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ABSTRACT 

Firms' Productivity Growth and R&D Spillovers: An Analysis of 
Alternative Technological Proximity Measures* 

This paper aims at assessing the impact of R&D spillovers on firms’ economic 
performance as measured by productivity growth. The construction of R&D 
spillovers is based on Jaffe’s methodology (1986, 1988), which associates 
econometrics and data analysis. The main objective of the paper is to extend 
Jaffe’s methodology by examining alternative methods for measuring R&D 
spillovers and to test their impacts in terms of the robustness of results. In 
particular, the method used to classify firms into technological clusters as well 
as the metrics implemented to appreciate firms’ technological proximities 
which enter the construction of spillovers are further investigated. In addition 
to R&D spillovers, firms’ own R&D capital, labour and physical capital are 
estimated by means of a Cobb-Douglas production function. The data set 
consists of a representative sample of 625 worldwide R&D-intensive firms 
over the period 1987-1994. 
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1. INTRODUCTION 
 
The assessment of the impact of R&D spillovers within and between industry sectors, 
not to mention among different countries, should help governments to better identify 
Science and Technology policies for enhancing firms innovative activities and the 
overall competitiveness. If technological spillovers are more important in some sectors, 
R&D efforts of firms that generate these effects may be socially sub-optimal. Hence, 
identifying these sectors would allow policy makers to better target measures that 
support firms’ innovative activities. 
 The approach for modelling R&D spillovers implemented in this paper builds on the 
methodology suggested by Griliches (1979) and first empirically implemented by Jaffe 
(1986). Among the many approaches which weigh the R&D stocks of other firms, 
Jaffe’s one appears as the most attractive as well as the least open to criticism. The 
firms’ positions in the technological space, as well as the distinction between global and 
local stocks of technological spillovers (the local stock refers to externalities that arise 
from firms operating in narrowly defined technological fields of specialisation) are the 
key points of this approach. 

In such a framework, the stress is put on technology-based linkages between firms 
rather than on transaction-based linkages. Two reasons can be put forward for 
explaining such a choice. On the one hand, assuming that R&D spillovers between 
firms are proportional to the similarity and intensity of their research activities rather 
than to the amount of their economic transactions allows one to mitigate the main 
criticism addressed by van Meijl (1995). According to the author, since not all 
technological innovations that are relevant and useful to other R&D performers lead to 
user-producer relationships, the assessment of R&D spillovers on the basis of an user-
producer approach may in fact underestimate the impacts of such effects. On the other 
hand, the technology based approach is more likely to measure a ‘potential’ pool of 
spillovers that includes knowledge transmission of a tacit nature between firms. 
According to Griliches (1995), the technology based method comes closest in 
measuring pure knowledge spillovers to the extent that the proximity measure between 
firms in a technological research space does not imply flows of any kind and in any 
particular direction. In addition, the lack of information at the micro level as regards the 
industrial destination of a firm’s R&D efforts as well as the absence of detailed data 
reflecting inter-firm flows of goods and services, e.g. input/output matrices, are two 
major barriers to apply the so-called user-producer approach to construct technological 
proximities. 

Besides transaction- and technology-based linkages to measure R&D spillovers, 
several studies have also, over the recent past, examined the geographical dimension of 
knowledge spillover phenomenon, in particular the role of regional innovation systems 
and place-specific opportunities (Antonelli, 1995) and the impact of geographic 
proximity on the importance of knowledge spillovers2. The international dimension of 
the sample of firms selected for this study would allow one to investigate the role and 
importance of geographically mediated knowledge spillovers. However this question is 
deliberately not addressed in this paper whose main objective is to evaluate the 
                                                 
2 For a review of this empirical literature, see Feldman (2000) and Breschi and Lissoni (2001) inter alia. 
The literature on the spatial agglomeration of innovative activities also distinguishes between R&D 
spillovers associated with industrial specialisation (Marshall externalities) and diversity (Jacobs 
externalities) in a given region (see Greunz, 2004, for a discussion). 
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robustness of the impact of R&D spillovers on firms productivity performance by 
considering alternative spillover measures3. 

The rest of the paper is organised as follow. Section 2 briefly reviews the main 
approaches proposed in the literature to formalise the impact of R&D spillovers on 
firms’ economic performance and discusses more in length the framework implemented 
by Jaffe (1986, 1988, 1989) to measure these effects. Section 3, discusses the data set 
and the econometric framework to estimate the impact of R&D spillovers on firms’ 
productivity growth. Section 4 presents the main empirical findings. First, basic results 
on the relationship between firms’ output and the total pool of spillovers and its 
different components, i.e. local and external stocks, are reported. Then, further results 
are presented in order to assess the ‘robustness’ of the spillover variable. These 
estimates hinge on different constructions of the local and external components as well 
as different weighting function to measure technological proximities. Section 5 
summarises the main empirical findings of the paper and discusses some points 
deserving further research. 
 
2. FRAMEWORK TO FORMALISE R&D SPILLOVERS: A REVIEW 
OF THE LITERATURE 
 
2.1. Formalising and measuring R&D spillovers 
 
Before discussing the alternative methods for formalising and measuring technological 
spillover effects, it is useful to briefly recall the concept of technological spillovers. As 
emphasised by Griliches (1979), it is common to operate a distinction between rent 
spillovers and pure knowledge spillovers. Rent spillovers exist because capital goods 
are purchased by firms at less then their full quality adjusted price. On the one hand, 
output or capital prices indices are generally not corrected for quality improvements and 
on the other hand, competitive pressures on the final good market ensure that 
innovations are rarely sold at prices that entirely reflect quality improvements4. The 
second type of spillovers refers to as the results (or part of it) of innovative activities 
generated by firms that benefit to other firms. These knowledge spillovers exist because 
the fruits of innovative activities are not fully appropriable. The imperfect 
appropriability of the returns of innovative activities arises from the non-rival and 
partially excludable property of the knowledge good. Non rivalry means that the use of 
an innovation by an economic agent does not preclude others from using it, while partial 
excludability implies that the owner of an innovation can not impede other to benefit 
from it free of charge or at least at a lower cost as compared to the initial R&D 
investment (Romer, 1990 and Aghion and Howitt, 1992)5. Finally, while a majority of 
studies find a positive effect of R&D spillovers on firms’ R&D and economic 
performance, these externalities can also have a negative impact on firms’ outcomes6. 

                                                 
3 These questions have already been examined in previous work (Capron and Cincera, 1998 and Capron 
and Cincera, 2001). 
4 See Berndt et al. (1995) for a discussion of different quality-adjusted prices indexes in the case of PCs. 
5 In fact, firms have to face relevant costs in order to build their absorptive capacity and to engage in 
cooperative and interactive activities (Cohen and Levinthal, 1989; Veugelers, 1997). 
6 Quoting Mohnen (1996: p.51), “In a world of certainty and free disposal, R&D spillovers are expected 
to have beneficial effects, since it is reasonable to assume that firms do not adopt new ideas which reduce 
their profits. However, one can raise a number of arguments claiming that R&D can have detrimental 
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In order to formalise the second type of spillovers, several approaches have been 
proposed and developed in the literature7. All these approaches are based on the 
construction of a variable representing an outside pool of R&D knowledge. This pool is 
built as the sum of the R&D capitals or stocks of all other firms in the economy. 
Mohnen (1991, 1996) distinguishes several approaches that can be listed into two 
categories according to whether the sum of all R&D stocks is weighted or not. The first 
category formalising externalities is the simplest to compute and is also the most used. 
The main drawback of this approach is that it attaches the same weights to all R&D 
stocks. In the second category, the R&D stocks are weighted according to the 
technological linkage or proximity between the sender and the recipient of spillovers. 
Hence, a matrix W of dimension n x n is constructed, where n denotes the number of 
firms and wij represents the technological proximity between firms i and j. In order to 
measure the share of j’s research that goes to i, the weight wij is multiplied by the 
amount of R&D activities undertaken by j:  
 

∑
=

=
n

j
jiji KwS

1
          (1) 

 
where Si is the pool of R&D spillovers available to firm i and Kj represents the R&D 
stock of firm j. 

Various weights or technological proximities can be used. Mohnen (1996), 
distinguishes two kinds of technological proximities. In the first set of proximities, the 
weights are measured on the basis of inter-firm or inter-industry flows of good and 
services, capital goods, R&D personnel, patents, innovations, citations or R&D 
cooperation agreements. As stressed by the author, these proximities are based on the 
idea that the more firm i purchases intermediate inputs or capital goods from firm j, 
hires scientists from j, manufactures goods patented by j, uses innovations discovered 
by j, cites j’s patents in his own patent applications, or cooperates with j on R&D, the 
more it is technologically close to j.  

The second set of technological proximities rests on the construction of vectors 
characterising the firms’ or industries’ technological positions into different spaces. The 
closer firms are in such spaces, the more they can benefit from each other research 
activities. Various vectors or spaces can be used. Patents classified across technological 
sectors, R&D by line of business, R&D by type of activity or R&D personnel by level 
of qualification allows one to construct firm’ vectors and position firms into 
technological spaces. For instance, in the framework of Jaffe (1986, 1988, 1989), the 
firm’s position in the technological space is characterised by the distribution of its 
patents over patent classes. Jaffe observed significant positive effects of R&D spillovers 
                                                                                                                                               
effects on profit, productivity growth or welfare. For strategic reasons, firms may feel obliged to enter an 
R&D race without necessarily benefiting from it. R&D spillovers can increase or decrease the price that a 
producer can charge for his product, depending on whether the new product from outside R&D is 
substituable or complementary to the firm’s own product. New products can displace old ones. This 
process of creative destruction can be harmful if innovators do not have time to recover their R&D 
investments. Firms may have to incur heavy adjustment costs to learn the new technologies. Finally, 
R&D can reduce welfare when firms use R&D as a strategic tool to raise entry barriers, or when firms are 
obliged to duplicate R&D to stay in the race.” 
7 See Griliches (1979, 1992), Mohnen (1991) or Cincera and van Pottelsberghe (2001) for reviews on this 
topic. 
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on firms’ R&D intensity and productivity. Other variables such as technological 
opportunity and demand-pull factors are also taken into account in order to avoid biases 
in the R&D spillovers estimates. Goto and Suzuki (1989) consider industry sectors to be 
technologically close to each other if they perform the same kind of R&D. In Adams 
(1990), technological proximities are constructed on the basis of the number of 
scientists hired with the same type of qualification. Kaiser (2002) tests various 
alternative approaches for constructing knowledge spillover stocks. These measures rest 
on the uncentered correlation and the Euclidean distance of firms’ characteristics and 
skill mix, the geographic distance between firm and imitation hazard rates. 

It should be noted that each of these technological proximities has its own 
drawbacks and it is not obvious how to make the relevant choice among them. As 
pointed out by Verspagen (1997), the first kind of technological proximities is based on 
a user-producer principle while the second set of proximities adopts more explicitly a 
technology perspective for measuring spillovers. In the author’s opinion, both 
perspectives are aimed at measuring knowledge spillovers but they place different 
emphasis on different aspects of the complicated process of knowledge spillovers. The 
user-producer method tends to stress transaction based linkages while the second 
approach tends to stress technology-based linkages between firms and sectors. Hence, 
the two categories of proximities should be viewed more as complementary rather than 
as substitutes. 

According to van Meijl (1995), the user-producer approach to modelling knowledge 
spillovers tends to under estimate the real magnitude of pure knowledge spillovers. One 
reason put forward by the author is that the user-producer approach is related to 
economic transactions rather than pure technological links between the two actors. 
Indeed, to the extent that a knowledge producer can appropriate the returns of his 
innovative activities, the price at which new products or processes are sold will be 
higher than the marginal costs involved to produce them. Hence, the potential 
technological spillovers existing between the producer and the user of this innovation 
are likely to embody important rent spillovers besides pure knowledge spillovers. On 
the other hand, while technological innovations may be useful to other R&D 
performers, they are not always subjected to user-producer relationships8.  

Van Pottelsberghe (1997) analyses various types of weighting matrix in order to 
measure inter-industry R&D spillovers measures. The author concludes that it is hard to 
empirically make a distinction between rent spillovers and knowledge spillovers. 
Mohnen (1996) also finds it difficult, both theoretically and empirically, to distinguish 
between rent and pure knowledge spillovers. As pointed out by the author, proximity 
measures based on intermediate input flows are more likely to reflect rent spillovers 
while the weighting matrices based on patent and innovation flows should be viewed 
more as indicators of knowledge transmission. Finally, in the author’s opinion, the 
proximities based on distances in technological spaces are the most likely to represent 
knowledge spillovers of a tacit kind. However, various studies based on this way of 
modelling spillovers have reported some conflicting conclusions to the extent that on 
the basis of a common data sample different results have been obtained according to the 
weighting matrix considered. 
                                                 
8 Taking the example of Verspagen (1997: p.49), “One may think of sectors such as rubber and plastic 
products which, by the chemical nature of their technology base, may benefit from technical knowledge 
on fertilisers, although their relationship in terms of user-producer interactions with the fertiliser industry 
will be marginal”. 
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Another approach to formalise the impact of technological spillovers on firms 
economic performance consists in adding industry dummies in the set of explanatory 
variables entering the production function. Since these dummy variables take, in 
essence, the same value for all firms in a given industry and to the extent that R&D 
performed outside an industry has a similar effect on all firms of that industry, these 
dummy variables can be interpreted in terms of inter-industry spillovers. However, as 
pointed out by Mohnen (1996: p.50), these variables are also likely to pick up 
opportunity effects such as “the closeness to science, technical knowledge from 
upstream materials and equipment suppliers, downstream users, governments agencies 
and research labs”.  

An alternative method for assessing the effect of R&D spillovers is based on the 
comparison between its estimated rate of returns at the industry level and the estimates 
at the firm level. Indeed, if significant spillovers exist within an industry, then the 
computed rate of returns should be higher at the industry than at the micro level. 
Mairesse and Mohnen (1990) in their study of the impact of spillovers do not however 
report higher estimates at the industry level as compared to the firm level. The argument 
invoked by the authors for explaining this result rests in the fact that the assumed rate of 
obsolescence for computing the spillover stock should actually be much less than the 
corresponding one used for constructing the firm’s own R&D capital. To the extent that 
the pool of R&D spillovers embodies a large component of social returns, the rate at 
which this pool depreciates over time can be expected to be lesser than private R&D 
stocks. Hence the assumption of a same rate of obsolescence for both spillovers and 
own R&D stocks may explain why the authors’ estimates do not differ significantly at 
the aggregated and firm levels respectively. 

The impact of R&D spillovers can also be estimated by considering the R&D 
capitals of different industry sectors as separate regressors. But as emphasised by 
Griliches (1992), this approach is not really feasible because of multicollinearity issues 
among the regressors and because of the lack of degree of freedom, e.g. there are in 
general more industry sectors or firms than available time periods for each sector or 
firm. 

The last and most recent approach to measure knowledge spillovers uses patent 
citations data9. The references to earlier patent documents and scientific papers 
contained in patent documents can be used to infer spillovers arising from the 
knowledge described in the cited patent to the knowledge in the citing patent. 

Turning now to the measuring issue, there are two ways of estimating the magnitude 
and the direction of R&D spillovers reported in the literature. The first approach is 
based on case studies which “examine in detail all the costs and benefits, direct and 
indirect, present and future, related to a particular R&D project in a particular sector”10. 
Another approach is to estimate the impacts of R&D spillovers using econometric 
methods. This approach consists of relating an innovative or economic performance 
measure such as the count of patent applications or innovations, R&D intensity, (total 
factor) productivity growth, profitability, exports, production costs, of one firm or in 
one sector to the knowledge capital accumulated by other firms or in other sectors. In 
order to construct this knowledge capital, different technological proximities are used to 

                                                 
9 For studies based on US patents, see a.o. Jaffe et al. (1993) and Jaffe and Trajtenberg (1996) and for 
European patents, Maurseth and Verspagen (2002). 
10 Mohnen (1996: p.41). 
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aggregate the R&D capital of other firms or sectors in the economy. The knowledge 
capital or spillover stock is entered as a separate regressor in addition to conventional 
inputs and own R&D stock into an extended Cobb-Douglas production function. 
 
2.2. Technological proximities and R&D spillovers 
 
As Jaffe (1988) pointed out, the typical manufacturing firm is diversified at the level of 
the goods it produces, as well as at the level of its research activities. Even if both 
diversification structures are not independent from each other, they are nevertheless 
distinct. Thus, a firm which sells a unique product will undertake R&D in several 
related technological fields. The purpose here is not to understand the relationship 
between these structures of diversification, but to characterise the firm’s research 
interests, as well as the distribution of its industrial activities. To this end, two vectors 
of distribution are computed for each firm in an analogous way. These vectors allow 
one to locate the firms into two distinct spaces: a technological space and a market one. 
For instance, the vector of technological position of firm i, Ti = (ti1,..., tiK) indicates the 
share of its R&D effort carried out in the K different technological areas. Its vector of 
market position, Mi = (mi1,..., miL) represents the distribution of its sales among the L 
definite industrial sectors. The position into the technological space represents the 
technological opportunity which renders technological activity more prolific in some 
technological areas. 

For instance, in Figure 1, firms i and j are closer to each other in the technological 
space than they are to firm k. This means that the ‘portfolio’ of i and j’s research 
activities is similar. Because of this similarity, i and j are likely to encounter the same 
difficulties or costs in performing R&D. They also will have access to the same stock of 
scientific or technical knowledge, downstream users etc. In short, i and j can be 
assumed to face the same state of technological opportunity. Hence, the technological 
location may also be interpreted as reflecting the extent to which firms devote their 
resources to R&D. Considering the location in the market space, a similar question 
about the effects of market factors on productivity performance can be asked. 
 
[Insert Figure 1 about here] 
 
In order to measure the distribution of the firm’s research interests in the various 
technological areas, the distribution of patents over 50 technological sectors on the basis 
of the International Patent Classification (IPC) is used11. The patent distribution relies 
on the total number of patent applications filed by these firms to the European Patent 
Office during the period 1978-1994. Ideally, we should have the firm’s sales 
distribution over industrial sectors in order to represent its market position’s vector. 
Given the international dimension of the database, it has not been possible to construct 
such a sales distribution. Therefore, we restrict ourselves to qualitative dummies which 
indicate the firm’s main industrial sector of activity. 

Locating firms into the technological space allows one to construct the technological 
spillovers pool as well. Indeed, this way of formalising spillovers is closely related to 

                                                 
11 See Table A1 in the Appendix. Hence, the dimension of the technological space K is equal to 50 and 
each component of the technological vectors, tik, is defined as the share of patents applied by the ith firm 
in the kth technological class with respect to the total number of patents applications of that firm. 
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the notion of technological proximity: the closer two firms are in the technological 
space, the more the research activity of one firm is supposed to be affected by the 
technological spillovers generated by the research activities of the other firm. Hence, it 
is assumed that each firm faces a potential ‘stock’ of spillovers, which is a weighted 
sum of the technological activities undertaken by all other firms. In order to measure the 
technological closeness between firm i and j, Jaffe used the ‘angular separation’ 
between them, i.e. he computed the uncentered correlation between their respective 
vectors of technological position, Ti = (ti1,..., tiK) and Tj = (tj1,..., tjK): 
 

∑∑

∑

==

==
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k
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K
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1           (2) 

 
This measure of closeness takes values between one and zero according to the common 
degree of research interest of both firms. Once the measure of closeness between firms i 
and j is computed, the potential stock of technological spillovers of the ith firm can be 
evaluated as follows:  
 

∑
≠

=
ij

jiji KPS           (3) 

 
where: Si = stock of spillovers of firm i, and Kj = R&D capital stock of firm j. 
 
It should be noted that this method of formalising R&D spillovers is not free of 
criticism. First, the index of technological distance relies on the strong assumption that 
the appropriability conditions of knowledge are the same for all firms (Jaffe, 1988). 
According to Spence (1984), an imperfect appropriation can be defined as the 
proportion Φ of the output of each firm’s technological activity that is disclosed. If Φ = 
0, then appropriability is perfect, if Φ = 1, then the R&D outcome is a pure public good. 
Hence, the more the outcomes of R&D activities are appropriable, the less there will be 
flows of knowledge between the R&D performers and the potential users of this 
knowledge. Among the main factors that affect the appropriability conditions, one has 
to distinguish between firm and industry specific characteristics. For instance, the nature 
of technology, i.e. its complexity, its rate of change, the legal and institutional 
characteristics of markets, can be viewed as conditions that are more likely to differ 
across industries or fields of research activities and be more or less constant within 
firms operating in a given industry. The usual way to take these industry specific effects 
into account, when estimating the impact of spillovers, consists in adding industry or 
technological narrowly defined sectors dummies. Otherwise, factors such as the internal 
capabilities of the innovator are more firm specific. Since these variables are generally 
not observable at the firm level, their direct assessment is less obvious. However, in the 
context of panel data, it is possible to circumvent this issue by assuming that these 
firms’ specific unobserved effects are constant over the period under investigation. 

A related issue arises when using patent statistics by patent classes to characterise 
the firms’ technological vectors. Here also, the propensity to patent will generally differ 
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across industry sectors12. This problem can be tempered by including industry dummies 
in the set of explanatory variables. Yet, the number of patents applications by firms 
constitutes an issue per se. Indeed, firms might not apply for any patents or only for a 
small number of them due to different reasons, e.g. the failure to succeed in R&D, a 
strategy of secrecy to avoid disclosure of new knowledge, or simply the size of the 
firm’s R&D activities. These issues have been encountered in the empirical analysis. 
Indeed, although all firms in the data sample reported R&D expenditures, some of them 
did not apply for any patents. Because of this ‘zero’ issue, these firms had to be 
removed from the analysis given that it was not possible to build their index of 
technological closeness. This issue is a major drawback of patent statistics used as a 
measure of technological output13. In addition, firms that applied for a small number of 
patents during the period under investigation are likely to be wrongly located in the 
technological space because their patent distribution may not reflect the true one. In 
order to reduce this risk, all firms which applied for less than five patents were 
systematically checked by comparing the technological classes in which their patents 
have been assigned (according to the IPC) to their main industry sector (SIC). On this 
basis, firms for which an erroneous location was suspected were excluded.  

Besides the issue of erroneous position, the question of whether firm’s position into 
the technological space is fixed or not is another point, which empirically is difficult to 
tackle. As a matter of fact, firms’ R&D activities evolve over time and, as a result, so do 
their technological positions. However, there are good reasons to think that over a short 
time period the firms’ position in the technological space is fixed. In the present 
analysis, the firms’ technological position vector is assumed to be fixed over the 
investigated time period. This vector has been calculated for each firm in the data set on 
the basis of the firms’ patent applications over the whole period 1978 to 1994. Of 
course, it would have been interesting to test whether this hypothesis of fixed 
technological position over time holds or not. However, this would have required 
removing a substantial number of firms from the analysis because of the ‘zero issue’ 
discussed before. Indeed, many firms only apply for patents in certain years or time sub-
periods and not over the entire period. 

It might also be objected that the measure of technological proximities that we get 
by using European patent applications by non-European firms may be quite distorted or 
incomplete. On the one hand, quoting Basberg (1987), ‘foreign’ patents are a better 
indicator than domestic ones to the extent that “it is reasonable to assume that only 
inventions with significant profit expectations in a larger market will be patented abroad 
because of time and costs involved in such processes”. On the other hand, it can be 
expected that the propensity of European firms to patent in Europe differs from that of 
U.S. firms and Japanese firms and that this propensity varies across fields for firms 

                                                 
12 In some sectors patent protection is relatively inefficient and other protection mechanisms such as 
secrecy can be preferred. The effectiveness of the various protection mechanisms varies across industries 
and is very important for only a few of them, mainly chemicals and pharmaceuticals (Mansfield, 1986; 
Levin et al., 1987; Cohen et al., 2000). 
13 The fact that not all inventions are patented, nor all are patentable and that not all patented inventions 
are economically valuable are two other major drawbacks of patent statistics (Griliches, 1990; Jaffe and 
Trajtenberg, 2002). 
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based in different continents. However, in the absence of a ‘global’ patent office, we 
have no choice but to use national or regional patent data14.  

Another drawback of the uncentered correlation index for measuring technological 
proximities rests in the fact that it is a symmetric index. That is, the technological 
proximity between firm A and firm B is the same than the one between B and A. If we 
assume for instance that this proximity is equal to .5 and that A’s R&D expenses 
represent 100 while B spends 5 on the same activities, then the amount of spillovers 
available to A from B is 2 while B will benefit from 50 of A’s research activities. 
However, given the possible existence of asymmetrical information flows, to what 
extent are these figures representative of the true amount of spillovers that benefits to A 
and B? How can we take into account that A may be better in capturing the fruits of B’s 
R&D outcomes than the opposite?15 Do large or diversified firms have relative 
advantages in appropriating the results from outside R&D?  

As stressed by Jaffe (1986), another limitation of this method is that firms that 
encounter a rather diversified technological activity will benefit to a lesser extent from 
the spillover’s stock. Indeed, the more the firm’s R&D activities are diversified, the 
more its patent distribution over technological classes is uniform and the more the index 
of technological closeness will be close to zero. A firm which is technologically 
diversified will be located in the central region of the technological space implying that 
it will not be close to any firm. In other words, such a firm will benefit from the 
externalities generated by all firms, but only in a small proportion. This situation may 
not appear to be very realistic. Following Jaffe (1986), an alternative point of view is to 
assume that firms are aware of the research activities undertaken by a few 
technologically similar firms. In that sense, even if all stocks of technological spillovers 
are relevant, they will probably not be taken completely into account due to imperfect 
information on the content of R&D realised by rivals. In order to examine this 
possibility, Jaffe divided the potential stock of spillovers into two distinct components 
obtained by applying a clustering method: a local stock which corresponds to the sum of 
R&D stocks of firms belonging to a same cluster of technological activities and an 
external stock which is computed from the other firms16. In addition, the technological 
clusters obtained by the firm’s clustering procedure allows one to construct a set of 
technological dummies that identify the firms whose research interests are sufficiently 
identical to experience the same technological opportunity. Thanks to the industry 
sector to which firms belong, industry dummies have also been constructed. 

Other issues associated with this methodology still need to be mentioned. To begin 
with, it is not clear how important the depreciation of spillover stocks is. According to 
Pakes and Schankerman (1984), the private rate at which the firm’s own R&D capital 
becomes obsolete should be much higher than the social rate of depreciation of 
spillovers since the latter embodies a large component of social returns whose 
depreciation should be less important. The timing of spillover effects should also be 
considered. How much time does it take the spillovers to concretise in new products and 
                                                 
14 Licht and Zoz (1996) investigate the patents-R&D relationship for German firms by using patent 
applications in different patent offices. The results do not differ, at least for large firms, according to the 
patent office considered. 
15 As emphasised by Cohen and Levinthal (1989), firms will only be able to learn from external R&D if 
they themselves invest in R&D. 
16 Capron and Cincera (1998), extend Jaffe’s methodology by distinguishing, in addition to the local and 
external stocks, also national stocks from international ones. 
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processes and as a result in productivity? Because of lags in the diffusion of knowledge, 
spillover effects are probably not immediate.  

Finally, if the concept of technological space is very attractive, its measure is not 
clear-cut and it is not obvious to what extent alternative distance metrics than the one 
considered by Jaffe can affect the nature of results. In other words, is the uncentered 
correlation of technological vectors the most ‘natural’ measure of technological 
proximity? This question is addressed in Section 2.4 which discusses alternative 
weighting functions to test the sensitivity of results to the initial technological distance 
measure. 
 
2.3. Firm’s attribution to technological clusters 
 
One contribution of this paper is to consider alternative methods for assigning firms into 
homogeneous categories or clusters on the basis of their technological ‘distance’. Firms 
belonging to a same cluster are technologically closer from each other and as such are 
assumed to face the same state of technological opportunity. Hence, once 
technologically related firms are assigned to technological clusters, it is possible to 
construct dummy variables associated with these clusters and then analyse the effect of 
technological opportunity on firms’ economic performance. Furthermore, the 
assignment to technological clusters provides a framework to split the total stock of 
spillovers into two components: a local and an external stock. The local stock is 
constructed as in equation 3, but the weighted sum of other firms’ R&D is performed on 
the basis of the firms belonging to the same cluster. This local stock allows one to 
examine to what extent the impact of R&D spillovers generated by firms which are 
technologically similar, differ from the spillovers of firms located far away in the 
technological space. 

Among the several techniques available to combine firms into clusters, the K-means 
clustering method is one of the most commonly used (Everitt, 1993). In addition to this 
technique, two others are investigated as well: the K-Means clustering with ‘strong 
centers’ and the ‘agglomerative hierarchical’ clustering methods (Bourroche and 
Saporta, 1983). The algorithm used to combine firms into clusters, works on the 
factorial coordinates of a preliminary principal components analysis. The advantage of 
this method is that it uses an Euclidean distance between firms, which permits 
considering an objective criterion in order to evaluate the quality of the firms’ partition. 
This distance is used for measuring how far apart two firms are in the factorial space. 
Besides the benefit of the orthogonality of factorial axes, another advantage of this 
method is that it does not take into account the last factorial axes, which often carry out 
random components, i.e. non systematic elements. Given the nature of data, the factorial 
axes have been computed by performing a binary correspondence analysis based on the 
contingency table of the firm’s patent distribution across 50 IPC classes. 

A common difficulty to all clustering techniques is to determine the number of 
clusters present in the data. Different procedures for determining the ‘optimal’ number 
of clusters have been proposed in the literature (Milligan and Cooper, 1985). The three 
clustering techniques implemented in this paper are based on Ward’s aggregation 
criterion. This criterion allows one to measure the quality of the firm’s partition into 
technological clusters by considering the within- and without-cluster inertia. The former 
represents the mean of the squared distances between the firms’ cluster and its centre of 
gravity, while the without-cluster inertia consists in the mean of the squared distances 
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between all cluster centres of gravity and that of the whole data sample. Ward’s 
criterion for forming the clusters consists in maximising the ratio of the without and 
within inertia to get the most homogenous and the most distant possible clusters. It 
should be noted that such a ratio does not allow one to compare two partitions with a 
different number of clusters. Actually, the partition into k+1 clusters will always have a 
higher ratio of inertia than a partition into k clusters. Ultimately, the best possible 
partition would be the one which has as many clusters as the number of firms. In this 
case the wirthin inertia is equal to zero given that each firm is confounded with its 
cluster centre. 

To perform the clustering analysis, a three step procedure has been implemented. In 
a first step, several parameters have to be fixed before running the clustering algorithms. 
These parameters which affect the ratio between the within- and the without-cluster 
inertia, are the number of factor axes in the analysis of binary correspondence from the 
contingency table (NFABC), the number of iterations to produce the initial partitions 
(NIIPA), the number of clusters for the initial partitions (NCIPA) and the number of 
clusters of the final partition (NCFPA). Several values of parameters have been 
experimented and the results are summarised in Table A2 in the Appendix. It follows 
from the results obtained from partitions 6a to 6e, that reducing the number of factor 
axes retained for the binary correspondence analysis improves the ratio of inertia. 
However to allow for a ‘reasonable’ representation of the initial 50 dimensions of the 
technological space, a minimum number of axes have to be retained. In practice, the 
number of axes to be retained is such that these axes are able to explain about 80% of 
the variance. In our case, the 27 first axes explain 79.3% of the variance. As far as the 
number of iterations for producing the initial partitions is concerned, increasing this 
number does not seem to affect the inertia ratio (see partitions 6c and 6d in Table A2). 
Conversely, fixing a higher number of clusters for the initial partition slightly improves 
the inertia ratio (partitions 21a and 21b).  

As discussed before, a major issue common to all clustering procedures rests in the 
difficulty of finding the best clustering, i.e. the optimal number of clusters present in the 
data. In the second step, an attempt to tackle this problem has been made by applying a 
procedure suggested by Thorndike (1953). This procedure consists in plotting the 
classification criterion against the number of clusters (k). In the case of the percentage 
of the total inertia explained by the Ward criterion such a curve is increasing 
monotonically with k, but at each upward variation of k corresponds a decrease in the 
variation of inertia. Figure A1 in the Appendix plots the percentage of the total inertia 
explained against the number of clusters for the three clustering techniques indicated 
above. It follows that the agglomerative hierarchical and the K-mean with strong centres 
clustering methods are the best candidates for the measure of inertia. Figure A2 in the 
Appendix considers the additional percentage of the total inertia explained from further 
increase in k for the agglomerative hierarchical clustering method. The most important 
gains in terms of additional percentage of inertia explained are observed for k increasing 
from 15 to 16, 16 to 17, and especially 17 to 18. From k = 19, there seems to be 
relatively little gain from further increases in k. These results suggest to chose a 
partition with k = 18 clusters obtained from the agglomerative hierarchical clustering 
method. 

In order to assess the relevance of such a choice, different stocks of local spillovers 
constructed from different partitions into k clusters according to the agglomerative 
hierarchical method (for k = 16, 18, ..., 28) have been experimented in a third step. 
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These stocks have been systematically tested in the productivity regression model. 
Except for the partition into 16 clusters, the estimated coefficients associated with local 
and external components of spillovers did not appear to be statistically different across 
the different partitions. For this reason, the partition with 18 clusters (against 21 clusters 
in Jaffe’s analysis) has been retained. 
 
2.4. Distortions into the technological space and alternative technological distance 
measures 
 
As emphasised by Griliches (1995), the relevant concept of technological ‘distance’ is 
hard to define empirically, and it is not clear to what extent the uncentered correlation 
index between the firms’ technological vectors performed by Jaffe (1986, 1988) is a 
‘natural’ measure of technological proximity. This question can be investigated by 
experimenting alternative weighting functions in order to measure the sensitivity of 
results to the initial choice. 

One possible alternative proximity measure is the Euclidean distance between the 
technological vector endpoints. However as stressed by Jaffe (1986), this measure is 
sensitive to the length of the vector. The length depends on the level of concentration of 
the firm’s research activities among the K technological classes. With this measure, the 
more two firms are diversified, the lesser the length of their technological vectors. As a 
result, these firms will be located in the central region of the technological space. 
Hence, they will be close to each other even if their technological vectors are 
orthogonal. The uncentered correlation measure does not depend on the technological 
vector’s length, i.e. this proximity measure is purely directional. 

A second option is to depart from the uncentered correlation proximity measure and 
to apply some transformations or ‘distortions’ to it. For instance, firms characterised by 
an intermediary technological distance, i.e. Pij = 0.5, might actually benefit much more 
or much less from R&D spillovers than firms very close or very distant from other 
firms. This situation can be investigated by assuming that the technological distance of 
firms is a multiplicative function of the Pij. Formally, the ‘transformed’ Pij using the 
‘multiplicative’ function yield the following formulations: 
 

( )ϕijij PP =*            (4) 
 
Another possible transformation is to look at the logarithmic reciprocal function:  
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The shapes characterising these transformed proximity measures depend on the 
parameters ϕ and Φ of the multiplicative and reciprocal logarithmic functions. They are 
illustrated in Figures 2 and 3. In the case of the multiplicative function, higher values of 
ϕ  (above 1) tend to underestimate intermediate Pij while lower values of ϕ  (between 0 
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and 1) attach a higher weight to smaller Pij
17. For the logarithmic reciprocal function, 

higher values of Φ  are associated with lower values of Pij while lower values of Φ tend 
to overestimate the original technological proximities18. 

The relevance of these different proximity measures and the sensitivity of results as 
regards the R&D spillover stock can be tested by letting the parameter for each function 
vary over a range of values and by examining the associated estimates in terms of their 
estimated standard errors and regression’s overall fit. 
 
[Insert Figures 2 and 3 about here] 
 
3. DATA AND ECONOMETRIC FRAMEWORK 
 
The constructed data set consists of a representative sample of the world’s largest R&D 
firms over the period 1988-1994. The Worldscope/Disclosure database is the primary 
data source which gathers information on company profiles and financial statements. 
The final sample is a balanced panel of 625 firms and for each firm the following 
variables are available: net sales, number of employees, net property, plant & 
equipment, annual R&D expenses and the firm’s main industry sector according to the 
Standard Industrial Classification (SIC-2 digits)19. All variables have been transformed 
to constant 1990 dollars by using value added two-digits industry output deflators of 
respective countries for net sales and R&D expenditures. The deflator of physical 
capital was used for the net property, plant & equipment variable. The R&D capital 
stock was constructed on the basis of the permanent inventory method with a 
depreciation rate of 15 percent and an initial stock of R&D capital calculated by 
assuming a growth rate of R&D expenditure equal to 5 percent. Several R&D spillovers 
stocks have been constructed:  
 
T = time trend; 
TSnw = non weighted sum of all firms’ R&D stock; 
TSw = weighted sum of all firms’ R&D stock; 
LSwk = weighted sum of all firms’ R&D stock in a given cluster (partition in k clusters); 
ESwk = weighted sum of all firms’ R&D stock outside a given cluster (partition in k 
clusters); 
TSwϕ = multiplicative (with parameter ϕ) weighted sum of all firms’ R&D stock, and 
TSwΦ  = logarithmic reciprocal (with parameter Φ) weighted sum of all firms’ R&D 
stock. 
TS, LS and ES refer to the total, local and external R&D spillover pools respectively. 
 

                                                 
17 For ϕ  = 0.2 and Pij = 0.1, for instance, the transformed proximity P*ij increases to about 0.63. 
18 For Φ = 2, for instance, all original proximities comprised between 0 and 0.25 yield a transformed 
proximity P**ij close to zero. In that case, only the R&D of technologically close firms (Pij > 0.25) enter 
the R&D spillover stock. This situation may arise when the R&D spillovers are effective only for 
technological proximities above a certain threshold. 
19 More details as regards the construction of the sample and the variables as well as descriptive statistics 
are available in Capron and Cincera (1998). In terms of R&D expenditures, the Japanese firms of the 
sample represent 38% of the corresponding national aggregate figure. For the European and US firms, 
these percentages are 48 and 53 respectively. 
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Besides the impact of the firm’s own R&D capital as well as the influence of labour and 
of physical capital stock on productivity, the extent to which the R&D spillover stock 
affect firm’s productivity can be estimated by using an extended Cobb-Douglas 
production function (Griliches, 1979): 
 

( ) ( ) ( ) ( ) ( ) ititititittiit XKCLS εββββλα ++++++= 4321 lnlnlnln     (6) 
where: 
Lit = number of employees of firm i at time t (i = 1 to 625, t = 1 to 8); 
Kit = stock of R&D capital; 
Sit = net sales; 
Cit = stock of physical capital; 
αi = firm’s specific effect; 
λt = set of time dummies; 
Xit = alternative specifications of R&D spillover pools; and 
εit = error term. 
 
Equation 6 is estimated by means of panel data methods, i.e. within, first difference and 
GMM first difference estimators, which allow one to control for possible correlation 
between the observed inputs, i.e. the regressors and firm’s unobserved fixed effects, e.g. 
the ability of the researchers, as well as the weak exogeneity of the regressors20. 
 
4. EMPIRICAL FINDINGS 
 
This section presents the empirical results regarding the impact of R&D spillovers on 
firms’ productivity growth. To begin with, the basic results as regards the impact of the 
total R&D spillover stock on productivity performance as well as its various 
components, i.e. local and external components are presented. These findings are then 
compared with additional results that examine the robustness of the spillover variable 
based on different clustering partitions and alternative weighting distances. 

The basic results of the productivity equation are given in Table 1. We observe that 
the alternative estimation methods lead to different results, particularly for the spillover 
variables and GMM estimates. The coefficients obtained for the employment and the 
physical capital are significant. It is worth noting that these estimates are not altered by 
the introduction of the spillovers variable into the productivity equation. 
 
[Insert Table 1 about here] 
 
The total spillover stock elasticities are significant and higher than the own R&D 
elasticities. The distinction between the local and external components exhibits a higher 
elasticity of output with respect to the external spillover stock. This observation seems 
to indicate that the inter-industry spillover effects are relatively more important than the 
intra-industry ones, to the extent that there is a close relationship between industries and 

                                                 
20 See Arellano and Bond (1991) for a discussion of the GMM first difference estimator. This estimator 
uses a set of lagged endogeneous variables as instruments. The validity of the set of instruments can be 
tested by using Sargan tests of overidentifying restrictions. 
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technological classes21. The local spillover components could also reflect a negative 
effect of competitors R&D. The estimated elasticity is a net effect of two forces that go 
in opposite direction. Trying to disentangle between both categories of outside R&D 
effects is certainly not an easy task as the basic variables are intrinsically the same. 

Table 2 compares the basic results with the ones obtained by Los and Verspagen 
(1996)22. The authors consider three alternative specifications of the R&D spillover 
variable. The first specification is the ‘reference’ spillover measure, i.e. the weighted 
sum of the R&D stocks of all other firms. In our study, the weights are the Pij, i.e. the 
uncentered correlation between each pair of firms’ technological vectors. Los and 
Verspagen adopt a similar measure, but the weighting proximity measures are 
performed between each pair of industries rather than firms. In the second specification, 
the R&D spillover variable is constructed by assuming that all weights are equal to 1. 
The third specification introduces, besides own R&D, a time trend rather than the 
spillover stock. This time trend is assumed to capture the rate of exogenous (or 
disembodied) technological change. As pointed out by Los and Verspagen (1996: p.16), 
including the time trend allows one to compare “the results obtained with endogenous 
growth theory based spillover measures to an exogenous growth context (Solow’s 
model)”. 

The results reported in Table 2 indicate that returns to scale tend to be decreasing in 
both studies. This observation is more pronounced in the study of Los and Verspagen. 
As far as the physical and R&D capital are concerned, the estimates obtained are 
globally higher in our study (60% for the physical capital and 12 times the R&D 
elasticity). Besides the higher heterogeneity characterising our international sample and 
the lower collinearity between the R&D and physical stocks, these results can be 
explained by the fact that we use the net plant, property and equipment stock to proxy 
the physical capital input rather the sum of current and past investment expenditures as 
in Los and Verspagen. Concerning the spillover elasticities, all estimates have 
significant positive signs, which means that spillover effects have a positive impact on 
productivity growth. Regarding the first specification of spillovers, the results obtained 
by Los and Verspagen are comparable to our results. Hence, there seems to be no 
differences according to whether the Pij are performed between each pair of firms or 
industries. Conversely, the estimates obtained for the unweighted spillovers’ measure 
substantially differ. A remarkable high value is found in our sample, while Los and 
Verspagen report an estimated elasticity which is statistically not different from the one 
obtained in the first specification. Though, it can be argued that a one percent increase 
of the unweighted spillover’s measure should have a more important impact on 
productivity changes (the average value of TSnw is about 6 times TSw), it is not clear 
why these results are so different. The only explanation which can be put forward with 
respect to these findings is the higher value of TSnw in this study due to the higher 
number of firms in the sample, their likely larger size as well as the more recent period 
on which investigations are based. Finally the rate of disembodied technological is of 
2% in both studies. 
 

                                                 
21 The literature on R&D spillovers suggests that both intra and inter-industry spillovers are important and 
affect positively economic growth. Yet, the magnitude of these effects varies considerably across industry 
sectors (See Forni and Paba, 2002, for some recent evidence on this question). 
22 The paper has since been published (Los and Verspagen, 2000). 
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[Insert Table 2 about here] 
 
The robustness of the spillover variable specification can be investigated by exploring 
the sensitivity of results towards alternative clustering partitions from the agglomerative 
hierarchical clustering method, as well as alternative weighting functions of the 
uncentered correlation between firm’s technological vectors. 

Regarding the first point, Figures 4 and 5 indicate that the choice of the number of 
clusters does not substantially affect the estimated elasticities associated with the local 
and external components of the total pool of R&D spillovers. On the whole, the 
elasticities range between 0.11 and 0.16 for the local spillover stock and between 0.40 
and 0.62 for its external counterpart. It should be noted that an outlier has been 
identified as far as the partition into k = 16 clusters is concerned. Indeed, for this 
partition, the estimated coefficient of the external spillover stock is statistically not 
different from zero. 
 
[Insert Figure 4 and Figure 5 about here] 
 
Figures 6 and 7 report the first difference and within estimates obtained for several 
values of the multiplicative ‘distortion’ parameters, ϕ, applied to the weights entering 
the construction of the total spillover pool. On the whole, the different spillover stocks 
are all statistically significant and appear to have a positive impact on productivity 
growth. With the exception of the most extreme version of the spillover stock, i.e. the 
one based on a zero value of the multiplicative function’s parameter, the estimated 
elasticities range from 0.51 to 1.3 for the first difference estimates and from 0.58 to 1.6 
for the within estimates. It can be observed that first, these intervals of estimates contain 
the results obtained for the spillovers variable without any distortion imposed, and 
second, the pattern of estimates is similar across the first difference and within models.  

In terms of goodness of fit, the adjusted coefficients of determination suggest that 
no value of ϕ is superior to another. However, the lowest standard errors associated with 
the ‘distorted’ spillovers variables are obtained for ϕ = 1.4 in the first difference 
estimates and ϕ  = 0.8 to 1.2 for the within estimates. Finally, it should be noted that our 
benchmark spillover measure, i.e. the one without any distortion imposed, is nested 
within the ‘multiplicative’ spillover measure since for ϕ = 1, both measures are 
overlapping. Hence, it is interesting to test whether the estimates obtained for different 
values of ϕ are statistically different from the one obtained for ϕ = 1. The test results 
indicate that only values of ϕ superior to 1.6 lead to estimates that are statistically 
different (at the 5% level) from the coefficient obtained for ϕ  = 1. As can be seen from 
Figure 2, for ϕ = 2, the Pij are lower, in particular for intermediary values. Consequently 
the spillovers are less important for the firms characterised by intermediary 
technological proximities and as a result, the impact of these effects on productivity 
changes is lower. The within estimates lead to a similar conclusion except for ϕ  = 0.4. 
Though, the Pij are over-weighted in this case, a lower impact of spillovers is found. 
There is a priori no rationale behind this puzzling result. 
 
[Insert Figure 6 and Figure 7 about here] 
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In order to further explore the sensitivity of the spillover stocks towards different 
weighting schemes, a logarithmic reciprocal function has been considered as well. As 
shown in Figure 3, low values of the parameter associated with this function increase 
the Pij of the firms characterised by an intermediary technological position, while for Φ 
= 2, the Pij are under-weighted, in particular for the firms facing low technological 
proximities. Irrespective of the models, the estimates are all statistically significant and 
range from 0.26 to 1.04. This range of estimates is lower than the corresponding results 
obtained for the multiplicative distortion. Furthermore, the spillover variable for Φ = 0.2 
gives a similar coefficient as the one obtained for the benchmark spillover stock, while 
for higher values of Φ (from Φ = 1 upwards), the magnitude of the estimates tends to 
become stabilised. If we compare the pattern of estimates in Figure 8 together with the 
shape of the logarithmic reciprocal transformation (Figure 3), a possible implication of 
the results is that first, the reference uncentered correlation proximity measure actually 
under-estimate the spillover impacts of far away firms in the technological space, i.e. 
firms characterised by low values of Pij. This may concern firms with diversified R&D 
activities since in this case the Pij are close to zero even though these firms benefit from 
spillover effects. Second, imposing different structure on the Pij for values comprised 
between 0.05 and 0.30 does not seem to affect the spillover impact on the productivity 
performance. 

In a nutshell, transforming the Pij measures by the multiplicative and logarithmic 
reciprocal functions affect the impact of spillovers on productivity. This supports the 
view that the technological space is far from being homogeneous. However, the concept 
of technological space is hard to define, and so far, the results of our investigation do 
not give a clear answer as regards which technological proximity measure is the most 
‘relevant’ one. This last conjectural matter calls for further research. 
 
[Insert Figure 8 and Figure 9 about here] 
 
5. CONCLUSIONS 
 
The purpose of this paper has been to assess the importance of the main determinants of 
technological activity of international firms on productivity. Among the main 
determinants, the firms’ own R&D capital as well as the technological spillovers were 
considered. Technological spillovers have been formalised by weighting the firms’ 
R&D stocks according to their proximity into the technological space on the basis of the 
patent distribution of firms across technological classes. The data set of 625 worldwide 
manufacturing firms is representative of R&D expenditures in industrialised countries.  

The second objective of the paper has been to extend Jaffe’s methodology by 
considering alternative methods for constructing the R&D spillovers variables and by 
statistically testing their robustness. To that end, three clustering procedures have been 
implemented to split the total spillover pool into a local and an external component, and 
two distortion measures, the multiplicative and the logarithmic reciprocal functions, of 
the technological proximities entering the construction of the R&D spillover stock have 
been investigated. 

The estimates obtained have been performed by means of panel data estimation 
methods, which control for specific hypotheses typically associated with this kind of 
data, namely, correlated firms’ unobserved fixed effects with regressors and weakly 
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exogenous explanatory variables. On the whole, results for traditional production 
factors appear to be consistent with the findings of previous related studies. Evidence as 
regards the effects of technological spillovers on productivity has also been found. On 
the whole these effects are positive and significantly higher as compared to the firm’s 
own R&D stock, which confirms the higher social returns of R&D activities as 
compared to the private ones. Furthermore, these results are globally robust to 
alternative constructions of the spillover variable. 

Yet, if the concept of technological space is very attractive, its measure is not direct 
and the choice of a distance metric can affect the nature of results. In a similar vein, 
there is also the question of heterogeneity in the technological space. Moreover, given 
the positioning of firms into the technological space, to what extent do two firms benefit 
from spillovers given the possible existence of asymmetrical information flows? What 
is the ability of firms to absorb external knowledge? The timing of spillover effects 
should also be considered. How much time does it take the spillovers to concretise in 
new products and processes and as a result, in productivity? Because of lags in the 
diffusion of knowledge, spillover effects are probably not immediate. This last point is 
perhaps the main explanation why empirical studies encounter lots of difficulties in 
measuring the real impact of spillovers. So far, we do not have clear answers to these 
questions and there are consequently still lots of bottlenecks to overcome in the 
burgeoning literature on the relationship between productivity growth and technological 
spillovers. 
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Table 1. Productivity estimates: Basic results 
dependent variable: ln Sd4a sample S625: 625 firms x 8 years 

WITHIN Level OLS F.D. GMM-IV F.D. 
 β σb  β σb β σb 

lnL .50 (.016)* ∆lnL .41 (.029)* ∆lnL .53 (.069)* 

lnC .21 (.013)* ∆lnC .17 (.022)* ∆lnC .07 (.061) 

lnK .24 (.015)* ∆lnK .32 (.043)* ∆lnK .13 (.048)* 

lnTS 1.11 (.151)* ∆lnTS .94 (.277)* ∆lnTS .80 (.302)* 

 R²a .993  R²a .358 X² (d.f.)c 130.3 (76) 
     Sim.d:  +L1  
lnL .49 (.016)* ∆lnL .40 (.029)* ∆lnL .41 (.018)* 

lnC .21 (.013)* ∆lnC .17 (.022)* ∆lnC .15 (.012)* 

lnK .24 (.015)* ∆lnK .32 (.043)* ∆lnK .25 (.017)* 

lnLS .25 (.042)* ∆lnLS .24 (.067)* ∆lnLS .26 (.049)* 

lnES .59 (.125)* ∆lnES .60 (.228)* ∆lnES .37 (.155)* 

 R²a .993  R²a .359 X² (d.f.)c 300.3 (195) 
     Sim.d: S  
Notes: 
a) total net sales deflated by weighted total manufacturing value added deflator; 
b) heteroskedastic-consistent standard errors in brackets; *(**) =statistically significant at the 5 (10)% level; 
c) overidentification test statistic; 
d) intruments used: +L1 (weak exogeniety) = observations dated t-1, t-2, …; S (strong exogeneity) = all periods. 
 
Table 2. Productivity estimates: Comparison with Los and Verspagen (1996) 
dependent Variable: ln Sd1a long differences

 A= dataset S625, 1987-1994, 625 international firms 
 B= Los & Verspagen' datasample, 1977-1993, 485 US firms 

techn. spillovers = weighted sum of R&D techn. spillovers = unweighted sum of R&D techn. spillovers = time trend 

 A B  A B  A B 
 β σb β σ  β σb β σ  β σb β σ 

ln (L) -.04 (.014)* -.13 (.007)* ln (L) -.01 (.014) -.12 (.007)* ln (L) -.03 (.013)** -.12 (.007)*
ln (C) .23 (.012)* .15 (.007)* ln (C) .24 (.013)* .14 (.007)* ln (C) .23 (.013)* .14 (.007)*
ln (K) .23 (.015)* .02 (.004)* ln (K) .26 (.015)* .02 (.004)* ln (K) .24 (.014)* .02 (.004)*
ln (TS) .77 (.142)* .51 (.013)* ln (NWTS) 18.2 (4.73)* .53 (.013)* Trend .02 (.008)* .02 (.000)*

R²a .944 .850 R²a .943 .860 R²a .943 .860 
Notes: 
a) total net sales deflated by weighted total manufacturing value added deflator; 
b) heteroskedastic-consistent standard errors in brackets; *(**) =statistically significant at the 5 (10)% level. 
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Figure 1. Technological space and firms’ technological vectors 

igure 2. Transformed technological proximity: Multiplicative function 
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igure 3. Transformed technological proximity: Logarithmic reciprocal function F
 1.00 exp(φ (1-1/Pij)) 

0.00 
0.10 

0.20 

0.30 

0.40 

0.50 
0.60 

0.70 

0.80 

0.90 

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

Pij

φ  = .2 

φ  = .4 

φ  = 2 

φ  = .6 

φ  = 1 

 

 23



Figure 4. Clustering partitions, local stock, within estimates 
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Figure 5. Clustering partitions, external stock, within estimates 
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Figure 6. Multiplicative distortion, first differences estimates 
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Figure 7. Multiplicative distortion, within estimates 
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Figure 8. Logarithmic reciprocal distortion, first differences estimates 
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Figure 9. Logarithmic reciprocal distortion, within estimates 
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Appendix 
Table A1. International Patent Classification (IPC-2 digit level or 118 technological classes and 
aggregation in 50 broader classes) 

 
50 

broader 
classes 

IPC classes - 
2 digit level 

# of 
patentsa 

% 

AGRICULTURE C1 A01 1846 1.1 
FOODSTUFFS; TOBACCO C2 A21; A22; A23; A24 1125 0.7 

C3 A41; A42; A43; A44; A45; A46 219 0.1 PERSONAL OR DOMESTIC ARTICLES C4 A47; A63 548 0.3 
HEALTH; AMUSEMENT C5 A61; A62 7445 4.4 

C6 B01 3527 2.1 
SEPARATING; MIXING C7 B02; B03; B04; B05; B06; B07; B08; 

B09 1091 0.6 

C8 B21; B22  1169 0.7 
C9 B23 1060 0.6 

C10 B24; B25; B26; B27; B28 1112 0.7 
C11 B29 1728 1.0 

SHAPING 

C12 B30; B31; B32 980 0.6 
PRINTING C13 B41; B42; B43; B44 3057 1.8 

C14 B60 2372 1.4 
C15 B61; B62; B63; B64 1149 0.7 TRANSPORTING 
C16 B65; B66; B67; B68 2260 1.3 
C17 C01; C06 1938 1.1 
C18 C02 447 0.3 
C19 C03; C04 2108 1.2 
C20 C05; C07 22830 13.4
C21 C08 15126 8.9 
C22 C09 4535 2.7 
C23 C10 1661 1.0 
C24 C11 2052 1.2 

CHEMISTRY 

C25 C12; C13 2841 1.7 
C26 C21; C22 1270 0.7 
C27 C23 1333 0.8 METALLURGY 
C28 C25; C30 1205 0.7 

TEXTILES C29 D01; D02; D03; D04; D05; D06; D07; 
C14 2411 1.4 

PAPER C30 D21 641 0.4 
C31 E01; E02; E03; E04 569 0.3 BUILDING C32 E05; E06 230 0.1 

MINING C33 E21 658 0.4 
ENGINES OR PUMPS C34 F01; F02; F03; F04 3012 1.8 
ENGINEERING IN GENERAL C35 F15; F16; F17 3463 2.0 

LIGHTING; HEATING C36 F21; F22; F23; F24; F25; F26; F27; 
F28 1759 1.0 

W APONS; BLASTING C37 F41; F42 283 0.2 E
C38 G01 8143 4.8 
C39 G02 2678 1.6 
C40 G03 5828 3.4 
C41 G04; G05 1340 0.8 
C42 G06 8588 5.1 
C43 G07; G08; G09; G10; G12 2488 1.5 

INSTRUMENTS 

C44 G11 6621 3.9 
NUCLEONICS C45 G21 1030 0.6 
BASIC ELECTRIC ELEMENTS C46 H01 14794 8.7 
GENERATION, DISTRIBUTION OF ELECTRIC 
POWER 

C47 H02 2606 1.5 

BASIC ELECTRONIC CIRCUITRY C48 H03 3845 2.3 
ELECTRIC COMMUNICATION TECHNIQUE C49 H04 8731 5.1 
OTHER ELECTRIC TECHNIQUES  C50 H05 2068 1.2 
Source: International Patent Classification (IPC) - 7th edition (http://www.wipo.int/classifications/ipc/en/). 
Note : a) Number of patents applied at the EPO by the 625 firms of the sample and over the period 1978-1994.  
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Table A2. Clustering results: Inertia ratio 

y 
dence 

analysis 

producing initial 
partitions 

initial partitions partitions 
parti-
tion # 

clustering methods # factors axes for 
binar

correspon

# iterations for # clusters for # clusters for final inertia ratio 

1 K-Means 27 5 50 .558 15 
2 " 27 5 50 .580 16 
3 " 27 0 .596 5 5 17 

5 50 18 
5 " 27 5 50 .622 19 
6a " total 20 .442 5 20 

5 20 
6c " 27 20 .546 5 20 

20 
5 20 

21 
8 " 27 .660 5 50 22 

23 
5 24 

11 " 27 50 .684 5 25 
5 26 

13 " 27 50 .697 5 27 
5 28 
5 29 
5 15 
5 16 
5 17 .

19 " 27 50 .632 5 18 
5 19 
5 20 
5 20 
5 21 
5 22 

24 " 27 50 .703 5 23 
5 24 
5 50 

27 " 27 50 .738 5 26 
28 " 27 50 .749 5 27 

5 28 
30 " 27 50 .764 5 29 
31 ‘agglomerative hierarchical’ 27 - .574 - 15 
32 " 27 - .593 - 16 
33 " 27 - .611 - 17 
34 " 27 .633 - - 18 
35 " 27 .649 - - 19 
36 " 27 - .664 - 20 
37 " 27 - .677 - 21 

- 22 
- 23 

40 " 27 - .715 - 24 
41 " 27 - .726 - 25 

- 26 
- - 27 
- 28 

45 " 27 - .761 - 29 

 

4 " 27 .609 

6b " 40 20 .481 

6d " 27 10 20 .546 
6e " 27 50 .641 
7 " 27 5 50 .653 

9 " 27 5 50 .669 
10 " 27 50 .677 

12 " 27 50 .696 

14 " 27 50 .700 
15 " 27 50 .703 
16 ‘strong centers’ K-Means 27 50 .574 
17 " 27 50 .596 
18 " 27 50 614 

20 " 27 50 .648 
21a " 27 20 .660 
21b " 27 50 .663 
22 " 27 50 .677 
23 " 27 50 .690 

25 " 27 50 .716 
26 " 27 25 .728 

29 " 27 50 .757 

38 " 27 - .690 
39 " 27 - .703 

42 " 27 - .736 
43 " 27 .744 
44 " 27 - .753 
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Figure A1. Percentage of total inertia explained against number of clusters 
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Figure A2. Additional percentage otal inertia e m rther increa  in k 
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