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Abstract We examine potential heterogeneity in the capacity to benefit from
knowledge spillovers in metropolitan areas between foreign-owned and domestic
multinational enterprises, and between small and large firms. The study is restricted
to R&D firms in the manufacturing sector and utilizes an unbalanced sample of 1073
Swedish firms covering a 16-year period with close to 11,000 observations. We apply
linear and nonlinear approaches to test the importance of knowledge spillovers on
labour productivity and patent applications. The overall result shows that not all R&D
firms benefit from knowledge spillovers as a result of their presence in an agglomer-
ation area.

JEL Classification C36 · L60 · O33 · R12

1 Introduction

Research and development (R&D) spillovers have been a major topic in the eco-
nomic and regional science literature for many decades. While theoretical studies
have explained mechanisms of knowledge spillovers, a growing body of empirical
papers tries to determine the magnitude of spillovers both at the industry level (Wolff
2012) and at the firm level (Lychagin et al. 2010).
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It is a well-established fact that the performances of firms are influenced not only by
technological closeness to other firms, but also by geographical proximity. Research
in this field has produced a large variation in the results, but the majority of studies are
centred on the conclusion that a doubling of the local density creates a productivity
increase of about 4–8% (Glaeser and Gottlieb 2009).

The location of a firm influences not only its economic performance but also its
innovation process. Bettencourt et al. (2007) report that large metropolitan areas have
disproportionately more patents than smaller areas, implying that increasing returns
to innovation exist as a function of city size.

Why is geographical proximity influencing firms’ innovation and productivity?
Combes et al. (2012) test two main hypotheses: firm selection and agglomeration
economies. According to the first topic, only the most productive firms survive in
placeswithmany competitors,while the latter assumes that larger cities andmore dense
milieus promote interactions that increase productivity. Using French establishment-
level data, Combes et al. (2012) show that firm selection cannot explain spatial
productivity differences. Hence, agglomeration per se stimulates productivity.

A large quantity and wide variety of studies offer theoretical explanations why
density and spatial proximity are beneficial for firm performance. Theories of agglom-
eration economies include: endogenous growth (knowledge spillovers, see i.e. Romer
1986, 1990), Marshallian (specialization) or Jacobian (variation) externalities. Awide
spectrum of knowledge resources and qualification and competence profiles of the
labour supply provide rich opportunities for knowledge exchange and creative inter-
action between firms and individuals in the region. Transport costs, the rate of return
on human capital and innovation will benefit from the increased proximity (Glaeser
and Gottlieb 2009).

Cohen and Levinthal (1989) demonstrate that a firm’s internal R&D increases
its ability to assimilate knowledge from its economic environment. The general
assumption is that there are positive externalities from knowledge spillovers. But
demonstrating this empirically has proved to be challenging for a variety of reasons.
One major issue is the huge firm-level heterogeneity in both R&D performance and
output performance. A second issue is that since both absorptive capacity and location
decisions are endogenous, these must be dealt with econometrically by considering
that firm performance, R&D investments and locations are jointly determined. A third
issue is the importance of a credible and rich dataset covering large number of obser-
vations both across firms and within firms over time. Most existing studies suffer from
deficient data in this respect.

By exploiting the growing access to more detailed firm-specific datasets, it is
possible to both deepen and extend the spillover literature in several directions. Recog-
nizing the huge heterogeneity in areas such as R&D strategies and performance across
firms, technological specialization and geographical conditions, the present paper will
address some of these research issues. In particular, we will study firm heterogeneity
in terms of ownership and size and the firms are observed in two types of locations,
namely within and outside metropolitan areas. We also distinguish between high-
technology firms and other manufacturing firms.

The paper considers relationship between both R&D and productivity and between
patent and productivity. Our justification for two different knowledge measures is the
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simplified assumption that R&D represents creation of new knowledge, while patent
represents exploitation of new knowledge.

Upon applying our two categories ofmodels on an unbalanced panel dataset ofR&D
performing manufacturing firms in Sweden observed over a 16-year period covering
almost 11,000 firm-level observations, the following main results emerge: (i) the pro-
ductivity effect from agglomeration spillovers is restricted to large, high-technology
firms and foreign-ownedmultinational enterprises in non-high-technology sectors and
(ii) location in agglomeration areas has a significant positive effect on patent applica-
tion rates among domestically owned, multinational firms in high-technology sectors.

The rest of this paper is organized as follows: Sect. 2 links the paper to its antecedents
in the theoretical and empirical literature on knowledge spillovers. Section 3 presents
the data. Section 4 discusses econometric issues and introduces the empirical models.
Section 5 reports the empirical findings and conclusions are in Sect. 6.

2 Literature

While social returns to R&D are estimated to be at least twice as high as the private
returns (Wolff 2012; Bloom et al. 2013), a growing number of more recent studies
focus on differences in knowledge spillovers across geographical areas and differences
in the capacity to benefit from external knowledge across firm. However, there has
been little empirical work, on the combined effects of location and firm capabilities.
Our paper contributes to the literature by studying two overlapping categories of firms
and two different types of location.

Recent studies attempt to estimate whether the importance of proximity and local
spillovers have diminished in the light of the rapidly increasing connectivity through
telecommunications, globally networked information technologies and travelling. Sur-
veying the literature, Bettencourt (2014) notices two general findings. First, online and
ICT networks are local. More online content is available in larger cities so that these
new technologies tend to reinforce, rather than replace, the connectivity dynamics of
larger places. Second, the use of the Internet and local social networks tend to be
integrated and tend to complement, rather than substitute, one another.

There are several approaches to study the impact of spillovers. A common method
in micro-econometric analysis is to measure the stock of R&D or patents generated
by other firms in the same industry or geography as the focal firm. Controlling for the
firm’s own R&D, this variable shows the additional explanatory power of extramural
R&D. Bernstein and Nadiri (1989) represent an early study using this methodology.
Others approaches, such as Jaffe (1986) and Acemoglu (2007), assume that industries
and firms aremore likely to benefit from knowledge spillovers that are close in terms of
technology. Some studies compare the importance of technological and geographical
closeness and find that geographical closeness is more important (Pinkse and Slade
2010). Our paper is restricted to investigate the importance of geographical spillovers.

Existing research on knowledge spillovers consider two offsetting effects of firm
A’s R&D on the performance or value of firm B [e.g. Cassiman and Veugelers (2002,
2006)]. The first is positive and implies that firm B can apply and benefit from exter-
nal knowledge in its internal innovation activities. The second effect (product market
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rivalry) is ambiguous, and the outcome depends on whether the substitute or com-
plementary effect dominates. The substitution effect is negative since A’s ideas will
leapfrog B’s ideas, while the complementary effect will increase the potential of B’s
ideas. Typically, this research finds that the positive effect of knowledge spillovers
dominates.

A central problem in the prior spillovers literature based on firm level data is lack of
information on firms’ R&D engagement. In their seminal paper, Cohen and Levinthal
(1989) provide criticism against the view of spillovers as a public good, likening it
to smoke pollution that affects all firms in the neighbourhood. Since there are also
costs associated with appropriating knowledge spillovers, a firm cannot passively
assimilate externally available knowledge. It must invest in its own knowledge creation
or knowledge exploitation to absorb any of the R&D output of its competitors. In line
with this assumption, we restrict our analysis to only R&D firms.

The objective of our research is to examine potential heterogeneity in the capacity
to benefit from knowledge spillovers in metropolitan areas between foreign-owned
and domestic multinational enterprises (MNEs), and between small and large firms.
The latter analysis includes both MNE firms as well as domestic firms that are not part
of a multinational group. We observe manufacturing R&D firms within and outside
metropolitan areas in Sweden. Consider first the MNEs which comprise 80% of the
firms in our sample. A growing literature reports that firms’ innovation activities tend
to be home-biased, for instance Patel and Pavitt (1991), Le Bas and Sierra (2002) and
Belderbos et al. (2012). One explanation is that innovative firms are part of a complex
and geographically close network, which means that they need to be embedded in the
region’s innovation system. A logical extension of this finding is that international
firms tend to adapt their home-generated technological capabilities to local circum-
stances in a foreign country. At the same time, they try to exploit foreign knowledge
bases to expand and develop already existing capabilities. These two explanations
on the differences between foreign- and domestically owned MNEs may be reflected
in the differences in return on R&D with respect to productivity and patent applica-
tions, respectively. However, we do not find any robust guidance in the literature on
how these differences varies across locations and technology sectors. Thus, based on
the literature, we hypothesize that domestically owned MNEs have lower marginal
returns on R&Dwith respect to productivity (return to knowledge generation) as com-
pared to the foreign-owned counterpart, while the situation is the opposite regarding
patent (return to knowledge exploitation). We also assume that the difference in return
to generation and exploitation of knowledge, respectively, is neutral with respect to
technology sector and firm location.

Our second analysis on R&D and absorptive capacity considers firm size. There
is no broad agreement on the issue in previous literature: Aghion and Jaravel (2015)
show that the theoretical predictions of knowledge spillovers are that small compa-
nies may have a larger marginal effect on learning , while the opposite is found in
an empirical study by Bloom et al. (2013). The latter study explains its results by
the tendency of smaller firms to operate in technological niches with more specific
sources of knowledge. In the empirical analysis, we will test whether the findings
by Bloom et al. (2013) can be confirmed on Swedish data and whether it can be
confirmed on both creation and exploitation of knowledge. Addressing the poten-
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tial differences in benefiting from external knowledge between R&D firms operating
in high-technology sectors and other R&D firms, we assume that only highly spe-
cialized firms irrespective of size are more dependent on the combination of their
own R&D as well as relevant complementary knowledge from targeted locations
globally. Regarding other R&D firms in high-technology and non-high-technology
sectors, we hypothesize that both small and large firms will benefit from metropolitan
location.

3 Data

We use several firm-level data sources: R&D data, accounting data (value added,
employment, physical capital etc.), and data on industry classification, education,
localization and ownership come from Statistics Sweden, and the patent data come
from the EPO Worldwide Statistical Database PATSTAT. Employing a unique firm
identifier, we match the different data sources into an unbalanced panel covering
the period 1997–2012. We deflate value-added and physical capital by the Swedish
producer price index. The matched sample consists of an unbalanced panel of 1073
unique firms with at least four observations between 1997 and 2012. The total number
of observations is around 11,000. On average, a firm is observed for 10.1years.

The matching process starts with data from and R&D survey conducted by Sta-
tistics Sweden. The survey includes information on total R&D expenditures for the
period 1997–2012. The whole population of manufacturing firms with 200 or more
employees and research institutes are covered by the survey. In addition, the sur-
vey contains annual from different representative sample of R&D firms with 50–199
employees.

Table 1 presents the summary statistics of the key variables used in the analysis. We
separate the data into four overlapping subgroups. The twofirst consists of foreign- and
domestically owned MNE, respectively. The two remaining subsamples are the two
size classes SMALL and LARGE divided by themedian employment. The firms in the
sample have two distinct locations. The first is within Sweden’s largest metropolitan
areas: Stockholm-Uppsala, Malmo and Gothenburg. We label these areas as Metro,
and they include 18% of the firms in the sample. The other firms are located outside
Metro. We also consider inflow to, and outflow from the Metro area. Less than 1% of
the time, firms move in to the Metro area, and also around 1% of the time, they move
out to other areas. The majority of the firms, almost 80%, belong to a multinational
group. The average firm applied for 8 patents per year.

4 Method

We are interested in investigating two relationships. The first is the relationship
between labour productivity and R&D, and the other is between patent applications
and R&D.We distinguish between firms located within or outside metropolitan areas,
domestic or foreign ownership of multinational enterprises, and small and large firms.
Wealso compare the impact ofR&Damonghigh-technology andnon-high-technology
firms. Formally, we identify the relationships with the following equations:
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LPi t = β1LPi t−1 + β2LKi t + β3LKi t−1 + β4RD × HTi t + β5RD × M × HTi t

+β6RD × NHTi t + β7RD × M × NHTi t + β8Xit + uit (1)

�LPi t = β1�LPi t−1 + β2LPi t−1 + β3LKi t + β4LKi t−1 + β5RDi t × HTi t

+β6RD × M × HTi t + β7RD × NHTi t + β8RD × M × NHTi t

+β9Xit + uit (2)

Patenti t = β1Sizeit + β2LKi t + β3RD × HTi t−1,2 + β4RD × M × HTi t−1,2

+β5RD × NHTi t−1,2 + β6RD × M × NHTi t−1,2 + β7Xit + uit (3)

where the outcome variables for firm i at time t is LPi t , �LPi t , and Patenti t . The
variables in the equations are defined as follows: LP is log value added per employee
(labour productivity), LK is log physical capital per employee, RD is log R&D expen-
ditures per employee, HT is high technology, NHT is non-high technology, and M is
location in ametropolitan area. Xit is a vector of controls, and the error term is uit . The
vector of control variables Xit consists of Move in and Move out variables indicat-
ing whether the firm has changed its geographical location with respect to M . It also
includes ownership dummies. FMNE is foreign-owned multinational firm, DMNE
is domestically owned multinational firm, DUNI is domestic uni-national firm, and
DIND is domestic independent firm, and year dummies. Patenti t is number of patent
application and the outcome variable in Eq. (3), wherewe also control for si zewhich is
log number of employees. Our main variables of interest are RD×HT , RD×M×HT
and RD × NHT , RD × M × NHT: the interaction between R&D expenditure, tech-
nology group and metropolitan areas.

There are three econometric issues to address in the equations. They are unob-
served heterogeneity, endogeneity and dynamics. We assume that the most severe
problem is endogeneity. Therefore, the central issue in the present study is to empir-
ically distinguish R&D spillovers from correlated shocks related to opportunities in
the geographical milieu. If some opportunities arise exogenously in a given local area
(M), then all firms in that area will do more R&D and may improve their productivity
and apply for more patents. Not controlling for this simultaneity effect will be picked
up by our spillover measure M .

In the empirical analysis, we use two different approaches: instrumental variables
generalmethodofmoments (IV-GMM)1 andnegative binomial regressions (NBREG).

Our IV-GMM estimator is the Arellano-Bond approach (Arellano and Bover 1995;
Blundell and Bond 1998). This approach combines equations in differences of the
variables with equations in levels of the variables. The validity of the instruments in
the model is evaluated with the Sargan Hansen test of over-identifying restrictions,
whereas theArellano-Bond auto-regressive test is used for identifying possible second-
order serial correlation.

An advantage with the system GMM estimator is that it requires fewer assump-
tions about the underlying data-generating process and uses more complex techniques
to isolate useful information (Roodman 2009). The estimator allows for a dynamic

1 As a robustness check, pooled ordinary least squares (OLS) model is used. The results are available upon
request.
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process, with current realizations of the dependent variable influenced by past values,
and some regressors may be endogenous. Moreover, the system GMM estimator also
accounts for individual specific patterns of heteroskedasticity and serial correlation of
the idiosyncratic part of the disturbances.

The final model, the nonlinear NBREG controls for unobserved heterogeneity, but
otherwise it is similar to the OLS model in the sense that it does not account for
dynamic panel data biases, and we only account for endogeneity by lagging the RD-
variable. Observing a pre-sample period for patenting, Blundell et al. (1995) introduce
a method that reduces the risk of endogeneity in a patent equation, similar to ours,
but unfortunately such information is not available in our equations. Regarding the
dynamic panel bias, it is more serious for short t than for long t . The time dimension
of our panel is relatively long, so the dynamic panel data bias is likely to be small [(see
Nickell (1981)].

Our final discussion in this section is on the error term uit . In Eqs. (1), (2) and (3),
we will assume that it is composed of firm fixed effects(η)i , a full set of time dummies
(τt ), and an idiosyncratic component (νi t ) that we allow to be heteroskedastic and
serially correlated.

Lychagin et al. (2010) and Lööf andNabavi (2014) implemented related but distinct
methods of examining geographical R&D spillovers. Both found that geographical
spillovers are important in increasing productivity, and Lööf and Nabavi (2014),
showed that the importance of geographical spillovers increases with both proxim-
ity to other firms and absorptive capacity as proxied by firm’s innovation strategy. A
major distinction between the present paper and Lööf and Nabavi (2014) is that our
study focuses only on firms with a persistent or almost persistent innovation strategy,
while they considered firms that are persistent and temporary R&D investors, as well
as firms that never engaged in R&D.

5 Results

Tables 2, 3 and 4 present the GMM and NBREG estimates of the effects of R&D in
high-technology sectors HT and non-high-technology sectors NHT sectors, and the
combined effect of R&D in these sectors when the firm is located in a metropolitan
areas. In the tables, there are two endogenous outcome variables: labour productivity
and patent applications.

The central research topic is to examine potential heterogeneity in the capacity
to benefit from knowledge spillovers in metropolitan areas between foreign-owned
and domestic MNEs, and between small and large firms. The literature discussion in
Sect. 2 suggests that foreign firms with access to home-based R&D may be relatively
more engaged in knowledge exploitation (reflected in productivity) than knowledge
exploration (reflected in patent). Concerning firm size, the literature is ambiguous
regarding the benefit of external knowledge in the local milieu. Highly specialized
firms that need complementary knowledge might be less distance sensitive than other
firms.Aghion and Jaravel (2015) suggest that themarginal rate of return fromspillovers
is larger for smaller firms, while Bloom et al. (2013) argue that smaller firms can
be expected to have significantly lower advantage of external knowledge since they
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tend to operate in technological “niches” where few other firms operate in the same
technology fields.

In general, the results show that external metropolitan knowledge adds to inter-
nal R&D in the productivity equation for large firms in high-technology sectors and
foreign-owned MNEs in non-high-productivity sectors, when accounting for endo-
geneity. These results have a causal interpretation. The patent equation shows that the
metropolitan bonus is restricted to domestically owned firms.

The tables are organized in the following way: Column (1) shows the results for the
entire sample, while columns (2) and (3) report results for the two subsamples foreign
MNE, domestic MNE. Columns (4) and (5) present results for the whole sample split
into Small and Large firms, where the latter category has more than 150 employees in
average. In all columns, our focus is on the two interaction variables betweenR&Dand
sector, and the two interaction variables between R&D,metropolitan and sector.While
the two first variables show the impact of R&D, the two latter report the additional
effect of R&D as a result of their presence in a metropolitan area. These two variables
are our spillovers indicators.

5.1 IV-GMM estimates

In Tables 2 and 3, we apply the two-step IV-GMMmodel on Eqs. (1) and (2). Table 2
presents the result for the relationship between labour productivity and its deter-
minants. In column (1), the lag of labour productivity (LP) is positive and highly
significant, showing the persistency of this performance variable. The sum of the
contemporaneous and lagged KL-variable (physical capital per employee) is also pos-
itive, and in accordance with the literature. R&D has a positive and highly significant
association with productivity for both high-technology firms and other manufacturing
firms. The size of the estimate is 0.06 and 0.07, respectively. When we examine the
spillover effect, measured as the additional impact on R&D from firms presence in a
metropolitan region, the coefficient estimate is 0.02 for high-tech firms and 0.08 for
non-high-tech firms. Only the latter is significantly different from zero. Concerning
the controls for firm mobility, we find that moving to or from a metropolitan area
has no instant productivity effect. Finally, we find that the MNEs have higher pro-
ductivity than other companies, ceteris paribus. The test statistics in the bottom part
of the table report that there is no serial correlation in the original error and that the
validity of the instrument cannot be rejected. The satisfactory test statistics allow us,
in principle, to give a causal interpretation of the estimates. Our first conclusion is that
we find a spillover effect, though only significant for non-high-technology firms. The
result supports the view that more knowledge or technology-intensive and specialized
firms tend to seek complementary knowledge in a more geographically dispersed area
compared with other companies.

Next, we consider columns (2)–(5) and the results for the two categories of MNE
and for the two size groups. For brevity, we only discuss the spillover effect and
compare the elasticity of productivity with respect to R&D when firms are present
in metropolitan region with the corresponding R&D estimate for all firms. Column
(2) considers foreign multinationals and suggests spillover effect only for non-high-
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Table 2 Two-step system GMM, level labour productivity

Dep Var:LP (1) (2) (3) (4) (5)
All FMNE DMNE Small Large

LPt−1 0.41*** 0.51*** 0.56*** 0.49*** 0.57***

(0.04) (0.04) (0.04) (0.04) (0.03)

KL 0.36*** 0.43*** 0.15*** 0.48*** 0.45***

(0.04) (0.06) (0.05) (0.07) (0.05)

KLt−1 −0.33*** −0.38*** −0.11*** −0.39*** −0.40***

(0.04) (0.05) (0.04) (0.06) (0.05)

RD × HT 0.06*** 0.09*** 0.03** 0.06*** 0.07***

(0.02) (0.02) (0.02) (0.02) (0.02)

RD × NHT 0.07*** 0.13*** 0.04* 0.07** 0.12***

(0.03) (0.03) (0.02) (0.03) (0.02)

RD × M × HT 0.02 0.02 0.01 0.00 0.03**

(0.02) (0.02) (0.01) (0.01) (0.02)

RD × M × NHT 0.08*** 0.08*** −0.01 0.02 0.00

(0.02) (0.03) (0.01) (0.02) (0.02)

Move in −0.50 −0.05 0.08 0.41 −0.83*

(0.39) (0.37) (0.38) (0.46) (0.43)

Move out 0.11 0.12 −0.06 0.11 −0.06

(0.08) (0.08) (0.09) (0.17) (0.07)

DUNI 0.04 −0.00 0.07

(0.03) (0.03) (0.05)

DMNE 0.07** −0.01 0.06*

(0.03) (0.03) (0.03)

FMNE 0.13*** 0.06* 0.09***

(0.03) (0.03) (0.03)

Observations 9730 3789 3925 4530 5200

Unique firms 902 447 493 526 520

Laglimits 5 4 3 3 3

Instruments 509 465 392 409 409

AR(2) 0.561 0.194 0.160 0.588 0.151

Hansen Overid. 0.267 0.922 0.540 0.761 0.717

Diff-in-Hansen test level eq. 0.995 0.336 0.213 0.666 0.181

Diff-in-Hansen test lag dep. 0.354 0.804 0.315 0.741 0.303

Robust standard error in parentheses. Year dummies included
* p < 0.1; ** p < 0.05; *** p < 0.01

technology firms. Column (3) shows that the spillover coefficient for domestic MNEs
is non-significant irrespective of technology sector. In column (4), we find no evidence
on spillover effect among Small firms. Column (5), however, reports a positive and
significant estimate for Large firms when high-technology firms are considered. The
estimate for other R&D firms is not significantly different from zero. The test statistics
are satisfactory across column (2)–column (5)
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Table 3 Two-step system GMM, growth labour productivity

Dep Var:�LP (1) (2) (3) (4) (5)
All FMNE DMNE Small Large

�LPt − 1 −0.09** −0.09*** −0.05 −0.05 −0.12***

(0.04) (0.02) (0.05) (0.04) (0.04)

LPt−1 −0.46*** −0.40*** −0.44*** −0.51*** −0.31***

(0.04) (0.03) (0.05) (0.05) (0.03)

KL 0.41*** 0.53*** 0.14*** 0.47*** 0.43***

(0.05) (0.05) (0.05) (0.08) (0.06)

KLt−1 −0.32*** −0.46*** −0.11*** −0.35*** −0.40***

(0.05) (0.05) (0.04) (0.06) (0.06)

RD × HT 0.10*** 0.09*** 0.04** 0.08*** 0.04**

(0.02) (0.02) (0.02) (0.02) (0.02)

RD × NHT 0.10*** 0.12*** 0.04* 0.10*** 0.08***

(0.03) (0.03) (0.02) (0.03) (0.02)

RD × M × HT −0.01 0.01 0.01 −0.01 0.03**

(0.01) (0.01) (0.01) (0.02) (0.01)

RD × M × NHT 0.00 0.11*** −0.02 −0.00 0.00

(0.02) (0.03) (0.02) (0.03) (0.01)

Move in 0.09 −0.66 0.01 −0.79 −0.71*

(0.23) (0.65) (0.34) (1.38) (0.43)

Move out −0.07 −0.01 −0.12 −0.01 0.04

(0.07) (0.08) (0.09) (0.17) (0.07)

DUNI 0.05** 0.02 0.05

(0.02) (0.03) (0.06)

DMNE 0.04 0.01 0.06

(0.03) (0.03) (0.06)

FMNE 0.08** 0.07* 0.08

(0.03) (0.04) (0.06)

Observations 8806 3533 3562 4051 4755

Unique firms 877 438 452 492 509

Laglimits 3 3 3 3 3

Instruments 764 408 408 419 438

AR(2) 0.340 0.806 0.986 0.319 0.597

Hansen Overid. 0.713 0.547 0.339 0.468 0.249

Diff-in-Hansen test level eq. 0.192 0.352 0.932 0.611 0.278

Diff-in-Hansen test lag dep. 0.327 0.839 0.287 0.579 0.268

Robust standard error in parentheses. Year dummies included
* p < 0.1; ** p < 0.05; *** p < 0.01

Table 3 presents our results for the growth equation. Focusing on the spillover
effect and the subsamples, the results are similar to the level equation. The coefficient
estimates are positive only for foreign-ownedmultinational non-high-technologyfirms
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(column 2) and large firms in the high-technology sector (column 5). The bottom part
of the table reports that the test statistics for serial correlation and overidentifying
restrictions are satisfactory.

Summarizing the productivity estimates, the results suggest that only large firms
are able to absorb knowledge spillovers from the nearby knowledge milieu, when
the high-technology sector is considered. This is in line with Bloom et al. (2013).
Our tentative explanation is that small high-technology firms are more dependent
on specialized external knowledge that might be accessible outside the local milieu.
Regarding low-technology firms, we only find a significant positive spillover effect
among foreign-owned firms. Here, our tentative interpretation is that this category of
firms is less connected to knowledge networks outside the metro area compared to
domestic firms.

5.2 Patent equations

Table 4 reports the results of negative binomial model on Eq. (3). The dependent
variable is number of patent applications. In all five columns, there is a positive and
statistically significant coefficient on the size variable, while the coefficient on capital
intensity is not significant. Rows 3, 4, 5 and 6, respectively, show that the summary
effect of the lagged R&D variables is positively associated with patent. Rows 7 and 8
report evidence on spillovers for high-technology firms and rows 9 and 10 spillovers
effect on non-high-tech firms.

The combined effect of the first and second lag of interaction variable between
R&D and metropolitan location is close to zero for the total sample. The spillover
effect is negligible for both high-technology and non-high-technology firms. Column
(2) reports negative effect on patent (exploitation of knowledge) from presence in a
metropolitan area when the sample represent foreign MNEs. This conclusion applies
to both high- and low-tech firms. Column (3) suggests that location in agglomeration
areas has a significantly positive impact on patent among domestically multinational
firms in high-technology sectors. No corresponding effect is found in other sectors.
Concerning firms size and spillovers, column (4) reports estimates that are not statis-
tically different from zero for small firms, and column (5) indicates a negative impact
for large firms, controlling for corporate ownership. The results reported in column
(4) and column (5) are the same for both high- and low-technology firms.

The home-based hypothesis discussed in Sect. 2, suggesting that domestic firm
have a comparative advantage in knowledge creation. Using patent as a proxy for
knowledge generation, our results give some evidence that this advantage is related to
spillover effects among high-technology firms.

6 Conclusion

Geographical and technology spillovers are present in all sectors. Firm performance
is potentially affected by knowledge spillovers which can be positive through comple-
mentary knowledge or negative business stealing effects. Spillovers can also be neutral
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Table 4 Random effect negative binomial models, patent

Dep Var: patent (1) (2) (3) (4) (5)
All FMNE DMNE Small Large

Size 0.18*** 0.17*** 0.22*** 0.50*** 0.08**

(0.02) (0.04) (0.04) (0.10) (0.04)

KL 0.02 −0.01 0.03 −0.00 0.01

(0.02) (0.03) (0.05) (0.05) (0.03)

RD × HTt−1 −0.05 −0.07 0.18 0.08 −0.07

(0.05) (0.07) (0.15) (0.11) (0.06)

RD × HTt−2 0.22*** 0.17** 0.23 0.28** 0.22***

(0.05) (0.07) (0.14) (0.11) (0.06)

RD × NHTt−1 −0.10 −0.14 0.06 0.10 −0.16**

(0.07) (0.10) (0.15) (0.15) (0.08)

RD × NHTt−2 0.25*** 0.21** 0.33** 0.13 0.30***

(0.07) (0.10) (0.15) (0.14) (0.08)

RD × M × HTt−1 0.14*** 0.11 0.17** 0.13 0.14**

(0.05) (0.08) (0.07) (0.08) (0.06)

RD × M × HTt−2 −0.15*** −0.18** −0.10 −0.09 −0.19***

(0.05) (0.08) (0.07) (0.08) (0.06)

RD × M × NHTt−1 0.15* 0.46** 0.14 0.12 0.15*

(0.08) (0.21) (0.09) (0.21) (0.08)

RD × M × NHTt−2 −0.12 −0.70*** −0.12 −0.01 −0.17**

(0.07) (0.26) (0.08) (0.21) (0.08)

Move in 0.26 −0.36 0.35 −17.35 0.31

(0.35) (1.07) (0.38) (5168.36) (0.35)

Move out −0.15 −0.18 −0.44 0.60* −0.70*

(0.24) (0.41) (0.30) (0.31) (0.36)

DUNI 0.61** 0.38 0.25

(0.27) (0.28) (0.56)

DMNE 0.89*** 0.82*** 0.12

(0.26) (0.28) (0.53)

FMNE 0.77*** 0.54* 0.02

(0.26) (0.29) (0.53)

Observations 9730 3789 3925 4530 5200

Unique firms 902 447 493 526 520

Robust standard error in parentheses. Year dummies included
* p < 0.1; ** p < 0.05; *** p < 0.01

or very limited if firms lack sufficient absorptive capacity or operate in technological
niches where few other firms operate in their field.

Increased access to extensive and detailed firm-level data enables us to learn more
about the complex and largely unobserved knowledge. This paper considers geograph-
ical spillovers and potential heterogeneity across technology sectors and size classes.
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The study is restricted to R&D firms in the manufacturing sector, with an unbalanced
sample of 1073 Swedish firms and data covering a 16-year period with close to 11,000
observations.

Our paper contributes to the literature in several ways. First, we use an extensive
dataset which enables us to capture heterogeneity between firms in various dimen-
sions. Second, by studying two different categories of output, we consider the impact
of spillovers on both generation and exploitation of knowledge. Third, we exploit
econometric methods that are able to handle the endogeneity issues which otherwise
might contaminate the empirical results.

We apply linear and nonlinear approaches and test the importance of knowledge
spillovers on labour productivity and patent applications. The overall result shows
that not all R&D firms benefits from knowledge spillovers captured by presence in
an agglomeration area. Using a dynamic production function approach and exam-
ining labour productivity in both level and growth dimension, we find robust, causal
effect from local spillovers to productivity for large firms and for foreign-ownedmulti-
national firms in non-high-technology sectors. Location in agglomeration areas has a
significant positive effect on patenting among domestically owned multinational firms
in high-technology sectors. Concerning size, we find a negative spillover impact on
patenting among large firms.

There are various possible extensions to the line of research conducted in this
paper. One interesting area is to expand the impact on patents by using cite-weighted
granted patent, rather than only number of patent applications. Another possibility
is to use a structural model to study how knowledge spillovers influence both the
decision to engage in R&D and the outcome of R&D-efforts, perhaps using a spatial
econometrics approach. A third area is to include trade, technology and geography in
the same approach and investigate in greater detail how the various mechanisms of
spillovers separately and combined influence firm performance. The most connected
extension to the paper is to deepen the analysis on the distinct differences in spillover
effect between domestically and foreign multinational firms located in agglomeration
areas.
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