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Abstract

This paper aims to measure knowledge spillovensgusivo methods across 94 French
departments.

In the first part, we estimate the reduced fornthefinnovation-generating equation for
French departments by distinguishing the effectsR&D carried out in several
geographic areas (for example from 0 to 200km, f&0@ to 400 km, and from more
than 400); the purpose of this first method is teasure the presence of knowledge
spillovers.

In the second part of our work, the analysis ugestial econometrics to measure
knowledge spillovers and to question the assumstion the relationship between
spatial proximity and innovation. We will first @t the existence of spatial correlation
by calculating the Moran's test with different dgoity matrices, and then we use a
spatial model to model innovation data; the purpaisthis second method is to show
that knowledge spillovers are localized.

The mains focus in this study is to compare thaltesfound by using these two
methods. This allows us to measure geographicaimity and to show that spillovers
are localized.
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1. Introduction

Studies that have emerged in the early 90s anddekoribed the geographical pattern of
innovative activities within nations are so manythe American context than in the
European context (Puga 1999; Amiti 1998; OST, 1%38;i and Usai 2000 Vertova, 2004,
Autant-Bernard et al., 2008, Escribano et al, 2089)the center of this analysis is often
the concept of geographic knowledge spillovers: plositive effect of the geographic
proximity is the result of the existence of a liatibn on the dissemination of knowledge
spillovers in space (Rigby and Zook, 2002 and bscr et al, 2009).

Recent research, however, has argue that no rezmorjustify a learning process is
territorially limited (O'Brien 1992, Amin and Cohdet, 2004, Giuliani and Bell, 2005,
Escribano et al. 2009). Thus, some authors questitime efficacy and validity of physical
space and "They have unwisely supported the tloésiee end of the distance” (Rallet and
Torre 2007). Thus, the question is: do we stillddaith in the benefits of geographical
proximity in the process of innovation? Either we announcing the end of geography
(O'Brien, 1992) and distance (Cairncross, 2001)?

While most studies question the role of geographpoaximity in the innovation process,
is in a part, because of the existence of othengoof non-geographic proximity. On the
other hand, the advent of ICT appears to favora@py the geographical proximity.
However, measures used in literature to capturdogeis and to reveal the role of
geographical proximity in the production of innaeat are insufficient. This provided
another reason for the underestimation of theablgpace in innovation studies.

Thus, the ambiguity of the externality concept hnaesde the empirical interpretation a
difficult task. Economists try to use more direppeoaches to highlight the externalities,
whereas until here, while up here, the most usedefsodo it only partially (Jaffe,
Trajtenberg and Henderson, 1993; Autant-BernardMaskard, 1999; Massard and Torre,
2004). These works are based on estimated innovptaduction function or on the patent
citation and they deduct more than they show thalldimension of spillovers.

Based on this principle, it becomes essential ® ars empirical thorough approach and
more direct to measure more reliably the role @ftspin the innovation process. To do it,
we will not underestimate or overestimate the rofegeographical proximity in the
production of innovation.

This paper is organized as follows: Section 2 angr@ides a short overview of the
theoretical results related to the methods for &g spillovers. Section 4 describes the
data and methods. The econometric methodology esults are introduced in Section 5
and 6. The paper ends with some conclusions.

2. Background theory: from patent citation approachto innovation
production function approach (IPF)

The purpose of this section is to discuss the adgas and limitations of three approaches
presented by authors of the Geography of Innovdtianeasure knowledge spillovers.

The first is the approach of patent citatib@#affe, Trajtenberg and Henderson, 1993, Jaffe
and Trajtenberg (1999), Almeida and Kogut, 1999)eil experience is to compare the
geographic location of patent citations with thithe original. If a patent B cites patent A,

! Patent citations are the part of the information contained in patents. Each patent contains references which list
all patents describing the state of the art technology combined with previous technology



implies that patent A represents a portion of thisteng knowledge, based on which the
patent B. Therefore, the number of citations rezgilsy each patent by using information
from amount of transmitted information and is thnsindicator of knowledge spillovers.
This method was subsequently criticized: (1) togragated level of patent classes. Patents
controls were selected based on only three levelseoUSPTO. (2) The quotations do not
always reflect the extent of spillovers where inees are able to cite patents after
completing the invention. (3) The problem of detaythe time gap between the year of
publication of the patent and the patent citat{di.Difficulties in determining the location
because an innovation can have several inventoossdemot reside necessarily in the same
place.

Thus, this method measures only the geographidmityxbetween the original patent and
citation and assumes that patent citations reieotvledge flows.

Another method is presented to shed light on theractions between space and
innovation: the geographical concentration. Thegpile of this method is to show that if
spillovers are local, then one of their effectslvide to stimulate a combination of
innovative activities in some places.

Thus, work on the concentration of innovation asgeatially static, authors aim to explain
the location of innovative activities at a givemé and location to connect the phenomena
of local technological spillovers.

This second way of modeling considers that the eotmation of innovation is the sign of
the presence of spillovers and does not measune \théh certainty.

The third method is the innovation production fumct(IPF). Jaffe (1989) is the forerunner
in the use of the (IPF). He first studied the inmpEdhe research activity of universities on
the innovative capacity of firms in the same ar€a. capture interactions over local
between universities and industries, he then iniced an index of geographic coincidence
between public and private research (corresponirige correlation between the number
of employees in R & D within a metropolitan areaaoftate and the volume of public
spending on research conducted in the same geocghplea).

This approach has been taken up and expanded li\ngarga and Acs (1997). This
authors constructed models based on spatial ini@nathis led to move from an "indirect”
which infers the existence of externalities to ppraach "direct".

This is the most commonly used approach since st the advantage to measure the
interaction between neighbouring units and relativé is therefore a measure of
geographical space in which knowledge spillovesutth occur but the spatial dimension
of the phenomena is set a priori.

3. Innovation production function and spatial interactions: the
extensions

Researches on measures of knowledge spillovergaaied and could identify the role of

geographical proximity in the capture of spillove@verall, we find a consensus around
the idea of a local dimension of knowledge spillsveHowever, despite the interest of
each, none of the methods used in the literatupeap sufficient to measure externalities:
the analysis on the concentration measures thé dinceension of externalities and does
not confirm their attendance. In contrast, modelgigdies knowledge spillovers treat
poorly the geographic dimension.

Thus, to measure the externalities it is importaniest two main assumptions:

Hypothesis 1:the presence of knowledge spillovers

Hypothesis 2:knowledge spillovers are localized



Therefore it seems desirable to use with the intiwgoroduction function approach a
second method that can test the local nature oflketye spillovers.

3.1 Approach by geographic areds

The model proposed here is based on a study byray@ugal areas. We use an IPF for
measuring externalities in intervals of 200 km. Neéa better confine the spatial extent of
externalities, we measure the externalities byrvialeof 100km (see Annex 1). This study
was conducted by Bottazzi and Peri (2003) on a Eamp86 European regions. The
authors distinguish the effects of R & D carried ou 5 geographic areas (from O to
300km, from 300 to 600 km, from 600 to 900, fron096 1300 and from 1300 to 2000
km). On a study of 86 European regions, they fhmat there are flows of knowledge, but
only between regions separated by less than 300v¥hen expenditure on R & D in a
region doubles the number of patents filed in otlegions in this interval will increase by
2-3%, while it increases the innovations of the saegion of 80-90%. Using this method,
we can test the first hypothesis:

H1: The presence of knowledge spillovers

3.2 Spatial Econometrics approach

The second approach based on the tools of spataloenetrics is also used to study the
role of space in the process of innovation. Throtlgs approach we find a notion of
geographical proximity to both more accurate andemaynamic: modeling of spatial
autocorrelation makes it possible to capture thestemce, scope and influence of
geographic spillovers.

We use spatial econometrics in our work to meashee geographical dimension of
spillovers and to show their spatial character. d&fe then verify the second hypothesis of
our study:

H2: knowledge spillovers are localized

4. Data and variables

Applied to the French case, our study proposed éasmre the effect of knowledge
spillovers in the production of innovation throughknowledge production function of
Griliches-Jaffe type. We mobilize the survey da&DR(2002-2004) to identify resources
necessary for innovation. Several reasons justifycboice of survey R&D:

- R&D is representative at regional level (as ogooto Community Innovation Survey
CIS that is not representative at regional level).

- The R&D data are available by establishments (§€ll&ey has only data by enterprise
level, the distribution of R&D by establishments dalculated by using the share of
employments in theestablishment concerned in th& taumber of employees in the
department)

2 Autant-Bernard (2001a,b) for a study on France has used another method: Order of contiguity between spatial
units to test the impact on the level of innovation from a French department, characteristics (R&D and private
Public human capital) of neighboring departments on the one hand, and the neighboring departments of these
same districts bordering other.



Moreover, the availability of zip code of each eptese has avoided merging this survey
with other since we have all the information neaegsfor the construction of our
exogenous variables.

The variables used in our work are:
Patents

We used patent data calculated at the departmétal (2004-2006) to measure the
output of innovation. These data are from the ldd8IPI-IPO (Observatory of Industrial
Property) which identifies all patents filed bynfis and financial institutions. They are
identified by the address of residence of inveném@ non-depositors.

This takes into account the spatial dimension.dditeon, these data have the advantage to
identify from French origin, the inventions arisifiggm research conducted on French
territory and also by international patents. Thigiable measures the number patents in
each department and is subsequently divided byt of each department. Therefore, it
measures the intensity of innovation in a squatemeter of each department (see
Appendix 3). Using patent activities such as meaguof innovation was not without
controversies. But there is no alternative indicatuch as rich in information regarding
the location of people or firms that are the sowfcmnovation (Paci and Usai, 1999). The
data is expressed in logarithms because the madeapecified in logarithms. The
coefficients thus indicate the elasticity of inntea with respect to each of the inputs.
This choice also appears to be the most appropriate

R&D

We chose to shift in time the dependent variab&ets) and the independent variables
(Expenditure R&D). At this point, we refer the wodt Crepon, Duguet and Mairesse
(1998): Expenditure on R&D is measured in 1985 wiile dependent variable measures
the output of innovation for the period 1986-19%0is is explained by the fact that the
fruits of innovation are shifted relative to invesnt in R&D. (Cf. Feldman, 1994;
Audretsch and Feldman, 1999, for long shifts orlHatiliches and Hausman, 1984, for
the choice of a short lag of one to two years).

This variable represent the total R&D/km2 of eac@pattment (see Appendix 2
In addition, the R&D is measured by performing aosthing over three years. Otherwise,
we take into account the sum of expenditures fiielyears. This smoothing is that several
years of cumulative R&D can accumulate knowledger ®everal years and thus produce
a result in terms of innovation.

Khi

The indicator of human capital used here relatesninmber of researchers to the total
spent on R&D. This variable measures for each #neaproportion of researchers in
relation to all staff employed in the researchdeeshers, technicians, administrative staff,
etc.).

Specialization

It is measured by the ratio of the share of exgenglion R&D of a sector k in the
department i share the same set at the natiorell lev



Sectoral specialization is defined by the ratiotlté share of R&D expenditure in the
department k i in the total expenditure of the depant i divided on the same set at
national level:

rdi k/rdi

S =
Pe " ak frd

Where rdk represents the R&D expenditure of sektat national level. And rd is the
national total expenditures for that year. A pesitieffect of this variable on the local
industry to innovate would be perceived as indigatihe existence of externalities type
MAR.

Diversification
Diversity is measured by the inverse of Herfindhdex. This is captured by the part of all

sectors in total R&D department with the exceptidsector k analyzed. It is also standard
on the same principle to the national level:
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Where k is the total number of sectors. This inicéaakes important values when the
sizes of the sectors, other than sector k areivelgtclose: the numerator is maximized
when all sectors have the same level of local Spgné positive influence of this variable

would reflect the existence of externalities likkedbs.

Size

This variable measures the average size in termsuofber of R&D companies and
department i divided on the average size of firmthis sector nationally.

effi.k

nbi.k

Size \ = effk

nbk

Whereeff denotes the effective of R&D and nb the numbecarhpanies in the sector k.
A negative influence of the variabédf confirms the important role of small firms in the
dynamics of local externalities while a positivderavould be to affirm the existence of
increasing returns from research and should thexgfgdate more to the sectors with high
costs Fixed search (Massard and Riou, 2002).



5. Econometric Modeling and Results

Before presenting our results, we specify the atioo of departments by interval of 200 km:

Mean Min Max
Average number of departments in [0 :200[ 16.29787 3 25
Average number of departments in [200 :400[ 33.08511 11 58
Average number of departments in [400 :600[ 29.42553 16 40
Average number of departments for more than 600 14.21277 0 47

km

Table 1: of departments by interval 200 km

5.1Endogeneity problem

The estimation of our model by the OLS has beerketiby an endogeneity problem. Our
R&D exogenous variable is correlated with the eteom which can lead to bias on the
OLS estimators.

Hausman (1978) proposed a test to detect the pesérendogeneity. The results found
are as follows:

Instrumented: 1n(R&D)i

Instruments: DIV k Taillei,k Spex ln[i [0_200[(R&D)i] l:'l[i [200_400[(R&D)| l:'l[i [400-
soo(R&D);

l31[i [morethanGO(ﬁR&D)i Kh

Tests of endogeneity of: R&D

HO: Regressor is exogenous

Wu-Hausman F test: 550.20949 F(1,464) P-value = 0.00000

Durbin-Wu-Hausman chi-sq test:  257.14539 Chi-sq(1) P-value = 0.00000

Table 2: Haussman test

The test of endogeneity is significant at 1% intdigathe rejection of HO (no endogeneity)
and the acceptance of H1 (the presence of enddgéméine model).

To find the best instrumental variable, we chodse linear combination that is most
strongly correlated with our variable R&D.

Our variable measuring expenditure on R&D is endogs so as it can be explained by
the variable of human capital which is thus thetruraental variable in our model.
Once our instrumental variable is chosen, then stienate the model by the double least
square method (2SLS) or two-stage least squares



5.2. Basic specification using 200 km distance imtel

We have established a robust estimate to accoupréblems of heteroscedasticity in the
model. We present below a comparison of resulteidolby OLS and the results found
using 2SLS:

MCO 2SLS
Bvt Coef. Std. Coef. Std.
In (R&D) 0.629%*=* (0.015) 1.021** (0. 024
Kh 0.543*** (0.032)
Spe 0.018*** (0.008) 0.083*** (0.017)
DIV -0.029***  (0.015) -0.012 (0.019)
Taille -0.062**  (0.023)  -0.245*** (0.049)
I1 [; 10.200(R&D)] 0.060*** (0.018) 0.090*** (0.02)
11 [; 1200.400(R&D)] 0.036*** (0.014) 0.037 (0.012)
Iny 00-600(R&D)] 0.015 (0.021) 0.024 (0.0112)
Iny; (morethansodR&D)] 0.011 (0.017) 0.027 (0.024)
Cste -1.973 (0.67) -8.080 (0.453)
R-squared 0.966 0.888
Root MSE 0.860 0.629

*Coefficient significant at the 10%, ** coefficienignificant at the 5%, *** coefficient significastt the 1%
standard deviation between parenthesis.

Table 3: Estimation using 200 km distance intervalhis table shows a very significant and
positive impact (at the 1%) of R&D measured in patément i on the production of
innovation in the same department. Our resultsendar to those found by the economic
theorists of innovation carried out on both Amemni@ad European data (Jaffe et al. 1993;
Feldman 1994; Lung (1997), Moreno, Paci and U28006) ...).

The coefficient of this variable becomes more digant in the second model. The
elasticity of innovation to R&D is 1.021.

We have found a significant and positive relatiopshith R&D measured in the range
000-200 and 200-400. Using 2SLS method, only thedfioient of the first interval which
remains significant. Therefore, the spatial extdrexternalities related to the total R&D is
200km. Here we have similar results to those obthiny Bottazzi and Peri (2003), who
found that the coefficients become insignificanydred 300 km for a study on European
regions.

The elasticity of innovation to R&D departmentsdted in the interval (0-200) is 0.090
while it becomes insignificant for the departmemisst distant (200-400).
The effect of R&D spillovers therefore decreasethwistance.



To further limit the extent of externalities, wellgroceed to the following estimate where
externalities are measured in intervals of 100 km.

5.2Basic specification using distance interval of 10k0m
We complete our analysis by measuring externalitigsrval of 100 km. We present a
descriptive analysis of the distribution departmantintervals of 100 km and then we

present the results of our second estimate.

The following table gives the observed average ramolb departments at intervals of 100
Km.

Mean Min Max
Average number of departments in[0 :100] 4.638298 0 12
Average number of departments in[100 :200[ 11.65957 3 20
Average number of departments in[200 :300[ 15.46809 5 32
Average number of departments in[300 :400[ 17.61702 6 33
Average number of departments for more than 400 43.6383 16 79

km

Table 4: of departments by interval of 100 km

Regression 2 identify whether there are exterealiof knowledge in intervals of less
restrictive. The estimation of Model 2 gives us fillowing results:

Tableau 1 Résultats d’estimation du modeéle 2

MCO 2SLS
Bvt Coef. Std. Coef. Std.
In(R&D) 0.628**  (0.014) (0.034
1.096***
Kh 0.566***  (0.033)
Spe 0.021***  (0.008) 0.097*** (0.018)
DIV -0.032** (0.013) -0.012 (0.20)
size -0.068*** (0.023) -0.267***  (0.054)
1n[ij0-100((R&D)] 0.048**  (0.009) 0.055*** (0.019)
11} 1200-200(R&D) 0.036***  (0.009) 0.057** (0.025)
11; 200-300(R&D) 0.018 (0.009) 0.033 (0.018)
11; (300-400(R&D) 0.008 (0.007) 0.026 (0.019)
1N} imorethansodfR&D) 0.015 (0.012) -0.078 0.022
Cste -1.674 -8.157 (0.494)
(0.406)
R-squared 0.964 0.852
Root MSE 0.350 0.717

* Coefficient significant at the 10%, ** coefficiesignificant at the 5%, *** coefficient significamt the 1%
standard deviation between parenthesis

Table 5: Estimation using 100 km distance interval



As we found earlier, the implied spatial spreadR&D related to the acquisition of
external knowledge is 200 km since the coefficien@96, 0.055 and 0.057 are significant
at 1%.

By estimating our model with 2SLS, we also notet ttiee specialization variable has
significant and positive influence on the productiof innovation. Regarding the
diversification variable, the regression showsnfluence on innovation.

Many recent econometric studies have tried to miisish and evaluate the effects of
specialization and sectoral diversity of the inrtoxeactivities of enterprises.

Our finding is similar to study of Henderson, Kuneand Turner (1995) who see the
positive role of specialization while diversity has significant impact.

But beyond that, it is appropriate to measure gaial dimensions of spillovers and show
their spatial character. It will target the nexttsen will measure the spatial character of
the spillover using the tools of spatial econonaestri

5.3Estimation using the tools of spatial econometrics

5.3.1 Spatial data analysis

Modeling spatial autocorrelation allows us to captthe existence and the influence of
geographical spillovers. The most commonly useaxndetecting global autocorrelation
of a variable of interesbfevet) is Moran's | index. Roughly speaking the Moragieixi is a
cross product correlation measure that incorporafesce’ through a spatial weight matrix
W which reflects geographical proximity. Formallgt n the number of elementary spatial
unit “departments’, breveti (xi); i = 1,..., n, theevet at the department i. The Moran's
index is defined as:

NI Z W, (x,—%)(x;— %)

[ =—= .
So2i(x;—X)°

Where xi is the value of the x variable at locatiork is the sample mean, wij is the
corresponding element of the spatial weight matvik expresses the degree od
interdependence between location | and locatiomd §, = X, X, W,;. N is the total
number of areas or observations.

At this stage a remark is in order. It is importemselect an appropriate spatial weighting
matrix when calculating the spatial autocorrelastatistic since it assigns weights to each
pair of observation locations. The simplest weigtatrix for area data is a set of binary
weights that assigns the value one if two locaittave a common border and zero
otherwise [see Anselin, 1988 and Anselin et alQ4&@or other forms of the weight
matrix]. These weights are then summarized in tragial weights matrix W. Since each
observation by convention can't be its own neighherdiagonal consists of zeros. 1 Note
that by construction LI [-1,1] ; | close to 1 denotes a strong spatialoeoitrelation
(positive or negative).
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Table 6 reports the Moran’s | statistics. Test tesfi Moran is calculated using the
distance matrix d = 200 km are as follows:

Moran's |

Variables | E(l) sd(l) =z p-value*

brevet 0.515 -0.001 0.010 53.876 0.000

Table 6: Moran test

The Moran test rejects the null hypothesis of natigbautocorrelation (critical probability
of less than 1%).

5.3.2 Spatial econometric models

Taking into account the spatial autocorrelationaisnecessary precaution to do any
empirical mobilizing spatial data. This dependenee be introduced into the model in
several ways: In terms of the dependent variabtherspatial autoregressive model (SAR),
and spatial error model (SEM).

5.3.2.1 Spatial autoregressive model (SAR)

One way to incorporate spatial autocorrelation magel is as follows:

v=pWy +WF + =

Where W is matrix defining the neighborhood stroetandp is the spatial auto-regressive
parameter. This model is appropriate in the casespaftial dependence between the
dependent variable of near localities giving rizsspatial auto-regressive problem.

5.3.2.2 Spatial error model (SEM)

The most used specification is in a spatial errodeh. The structural model is:

v= X +¢

g= AWes+u

A measures the intensity of the interdependencedagtthe residuals from the regression,
u is the error term asu~ iid (0,6%).

Not use spatial autocorrelation of errors can pcedunbiased but inefficient statistical

inference based on OLS is biased (Le Gallo, 20Dk is explained by the fact that errors
are not spherical.

11



Results are presented in the following table:

SEM SAR
Bt Coef. Std. Coef. Std.
R&D 0.588%%+ (0.007) 0.589%% (0. 005)
Kh 0.555%%* (0.017) 0.625%%* (0. 005)
Spe 0.017%%* (0.006) 0.08 (0.005)
DIV 0.0314%%  (0.012) -0.014 (0.01)
Taille 0.053%%  (0.023) -0.245 (0.018)
CSTE ~0.468 0.018
Rho 0.003 6.68
Lambda 0.044  35.10

Table 7: Estimation using SEM and SAR models

The explanatory variables keep the same effectscatel (2). Indeed, in the SEM model,
the variables R&D, kh and Spe have a positive efbecthesve. however, the size of the
company as well as a diversified industrial struetiave a negative effect. We note also,
that rho and lambda are positive and significadtcating the presence of auocorrelation
level, spatial error term and the level of the aefant variable.

6. Conclusion

Endogenous growth theories have emphasized thertampe of knowledge spillovers.

These spillovers appear because of the partialbfigpgood characteristic of knowledge,
allowing diffusion of many knowledge-related innteas (Parent and Riou, 2005). Thus,
part of this new knowledge is sensitive to distaimcis diffusion. This would explain the

reasons why innovative activity tends to be agglateel. This paper takes exactly this
issue.

12



Based on the teachings of spatial econometricscanthe work of several decades of
economic geography of innovation, we have askedthis paper the question of
geographical proximity and knowledge spilloverstive innovative process of French
departments.

In the first part, we proposed a measure that tevito other studies in how to measure
knowledge spillovers by intervals of different sidénis allowed us to study the degree of
influence of neighboring departments on the pradanobf a neighboring department. This
method allowed us to measure knowledge spilloveesval of 200 km and 100 km range.
In a second part, we have used the tools of spat@ometrics to compare the results with
previous results found using spatial econometrics.

This method allowed us to test the localized natwfe knowledge spillovers
using the test Moran we could detect the preseficgpatial autocorrelation between
observations. This allowed us to measure the gpbgra dimension of spillovers and
their spatial characteristics.

The result of our analysis shows that the spategrdh R & D is 200Km. Beyond this
distance the effects of knowledge spillovers onpgifmeluction of innovation is zero.
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Appendix 1

The centroid of department i (longitide latitide)
the radzs of the cerele in dark blwe = 200&m

I this area we measure the ratio of the total B &> D
departments that are located between 200 and 400
&m (without the Department i) on the surface of these

sae departments
Same ratio calotlated for the zone 400-600 km

0 sae ratio for more than 600 ke

Measuring externalities using a geographical interal
(interval of 200 km)
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Appendix 2

Distribution of total patent by department
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Distribution of total R&D by department
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