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Abstract

The aim of this study is that of further exploring the knowledge spillover effects of Large International firms. In
particular, we implement a spatial analysis in United States, Japan and Europe. We use technological vectors of
firms to compute Jaffe proximity measure in such a way that we get knowledge externalities relative to different
countries. To our end, we estimate the spatial-autoregressive model where we consider also additional
endogenous variables. The findings demonstrate the significant positive effect predicted by the core literature
about this topic.
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1. Introduction

There are two relevant notions of potential Spillovers in literature (Griliches, 1979). Indeed, R&D activities can
produce knowledge spillovers and rent spillovers. The first type of Spillovers relates to new goods without
taking into account the technological innovation in the price. The second type of spillovers considers the
knowledge created and transferable across firms or countries (Aldieri, 2011). In this paper, we pay attention
mainly to the concept of knowledge Spillovers, which does not consider the improvement in the pecuniary
variables.

We find many works that analyse the technology externalities in the empirical literature. Usually, the distance
between patent portfolio vectors is employed to identify proximity between the firms, inserted in a particular
knowledge space (Benner & Waldfogel, 2008).

The main objective of this work is to explore the spatial dimension of the knowledge interactions between large
international firms. To this end, we introduce a spatial approach, by assuming that R&D expenditures of each
firm are affected by the expenditures of nearby firms. In this way, we can investigate the extent to which the
technological proximity is sensitive to spatial perspective. Thus, our aim is to contribute to existing literature on
the knowledge spillover effects of Large International firms, by developing the spatial-autoregressive model
where we consider also additional endogenous variables. In particular, the analysis considers three world
economic areas: the United States, Japan and Europe.

The paper (Note 1) is organized as follows. Section 2 reviews the relevant literature. Section 3 presents the data.
Empirical framework is discussed in section 4 and, finally, section 5 suggests some policy implications for
further research.

2. Literature Review

For a good assimilation of other firms’ knowledge, it is important to exploit the proximity to the source of
externalities, as suggested by many economists (Aldieri and Cincera, 2009; Carreira and Lopes, 2018; Jaffe,
1986; Jaffe et al., 1993; Orlando, 2004), which have explored knowledge technology flows taking into account
the geographic proximity or technological linkages between the innovation producer and the recipients. In
particular, Carreira and Lopes (2018) found that regional knowledge Spillovers differ substantially across
industries. However, it has been recognized that both the technological and the geographical distance between
firms affect knowledge flows from innovation. Indeed, different approaches have been implemented to measure
technological and geographical knowledge Spillovers. Jaffe (1986 and 1988) develops an efficient approach to
measure the technology externalities. Indeed, he considers a knowledge space where the firms are located and
calculates the uncentered correlation coefficient as the proximity index. From three estimation models results,
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we can observe that there is a positive effect of spillover on the firm’s performance. As far as the spatial
approach is concerned, Pelyasov, Kuritsyna-Korsoyskaya (2009) develop a spatial analysis through the
agglomerations of knowledge firms in industries, the geographic concentration of industrial R&D and the
concentration of university R&D. Baburin and Zemtsov (2013) explore geographical aspects of innovation
processes, by paying attention mainly to the role of large cities, while Aganbegyan et al. (2013) realize an
investigation of spatial aspects of modernization of the real sector in Russia. Kuznetsov et al. (2015) explore the
spatial resources and limitations for modernization. Crescenzi and Jaax (2017) perform an analysis of the
territorial dynamics of knowledge creation.

3. Data

The dataset employed in the investigation is computed as in Aldieri and Vinci (2015, 2016). The source of firms’
economic and financial features is the EU R&D investment scoreboards editions made every year by the
European Commission JRC-IPTS (scoreboards). The analysis is developed in three World economic areas: the
USA, Japan and Europe. The data correspond to companies’ latest published accounts. In order to maximize
completeness and avoid double counting, the consolidated group accounts of ultimate parent company are used.
Companies that are subsidiaries of any other company are not listed separately. Companies are matched to the
registered office of country where they are located. This is the company address notified to the official company
registry. It is normally the place where a company’s books are kept. After an accurate cleaning procedure of raw
data, we identify a sample of 625 firms for 2010 year, useful to implement a spatial analysis. In particular, we
evidence the following relevant variables for the analysis: R&D expenditures (E), net sales (S), the intra-industry
R&D flow (SR), the capital expenditures (C) and main industry sectors according to the Industrial Classification
Benchmark (ICB) at the two digits level. The variables S, C, E and SR are measured in logarithmic terms in the
estimation model. In order to obtain the knowledge space in which we can present the distribution of
technological classes of patents for each firm, we exploit also another dataset in this investigation: the OECD,
REGPAT database, January 2012 (Note 2, Note 3). This dataset includes the firms’ patent applications in the
European Patent Office (EPO) until December 2011. The dataset considers also the geographical features of
OECD countries and Brazil, Russia, India, China and South Africa. This technical characteristic allows paying
attention also to economic aspects of different countries in the world.

The process to match the companies selected from the scoreboards to the patents from REGPAT dataset is very
complex because of possible mergers and acquisitions between firms. However, the procedure is well described
in Aldieri and Vinci (2015, 2016).

4. Spatial Analysis Procedure

In the empirical literature, there are two approaches to deal with the spatial dependence. From one hand, there is
the spatial lag model (SAR), which can be employed to investigate the existence and strength of spatial
interaction. The crucial feature of spatial analysis is the spatial weight matrix, W. Their elements have the
following characteristics: non-zero values outside the principal diagonal mean that there is the possible technical
relation between each possible pair of units. In symmetric matrices, if w; = 1 the two observed units are
neighbours and w;; = 0 otherwise. In case of a contiguity matrix, wj; = d;. In this approach, d is some measure of
geographical distance between the units. Indeed, w;; = 1/d;; , where d;; is the distance between places i and j. In
this case, wjjmeasures the degree of the closeness. The spatial weight matrix is usually standardized to limit
dependence. In a row-normalized matrix, the (i, j)* element of W becomes W = w; i/ X q; where Y q; is the
sum of the i row of W. The spatial weight matrix, W, is important to learn whether any pair of observations
are neighbours. We can assume the spatial lag as a spatial weighted average of observations at neighbouring
locations. In this framework, the relative model is to be estimated through maximum likelihood approach,
because OLS leads to biased and inconsistent estimates (Anselin, 1988). From another hand, there is the spatial
error model (SARE), where spatial dependence in the error term is assumed. Ignoring this property leads to
misleading inference (Anselin, 1988). In this paper, we use the Jaffe technological proximity matrix to identify
d; in the spatial-weight matrix (W) whose non-zero off-elements (wjj) represent the degree of potential spatial
interaction between ith and jth pair of locations. By assuming that knowledge vectors are treated as geographical
units, we evaluate the technological proximity between different firms or locations, as in a contiguity matrix.

Table 1 display the quality of knowledge interactions between firms. In particular, as we may observe there are
383470 total relations in a range of 429 as a minimum value and 625 as a maximum value.
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Table 1. Spatial-weighting matrix

Matrix 625 X 625
Values

Min 0

Min>0 0.0001186
Mean 0.0015974
Max 0.5384
Links

Total 383470
Min 429

Mean 612.57
Max 625

We focus our attention on 625 companies for 2010 year to develop the spatial analysis. Our aim is to explore
whether R&D investment by neighbour firms determines R&D investment in observed firm, by controlling for
other economic aspects. In particular, we investigate the model given from equation (1) where we include a term
for both spatial error and spatial lag, and also endogenous independent variables. To this end, we implement the
Spatial-autoregressive with Spatial Autoregressive Errors and Endogenous Explanatory Variables (‘spivreg’
routine in STATA implemented by Drukker, Prucha and Raciborski, 2013).

y=An+ BB+ Wy +u €8
u=pMu+e 2)

As we may see from equation (1), y is the dependent variable; A is a matrix relative to endogenous variables, and
m is the relative parameter vector; B is a matrix of observations on exogenous variables and S is the
corresponding parameter vector; W and M are the spatial matrices (with 0 diagonal elements); Wy and Mu are
the vectors typically referred to as spatial lags, and A and p are the relative scalar parameters; € is a vector of
innovations. W and M are inverse-distance spatial weighting contiguity matrices where the distances are based
on Jaffe proximity measures and we assume that W = M. Table 2 evidences the findings of instrumental variable
spatial models in which also possible autocorrelation of disturbances are taken into account.

However, we know that Jaffe proximity measure has been developed by observing the distribution of patent
applications rather than patents’ inventors. In the future, it would be interesting to test for the robustness of our
main findings, by taking into account other channels of the innovation diffusion process. Through this new
procedure, the technology spillovers from the inventors’ mobility will be evidenced. Moreover, Jaffe
technological measure is a symmetric proximity. For this reason, in the future, it is worth investigating not only
symmetric proximity measures but also asymmetric ones, which take into account the vertical interactions
between the firms. In this way, we could compare our results in such a way that the findings based on horizontal
spillovers are distinguished from those based on vertical ones.

Table 2. Regression results

Dependent variable: In E,

ALL Est. S.E*.
LnS 0.54%%* (0.086)
LnC 0.12%* (0.062)
Ln SR -0.22%% (0.045)
Lambda 1.09%++ (0.195)
P 0.78%%* (0.165)
USA

LnS 0.50%%* (0.091)
LnC 0.19%* (0.076)
Ln SR -0.18%% (0.054)
Lambda 0.72%%* (0.223)
P 0.55 (0.350)
P

LnS 0.83%%* (0.181)
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LnC 0.14 (0.136)
Ln SR -0.40%%+ (0.074)
Lambda 0.70%%* (0.226)
P 0.30 (0.291)
EU

LnS 0.68%%* (0.151)
LnC 0.05 (0.105)
Ln SR 0.21 %% (0.058)
Lambda 1.02%%+ (0.310)
P 0.47 (0.470)

Notes. ***,** The significance level for the coefficients is the 1%, 5%. We include time dummies and industry dummies in the model.
Endogenous variables are Ln S, Ln C, Ln SR and Instruments are their lagged values.

We can reject the null hypothesis of the parameter relative spatial lag (A=0). The finding that the coefficient A is
statistically positive for all countries seems to evidence SAR dependence in innovation intensity. As far as the
parameter p is concerned, it is not significant for each country and this result could be read in the following way:
there is not a significant SAR dependence in the error term. In particular, this result is in line with respect to core
literature on innovation and competition (Aghion et al., 2005): the knowledge spillover effect, identified by the
spatial lag parameter in the spatial analysis, is significantly positive. This finding seems to display that there is
evidence of R&D spillovers across spatially distributed firms. Thus, both the technological and spatial proximity
measures are useful in the analysis of technology diffusion processes between the firms.

The analysis implemented in this study helps to verify the extent to which technological proximity is sensitive to
spatial distribution of knowledge flows. However, this investigation requires further improvements. Indeed, the
spatial analysis developed here does not distinguish the potential effects of R&D activities on competitors’ R&D
decisions in different sectors (Note 4). In order to obtain this finding, we should classify the forms on the basis
of the main technological activity, by assuring a sufficient number of units for each technology group.

5. Conclusions

The main objective of this study is that of investigating the extent to which firms’ innovative activity in terms of
R&D activities is sensitive to spatial dimension of knowledge flows or spillovers at the firm level. The spatial
analysis considers three World economic areas: the United States, Japan, and Europe and is performed for the
2010 year. In order to control for the technological distance between the companies, we pay attention to the
procedure implemented in Jaffe (1986). In particular, for each firm we identify its patent distribution portfolio,
where the knowledge classes are evidenced. Once assumed that firm’s patent portfolio is treated as a
geographical space, we can exploit the distance between the firms or locations. Since there is heterogeneity and
weak exogeneity of the independent variables, we introduce efficient econometric techniques, the combined
spatial-autoregressive model in which we consider also the disturbances and the additional endogenous
variables.

We might distinguish two possible consequences of outside innovation on own innovation activity. Firstly, the
incentive to invest in R&D could decrease because of the imperfect appropriability conditions. Secondly, the
oligopoly condition of markets could promote the firms in such a way that they engage more in R&D activities.
In our case, the findings show that the term relative to the intra-industry R&D (SR) is statistically negative, by
confirming the competition negative effect predicted by the core literature about this topic (Aghion et al., 2005).

This result could be relevant to theory and practice in terms of policy implications. Indeed, the industrial strategy
based on mergers and acquisitions process assumes an important role to deal with the knowledge externalities
between the international firms.

As far as the further research is concerned, we might develop the proximity measure between the firms on the
basis of the distribution of patents’ inventors rather than patent applications in the computation procedure of
spillovers. In this way we could test for the robustness of our main findings, by taking into account other
channels of the innovation diffusion process. Through this new procedure, the technology spillovers from the
inventors’ mobility will be evidenced. The analysis implemented in this study helps to verify the extent to which
technological proximity is sensitive to spatial distribution of knowledge flows. However, this investigation
requires further improvements. Indeed, the spatial analysis developed here does not distinguish the potential
effects of R&D activities on competitors’ R&D decisions in different sectors (Note 5). In order to obtain this
finding, we should classify the forms on the basis of the main technological activity, by assuring a sufficient
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number of units for each technology group.
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Notes

Note 1. An earlier version of this paper is available online as working paper in a repository (Munich Personal
RePEc Archive) at https://mpra.ub.uni-muenchen.de/63402/

Note 2. The explanation of the methodology relative to the construction of REGPAT database can be found in
Maraut, Dernis, Webb, Spieazia and Guellec (2008).

Note 3. REGPAT dataset can be downloaded by contacting Helene. DERNIS@oecd.org

Note 4. In this paper we have employed all technology sectors, because we have not a sufficient number of
companies in some of them.

Note 5. In this paper we have employed all sectors, because we have a too low number of firms in some of them.
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