendix reveal four regularities that persist in alternative
speci�cations and estimators. First, the di�erences in the coe�cient estimates
among non-innovators in di�erent locations are negligible. Second, our evidence
that occasionally innovative companies grow faster in a knowledge-intensive en-
vironment is weak. Third, the growth rates for persistently innovative �rms in
locations with high access to external knowledge are always higher than those of
�rms in other locations, regardless of innovation strategy. Finally, for persistent

7A �xed-e�ect model is used to estimate the lag of the dependent variable for all regres-
sions. The results indicate that the coe�cients on lagged dependent variables using the GMM
estimator are higher than the coe�cients obtained for the �xed e�ect model and lower than
the OLS estimates. The results are available upon request.
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innovators, the growth rates are always increasing with the amount of external
knowledge.

Although all three regressions suggest economically important e�ects of inter-
nal and external knowledge on TFP-growth for persistent innovators, only the
preferred GMM-model and the OLS estimates also indicate positive e�ects for
temporary innovators in places with high access to external knowledge. How-
ever, the latter �nding is only relevant for the patent sample. Overall, proximity
appears to be more important for innovative �rms, consistent with our a priori
assumption.

6 CONCLUSIONS

Our study aims to illuminate the separate and combined e�ect of innovation and
potential spillovers from a growth perspective. A signi�cant amount of prior re-
search supports the view that (i) a �rm's knowledge is a key competitive asset
(Grant, 1996), (ii) continuity of innovation e�orts ensures the accumulation of
internal knowledge (Dosi and Nelson, 2010), (iii), very few �rms, if any, can in-
ternally develop all critical knowledge needed for growth (Almeida and Phene,
2012), (iv) a �rm's potential for exploiting external knowledge and recombining
internal and external knowledge increases with its own knowledge stock (Co-
hen and Levinthal, 1989), and (v) locational proximity to external knowledge
reduces the cost and increases the frequency of contacts with players in a net-
work (Saxenian,1990). Building on these and similar �ndings, we construct a
simple analytical model that examines how �rms exploit internal knowledge in
conjunction with external knowledge to gain productivity growth.

We model knowledge inputs in a production function by using a discrete com-
posite variable with nine di�erent combinations of the intensity of knowledge
from within and from outside the �rm. Internal knowledge is measured by the
frequency of national and international patent applications. We have matched
patent applications to all 40,524 unique manufacturing and service �rm in Swe-
den with an average of 10 or more employees from 1997 to 2008. A second al-
ternative panel is constructed from an overlapping data set from three Swedish
Community Innovation Surveys in 2004, 2006 and 2008 for which 2,738 manu-
facturing and service �rms that participated in at least two of the three surveys.
In this case, the data are restricted to �rms with at least 10 employees during
the year of the survey.

To �nd a proxy for knowledge �ow across �rms, we identify 35 di�erent Swedish
knowledge intense producer-service industries at the 5-digit level in which the
share of employees with university degree is above 30 percent. These services
include ICT services, engineering R&D and engineering services, �nancial ser-
vices, and brokerage and recruitment of manpower.

Applying a dynamic GMM-estimator to the data, which also includes extensive
�rm characteristics on human capital, physical capital, employment, ownership

15



and sector classi�cation, two equations were estimated. The main �ndings are
as follows:

� The local milieu and the external knowledge potential have no additional
productivity growth impact on �rms with low internal knowledge.

� The growth rate of total productivity is only weakly associated with ex-
ternal knowledge for �rms with occasional innovation e�orts.

� The growth rate of total productivity is strongly associated with external
knowledge for �rms with persistent innovation e�orts.

� All location categories exhibit improvement of internal knowledge.

Our study provides new empirical knowledge about the systematic di�erences of
�rms' capability to bene�t from external knowledge. It also suggests a method
for capturing and quantifying the extent of knowledge �ows across �rms. More-
over, the study demonstrates the appropriateness of using the increasingly popu-
lar dynamic GMM-estimator to control whether productivity and growth results
are due to observed heterogeneous characteristics of �rms and places or factors
such as unobserved heterogeneities or true or false state dependence. Our work
also complements to some recent studies.

The above �ndings have implications for both policy and management. With
our approach the results indicate that the bene�ts of knowledge-intensive lo-
cal milieus are not uniformly distributed across di�erent types of �rms. We
�nd strong e�ects on TFP growth only for innovating �rms and especially for
persistent innovators. We do not detect any substantial e�ect for occasional
innovators and no e�ect at all for non-innovators, which constitute the vast ma-
jority of all �rms. Thus, while the policy debate tends to assume that �rms
located in knowledge-rich milieus such as urban agglomerations and special-
ized spatial clusters will pro�t from proximity to diversi�ed knowledge and
supply of knowledge-intensive producer services, in technology, law, �nance,
management, marketing and other support functions, the study contributes to
a more nuanced discussion. Our distinct results support recent studies suggest-
ing that policymakers and managers should not expect that the presence of a
knowledge-intensive environment automatically leads to leverage e�ects on �rm
performance. Instead, supportive innovation policies should consider measures
that help to maintain and improve the knowledge milieu of places in which many
�rms follow strategies that give priority to a permanent innovation engagement.
The result from our study also raises the complex question: which policies can
facilitate the transition of a �rm from a state of being an occasional innovator to
being persistently engaged in innovation e�orts. Occasional e�orts include dis-
ruptions that can cause the erosion and obsolescence of acquired skills, routines
and technology. The policy nexus of our study is two-pronged. A �rm's knowl-
edge management comprises (i) systematic accumulation of internal knowledge
combined with the development of absorption and accession capacity, and (ii)
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location in knowledge-intensive environment. The basic policy message is that
these two components are not substitutes, but rather complements.

There are several limitations of this study that can be questions for future re-
search. First, the issue of knowledge �ows across �rms that are not related
to links within the nearby milieu of the �rms is not explicitly addressed in
this paper, except for the e�ect associated with multinational company groups.
Recently Cantwell and Piscitello (2015) have used openness of the regional in-
dustry and the regional economy to capture global knowledge di�usion, while
other papers apply methods such as trade statistics, patent citations and strate-
gic alliances. A second issue that deserves a more subtle analysis than what is
provided in the present paper is the internal mechanisms for creating and main-
taining conduits to the external environment that facilitates knowledge �ows
to the �rm. Another issue for future research is to investigate the importance
of the corporate ownership. Are multinational �rms more e�cient to exploit
external local knowledge than other �rms? Is there any di�erence in the ability
to bene�t from the nearby milieu between domestically owned �rms and foreign
�rms?
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8 Tables

Table 2: Descriptive statistics for 1997-2008. Innovation strategy based on patent applications
and the CIS-panel (median and standard errors)

(1) (2) (3)
Non R&I Occasional R&I Persistent R&I

Patent CIS panel Patent CIS panel Patent CIS panel
TFP growth a,c 0.032 0.028 0.025 0.026 0.025 0.023

(0.47) (0.39) (0.49) (0.39) (0.53) (0.44)
Human capital b 0.036 0.026 0.071 0.053 0.145 0.111

(0.17) (0.14) (0.19) (0.17) (0.21) (0.21)
Firm size a 2.83 2.94 3.56 3.43 4.73 4.75

(0.98) (1.22) (1.30) (1.38) (1.62) (1.75)
Firm size growth 0 0 0.013 0.005 0.012 0.012

(0.38) (0.29) (0.31) (0.29) (0.28) (0.26)
Physical capital a,c 13.69 14.20 14.82 14.80 16.28 16.32

(2.89) (2.96) (2.62) (2.65) (2.75) (2.75)
Domestic Non A�liate Firms 0.44 0.40 0.20 0.29 0.09 0.14
Domestic Uninational Firms 0.34 0.32 0.23 0.29 0.09 0.17
Domestic Multinational Firms 0.12 0.14 0.36 0.21 0.47 0.40
Foreign Multinational Firms 0.10 0.14 0.21 0.21 0.35 0.29
High tech manufactb 0.01 0.04 0.07 0.06 0.17 0.18
Medium-High tech manub 0.05 0.11 0.27 0.18 0.36 0.28
Medium-Low tech manub 0.08 0.15 0.21 0.18 0.16 0.15
Low tech manub 0.10 0.24 0.12 0.27 0.07 0.17
Knowledge-intense servb 0.27 0.17 0.14 0.16 0.13 0.17
Other servb 0.46 0.26 0.18 0.13 0.10 0.05
Mining b 0.03 0.03 0.01 0.00 0.01 0.00
Observations total 296,105 12,926 13,323 10,841 4,067 4,837
Unique 38,703 1,246 1,422 1,025 399 467
Observations, fraction 0.95 0.45 0.04 0.38 0.01 0.17
Note: a)Log, b)Fraction, c)Real prices
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Table 3: Distribution of the patent applications during the 1997-2008 period by �rms in Sweden
across regions and groups

Number ofApplications OccasionalR&I, % PersistentR&I, %
Knowledge access: Low 6,947 0,25 0,75
Knowledge access: Medium 31,089 0,05 0,95
Knowledge access: High 28,590 0,06 0,94
10-25 3,308 0,47 0,53
26-99 5,860 0,32 0,68
100> 57,458 0,03 0,97
Domestic Non A�liate Firms 2,427 0,39 0,61
Domestic Uninational Firms 2,301 0,37 0,63
Domestic Multinational Firms 38,364 0,05 0,95
Foreign Multinational Firms 23,534 0,05 0,95
High tech manufacturing 31,572 0,02 0,98
Medium-High tech manufacturing 16,361 0,10 0,90
Medium-Low tech manufacturing 5,510 0,15 0,85
Low tech manufacturing 3,549 0,14 0,86
Knowledge-intense services 7,202 0,12 0,88
Other services 2,339 0,35 0,65
Mining 93 0,22 0,78

Table 4: Transition Matrix

Access to externalknowledge No R&I,% Occasional R&I,% Persistent R&I,%
Patent panel Low 99.3 99.6 99.1

Medium 99.1 99.1 99.3
High 99.4 98.9 99.0

CIS panel Low 99.5 99.5 99.6
Medium 99.5 99.1 99.5
High 99.4 98.9 99.5

Note: The matrix shows that all �rms in all three categories of geographical areas tend to remain in the same place across time.

24



Table 5: Dependent variable: TFP growth, Two-step system GMM Estimates

Innovation variable PATENT PANEL CIS PANEL
Short-run Long-run Short-run Long-run

IK11
a 0.000 0.000 0.000 0.000

IK12 -0.008** -0.01** -0.015 -0.02
(0.004) (0.00) (0.011) (0.01)

IK13 0.002 0.00 0.003 0.00
(0.003) (0.00) (0.012) (0.01)

IK21 0.029*** 0.02*** 0.016 0.02
(0.009) (0.01) (0.011) (0.01)

IK22 0.025** 0.02** 0.017 0.02
(0.010) (0.01) (0.011) (0.01)

IK23 0.067*** 0.06*** 0.031* 0.03*
(0.017) (0.01) (0.017) (0.02)

IK31 0.082*** 0.07*** 0.094*** 0.09***
(0.026) (0.02) (0.035) (0.03)

IK32 0.126*** 0.11*** 0.123*** 0.12***
(0.034) (0.03) (0.040) (0.04)

IK33 0.221*** 0.19*** 0.159*** 0.15***
(0.054) (0.05) (0.043) (0.04)

Log Firm size, growth 0.021 0.05 -0.012 0.01
(0.072) (0.07) (0.122) (0.13)

Log TFP growth t−1 -0.147** -0.036
(0.073) (0.071)

Log TFPt−1 -0.239*** -0.383***
(0.066) (0.107)

Domestic Uninationalb 0.033** 0.03** 0.023 0.022
(0.013) (0.011) (0.017) (0.015)

Domestic multinationalb 0.083*** 0.07*** 0.126*** 0.12***
(0.028) (0.02) (0.046) (0.042)

Foreign multinationab 0.099*** 0.086*** 0.145*** 0.14***
(0.032) (0.03) (0.051) (0.05)

Observations 196,027 20,076
Unique �rms 31,208 2,634
Laglimits (3 1) (3 2)
Instruments 93 81
AR(2) 0.914 0.206
Hansen Overid. 0.231 0.178
Di�erence-in-Hansen test for level equation 0.846 0.192
Di�erence-in-Hansen test for lag dependent variable 0.299 0.107

Note: * signi�cant at 10%; ** signi�cant at 5%; *** signi�cant at 1%

(a) Reference group (b) Reference group is domestic non-a�liated �rms

Robust (GMM) standard error in parentheses. Year and sector dummies included

[IK11: Non R&I and Low access]; [IK12: Non R&I and Medium access]; [IK13: Non R&I and High access];

[IK21: Occ. R&I and Low access]; [IK22: Occ. R&I and Medium access]; [IK23: Occ. R&I and High access]

[IK31: Pers. R&I and Low access]; [IK32: Pers. R&I and Medium access]; [IK33: Pers. R&I and High access]
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Table 6: T-test on the equality of means reported as p-values

Hypotheses Patent panel CIS panel
t-test t-test

IK13=IK12 H1 0.003*** 0.153
IK13=IK11 H1 0.008** 0.015
IK23=IK22 H2 0.004*** 0.366
IK23=IK21 H2 0.006*** 0.323
IK22=IK21 H2 0.667 0.983
IK33=IK32 H3 0.008*** 0.177
IK33=IK31 H3 0.000*** 0.020**
IK32=IK31 H3 0.039** 0.269
IK33=IK23 H4 0.000*** 0.000***
IK32=IK22 H4 0.000*** 0.006***
IK31=IK21 H4 0.017** 0.015**
Note: The table report t-test for hypotheses H1-H4.

P-values and degrees of signi�cance are reported.

* signi�cant at 10%; ** signi�cant at 5%; *** signi�cant at 1%

[IK11: Non R&I and Low access]; [IK12: Non R&I and Medium access]; [IK13: Non R&I and High access]

[IK21: Occ. R&I and Low access]; [IK22: Occ. R&I and Medium access]; [IK23: Occ. R&I and High access]

[IK31: Pers. R&I and Low access]; [IK32: Pers. R&I and Medium access]; [IK33: Pers. R&I and High access]

A Appendix
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Table A.1: Knowledge intense producer services with more than 30% knowledge intensity in
2007

SIC 2002 Industry Knowledge Fraction

intensity, % of KIPS 30

7220 Software consultancy and supply 46,1 18,45
74202 Construction and other engineering activities 38,4 16,84
65120 Monetary intermediation 32,5 12,28
74140 Business and management activities 45,2 11,16
74120 Accounting, book-keeping and auditing activities: tax consultancy 41,2 7,71
72210 Publishing of software 50,3 5,13
74501 Labor recruitment activities 35,9 3,98
73102 R&D on engineering and technology 68,5 3,15
74111 Legal advisory 70,9 2,45
74850 Secretarial and translation activities 32,9 2,00
65220 Credit granting 31,7 1,90
61102 Sea and costal water transport 42,8 1,90
74201 Architectural activities 67,1 1,84
73103 R&D medical and pharmaceutical science 69,7 1,50
73101 R&D on natural science 74,3 0,97
74104 R&D on agricultural science 67,1 0,92
74130 Market research and public opinion pulling 36,1 0,87
74872 Design activities 32,4 0,86
67120 Security broking and fund management 52,7 0,84
66012 Life insurance 33,8 0,79
67202 Activities auxiliary to insurance and pension funding 31,6 0,74
72400 Data base activities 31,7 0,70
65232 Unit trust activities 36,5 0,58
65231 Investment trust activities 49,7 0,53
74112 Advisory activities concerning patents and copyrights 50,2 0,45
73201 R&D on social science 79,9 0,44
73202 R&D on humanities 80,1 0,27
74150 Management activities of holding companies 34,9 0,22
67110 Administration of �nancial markets 48,6 0,13
65110 Central banking 54,0 0,11
66020 Pension funding 40,6 0,09
73105 Interdisciplinary R&D on natural science and engineering 69,9 0,08
65210 Financial leasing 31,2 0,06
73201 Interdisciplinary R&D on humanities and social science 77,8 0,04
70110 Development of selling of real estate 40,5 0,02
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Table A.2: Dependent variable: TFP growth. Two-step system GMM Estimates. The IK-
variable is treated as endogenous

Innovation variable PATENT PANEL CIS PANEL
Short-run Long-run Short-run Long-run

IK11
a 0.000 0.000 0.000 0.000

0.016 0.01 0.009 0.01
IK12 (0.033) (0.02) (0.106) (0.09)

-0.004 -0.00 0.025 0.02
IK13 (0.032) (0.02) (0.106) (0.09)
IK21 -0.001 -0.00 0.059 0.05

(0.111) (0.09) (0.190) (0.16)
IK22 -0.106 -0.08 0.194 0.16

(0.171) (0.13) (0.143) (0.12)
IK23 -0.103 -0.08 0.038 0.03

(0.168) (0.13) (0.150) (0.12)
IK31 -0.186 -0.14 -0.015 -0.01

(0.252) (0.19) (0.184) (0.15)
IK32 0.182*** 0.14*** 0.235* 0.19*

(0.047) (0.04) (0.132) (0.11)
IK33 0.687*** 0.54*** 0.304** 0.25**

(0.196) (0.16) (0.130) (0.11)
Log Firm size, growth 0.242*** 0.27*** 0.032 0.07

(0.061) (0.05) (0.117) (0.10)
Log TFP growth t−1 -0.270*** -0.209***

(0.073) (0.027)
Log TFPt−1 -0.226*** -0.339***

(0.057) (0.065)
Domestic Uninational 0.039*** 0.03*** 0.013 0.01

(0.013) (0.01) (0.013) (0.01)
Domestic multinational 0.103*** 0.08*** 0.101*** 0.08***

(0.026) (0.02) (0.035) (0.03)
Foreign owned multinational 0.116*** 0.09*** 0.119*** 0.10***

(0.029) (0.02) (0.037) (0.03)
Observations 196,027 20,076
Unique Firms 31,208 2,634
Laglimits (3 1) (2 1)
Instruments 193 217
AR(2) 0.106 0.894
Hansen Overid. 0.831 0.779
Di�erence-in-Hansen test for level equation 0.652 0.509
Di�erence-in-Hansen test for lag dependent variable 0.389 0.596

Note: * signi�cant at 10%; ** signi�cant at 5%; *** signi�cant at 1%

(a) Reference group (b) Reference group is domestic non-a�liated �rms

Robust (GMM) standard error in parentheses. Year and sector dummies included

[IK11: Non R&I and Low access]; [IK12: Non R&I and Medium access]; [IK13: Non R&I and High access];

[IK21: Occ. R&I and Low access]; [IK22: Occ. R&I and Medium access]; [IK23: Occ. R&I and High access]

[IK31: Pers. R&I and Low access]; [IK32: Pers. R&I and Medium access]; [IK33: Pers. R&I and High access]
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Table A.3: Regression results. Dependent variables: value added and TFP growth. Pooled
OLS estimates.
Innovation variable TPF growth

PATENT CIS
IK11

a 0.000 0.000
IK12 -0.004** -0.006

(0.002) (0.007)
IK13 0.004* 0.004

(0.002) (0.008)
IK21 0.016*** -0.001

(0.006) (0.007)
IK22 0.011 0.005

(0.008) (0.008)
IK23 0.042*** 0.011

(0.009) (0.009)
IK31 0.034*** 0.015

(0.010) (0.011)
IK32 0.073*** 0.040***

(0.012) (0.012)
IK33 0.155*** 0.075***

(0.019) (0.013)
Log Firm size, growth 0.310*** 0.191***

(0.007) (0.020)
Log TFP growth t−1 -0.330*** -0.343***

(0.006) (0.020)
Log TFPt−1 -0.125* -0.134***

(0.068) (0.007)
Domestic Uninational 0.015*** -0.009*

(0.002) (0.005)
Domestic multinational 0.044*** 0.031***

(0.003) (0.007)
Foreign owned multinational 0.055*** 0.036***

(0.003) (0.008)
Observations 196,027 20,076
Note: * signi�cant at 10%; ** signi�cant at 5%; *** signi�cant at 1%

(a) Reference group. (b) Reference group is domestic non-a�liated �rms

Robust standard error in parentheses. Year and sector dummies included

[IK11: Non R&I and Low access]; [IK12: Non R&I and Medium access]; [IK13: Non R&I and High access];

[IK21: Occ. R&I and Low access]; [IK22: Occ. R&I and Medium access]; [IK23: Occ. R&I and High access]

[IK31: Pers. R&I and Low access]; [IK32: Pers. R&I and Medium access]; [IK33: Pers. R&I and High access]
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