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1 Introduction

According to several indicators, such as R&D (resarch and develepment) investment or patents,

global innovation is highly concentrated in a few countries (see Appendix, Table 1.a and 1.b).

Hence, the majority of the world, especially the developing countries adopts technologies de-

veloped by others. The patterns of technical change is thus determined in large part by inter-

national technology diffusion.

Recent developments in growth theory views technical change as the driving force behind

growth performance. The theoretical end empirical economic literature provides evidence

that knowledge originating in a particular country or region increasingly transcends national

boundaries and contributes to the productivity growth of other geographic areas. Grossman

and Helpman (1991) concludes that "growth rates will be faster when the technical knowl-

edge that contributes to productivity in industrial research flows readily across international

borders, compared to a situation in which all such knowledge must be generated locally".

Knowledge is inherently non-rival in its use, and hence, its creation and diffusion are likely

to lead to spillovers (i.e. knowledge externalities) and increasing returns; it is his non-rival

property of knowledge that is at the theoretical heart of models that produce endogenous

growth from research. In his pioneer work, Griliches (1979) identifies two forms of poten-

tial knowledge externality generated by R&D activities; rent spillovers and pure knowledge

spillovers.

The impact of the external knowledge is often assessed by introducing the latter into an

aggregate production function. However, the main difficulty here lies in separating the effects

of pure knowledge spillovers from the rent spillovers.

Rent spillovers occurs when the prices of imported intermediate and capital goods do not

embody completely the quality improvement that result from innovation activities in other
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firms or countries. A firm can enjoy the R&D made in another firm by buying one of his in-

termediate goods at a price which does not correspond to their practical value ; it will adopt

then a part of the rents of the innovating firm. This kind of rent spillovers, resulting from

"embodied knowledge flows" like trade or direct investment flows, occurs because of the im-

perfect and asymmetric information, and the impossibility of price discrimination from the

innovating firm. "Pure" knowledge spillovers arises because of the imperfect appropriability

of the knowledge associated with innovations. The diffusion of knowledge occurs when the

knowledge generated by a country/firm contributes to the innovation process of other coun-

tries/firms, by the means of disembodied knowledge flows (through a licensing agreement or

by outsourcing).

Nevertheless, it is very difficult to distinguish between pure knowledge flows, i. e. disem-

bodied knowledge flows, from the technology embodied in advanced capital goods sold one

country to another, leading to rent spillovers. To the extent that the knowledge or technology

flows is embodied in a purchased piece of equipment, it may not produce a spillover, or, if it

does, the spillover may take the form of a pricing or pecuniary externality rather than a techno-

logical one. The channels for pure knowledge spillovers are much more diverse, making their

measure much more difficult.

Authors like Jaffe, Trajtenberg, Henderson (1993) and Sjöholm (1993) have suggested to

use patent citations data to measure such spillovers. Patent documents, like scientific papers,

contains references to earlier patent documents; these citations may be interpreted as spillovers

from the knowledge described in the cited patent, to the knowledge of the citing patent. We

assume that the frequency with which a given country’s inventors cite the patents of another

country is a proxy for the intensity of pure knowledge flow from the cited country to the citing

country.

The object of this paper is to explore the patterns of knowledge diffusion to developing
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countries, by differentiating embodied and disembodied knowledge flows. We provide quan-

titative estimates of pure knowledge spillovers and rent spillovers from the industrial countries

in the North, to the less developed countries in the South. For this purpose, we calculate the

total factor productivity growth of 13 developing countries over the period 1982 − 1998, and

stress the impact of foreign R&D capital stock, using two different weighting schemes. Foreign

R&D capital stock is weighted by trade flows to account for embodied knowledge flows, and

by patent citation flows to account for disembodied knowledge flows. In order to deal with

the data availability problems, we choose to take United States, Japan and European Union as

the industrialized North countries. We find evidence of international technology transfer from

northern countries to the southern. The pure knowledge flows occurs to have more impact

on the productivity of developing countries, while the geographic localization doesn’t seem

to matter. The results suggest that disembodied knowledge flows have a stronger impact on

TFP growth and confirm the use of patent citation as a measure of direct technology flows.

The technical distance seems to attenuate the intensity of both pure and rent spillovers, while

there’s no evidence of geographic bounds.

The paper proceeds as follows: first, we present briefly the related economic literature (Sec-

tion 2). Second we describe the data set we constructed, as well as the variables used (Section

3). After discussing about the estimated model and estimation methods in Section 4, we sum-

marize the empirical results in Section 5. Section 6 concludes.

2 Related Literature

2.1 Knowledge Spillovers; Measurement Issues

As stated previously in the literature (Aghion and Howitt, 1992; Grossman and Helpman, 1991;

Romer, 1990), knowledge spillovers are an important source of technology transfer, which, in
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turn, contributes to increase productivity. Because of its public nature, knowledge can be used

by more than one firm at the same time, without one can prohibit its use from other firms (non-

rivalry), and other firms than the one that developed the knowledge can often not be excluded

from using this knowledge (non-excludability).

Given their inherent complexity, international spillovers have no well defined measures1.

The main technique used [to estimate the impact of R&D spillovers] is founded on the hy-

pothesis that R&D expenditure diffuse proportionately to the level of potential relationship

between countries/sectors/firms. The degree of international economic transaction, measured

by a "weighting matrix", is often considered as being the main factor influencing the diffusion

level of technological know-how across countries/sectors/firms.

Mohnen (1996) distinguish between two kinds of technological weights. In the first set, the

weights are measured on the basis of inter-firm or inter-country flows of goods and services,

capital goods. Technology can be embodied in physical goods, especially in R&D investment

intensive goods. When a firm replaces an old capital good with a new one, it is also intro-

ducing a better-quality technology in the production process, hence, increasing the total factor

productivity. Greenwood et al. (1997) attribute 60 percent of US long-term growth to embodied

knowledge. Results of Lee (1995), Coe and Helpman (1995) and Coe et al. (1997) also indicate

that the international spillovers are related to machinery and equipment imports. The foreign

direct investment (FDI) as a channel of embodied knowledge diffusion has also been suggested

(see the survey of Kumar, 1996; Blomström and Kokko, 1998) by emphasizing on three mecha-

nisms; demonstration effects, labor mobility and linkages between buyers and suppliers. Stud-

ies of Hanel (1994) and Van Pottelsberghe and Lichtenberg (2001) provides evidence of inward

FDI as a mode of international technology transfer.

1For a survey, see Griliches (1992,1995), Mohnen (1996), Blomström and Kokko (1998) and Cincera and van
Pottelsberghe (2001).
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The second set of technological proximities departs form the construction of vectors charac-

terizing the firms’ or industries’ technological positions into different spaces. The closer firms

are in such spaces, the more they benefit from each other research activities. Jaffe (1986, 1988,

1989), Scherer (1982), Putnam and Evenson (1994) and Verspagen (1994) found evidence on the

inter-sectoral and international nature of spillovers, by quantifying the technology flows.

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 adopt more explicitly a technology

perspective for measuring spillovers. The user-producer method tends to stress transaction

based linkages, while the second approach stress technology-based linkages between firms

and sectors (Grupp, 1996). Hence, the two categories of proximities should be viewed more as

complementary then substitutes. Furthermore, in the author’s opinion, the user-producer ap-

proach to modelling spillovers tends to under-estimate the real magnitude of pure knowledge

spillovers. As suggested by Mohnen (1996), proximity measures based on intermediate input

flows are more likely to reflect rent spillovers while weighting matrices based on patent and

innovation flows should be viewed more as indicators of knowledge transmission.

The first measure of technological proximity using a technological proximity approach,

was introduced by Jaffe (1986), by associating a vector of patent distribution across technology

classes to each firm, in order to represent the firm’s location in a multi-dimensional techno-

logical space. But, as put out by Griliches (1996), the positive effect of this measure on the

productivity could be due to "spatially correlated technological opportunities", given that the

technological proximity is likely to be correlated with exogenous technological proximity con-

ditions. In order to overtake this kind of problem, the most recent studies have chosen to use

the patent citations data.
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2.2 Patent Citations as a Measure of Pure Knowledge Spillovers

Although the patent counts have been used as an indicator of innovation, the use of patent cita-

tion data is relatively new. In a survey, Griliches (1990) presents the strengths and weaknesses

of patents as an indicator of innovation. The main disadvantage of using patent counts reside

in the fact that they don’t give information about the quality of innovations. On the other hand,

the main interest is that the patents are an output, rather than an input of innovation, as it is

the case of R&D expenses.

Following Jaffe, Trajtenberg and Henderson (1993) and Jaffe and Trajtenberg (1996), we

assume that citations refer to prior patents that bear similarities to the technology for which

protection is sought. Hence the citation link may be seen as an indicator of technological rele-

vance, leading to pure knowledge spillovers2.

In the previous literature, patent citations have been used to measure pure knowledge

spillovers at different level of analyses. In their pioneer work, Jaffe, Trajtenberg and Hender-

son (1993), analyse the geographical dimension of spillovers using citations at the United States

Patent Office (USPTO). In Jaffe and Trajtenberg (1999), they explore further the patterns of ci-

tations, by considering only G-5 countries, and find evidence of a diffusion process through

geographic, institutional and technological spaces. Using the same framework and citation

data, Branstetter (2000) evaluate knowledge spillovers between Japan and the United States.

Maurseth and Verspagen (1999) use citations by European patents to asses the patterns of

knowledge flows between European regions. MacGarvie (2003) explore the technology trans-

fer to French firms through international trade, using citations from European Patent Office

(EPO).

The quality of information contained in patent citation data has also been a subject of re-

2Patent citations are an objective measure of influence because their inclusion is overseen by a patent examiner.
Furthermore, if it can be proven that firms knew of the existence of a relevant patented technology and did not cite
it, the firm can be charged with fraud.
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search. Jaffe, Trajtenberg and Fogarty, by interviewing a cohort of 1993 patentees, find evidence

of citations as a measure of knowledge spillovers. However, they also stressed the noisy nature

of citation data. Nevertheless, a strong correlation between the number of citations a patent re-

ceived and its economic and technologic importance has been found. Duguet and MacGarvie

(2002) also provide confirmation of the legitimacy of using patent citations, after matching in-

formation from CIS1 survey (French Services des Statistiques Industrielles, SESSI Innovation

Survey) with EPO patent citation data.

Previous research in the patent citations literature uses both "backward" and "forward" cita-

tions to measure spillovers. In this paper, we are using forward citations, which are citations to

the country’s patent made by other patents, and interpret this as a measure of pure knowledge

diffusing outward from patent entity.

3 Description of variables and their expected effects

As discussed above, the flows of technical knowledge and the factors that could have an impact

on them are hard to quantify. The econometric analysis has usually been performed within a

production function framework, where the knowledge capital, or spillover stock enters as a

separate regressor in addition to the conventional inputs and own R&D stock.

3.1 The endogenous variable

The traditional framework for productivity growth measurement departs generally from the

assumption that producers face either a production function or equivalently a cost function.

Solow’s growth accounting framework is extended to include an accumulated stock of R&D

as an additional output. The standard methodology is to apply firstly the growth-accounting

framework to the inputs of capital and labor, in order to calculate the total factor productivity

growth, and then, the observed TFP is considered as being a function of R&D investments.
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This system of equation can be illustrated as following :

Y = TFPf(K, L) (1)
TFP = g(X, RD) (2)
RDt =

∑
ωhIRD

t−h (3)

Where Y is output, K and L, the capital and labor inputs, TFP the total factor productiv-

ity, i.e. the current state of technology, RD the measure of accumulated research, whereas X

stands for the other forces affecting the productivity. IR measures the real gross R&D invest-

ment in period t, and ωh connects the level of past research to the current state of knowledge.

Technology is assumed to be Hicks neutral (output augmenting).

The total factor productivity growth is then measured for each country i and industry n at

time t by the following equation:

TFPint ≡ lnVint − lnVint−1 − α̂int(lnLint − lnLint−1)− (1− α̂int)(lnKint − lnKint−1) (4)

Where V and L are respectively the value added and the number of employees, while α is

the share of total labor compensation in the value added. K is the fixed capital stock generated

by the perpetual inventory method, which is defined in Appendix 2. All the variables are

constructed from data drawn out by the UNIDO database and are expressed in 1995 US dollars

except the number of employees.

The perpetual inventory method implies that the computed fixed capital stock depends on

the assumed depreciation rate and on the annual growth rate of investment during the period

preceding the first year of evaluation of the stock. In our analysis, the period which precede

the benchmark year is 1975 − 1980, and the depreciation rate is assumed to be 0.15 following

Keller (1996). The average total factor productivity growth for given developing countries is

shown at Table 1.
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Table 1: Mean growth rate of total factor productivity (1981-1999)

Country Chemicals & Drugs Computer & Electronics Mechanical
Bulgaria N/A 0,39 0,81
Chile 0,91 0,93 0,91
China 1,04 0,99 1,04
Colombia 1,84 0,90 1,25
Egypt -1,01 1,03 0,94
Hungary 1,04 N/A 0,98
Indonesia 0,95 0,98 0,99
Mexico 0,96 0,98 0,97
Poland 1,00 1,17 0,87
Romania 1,04 1,13 1,16
Singapore 0,83 0,96 0,99
Turkey 1,05 1,06 1,07
Venezuela 0,76 0,69 -1,33
Source: Author’s calculs

3.2 Independent variables

Our econometric estimation includes traditional variables affecting total factor productivity

growth and more specific spillovers variables. We have independent variables at sector and

country level (see Appendix 3 for a description of data and their sources).

By sector level, we mean in fact the technological fields defined and constructed by Hall,

Jaffe and Trajtenberg (2001). As the patent classification system used by the USPTO was too

complicated for any analysis, authors has developed a higher-level classification, by which

the 400 classes are aggregated into 36 two-digit technological sub-categories, and these in turn

are further aggregated into 6 main categories3. We choused to use patent citations among

the sub-categories, rather then the main categories, to trace knowledge patterns within and

across countries. The main reason for this choice is to avoid losing relevant knowledge flows

in aggregation, while still accounting for homogeneities within sectors. Unfortunately, there is

no correspondence table existing between the ISIC Rev2 system (in which our country specific

variables were classified) and this technological fields, nor with the USPTO patent classification

3The six main technological categories are; Chemical, Computers and Communications, Drugs and Medical,
Electrical and Electronics, Mechanical and the Others.
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system. We were thus obliged to aggregate our industry level data at the final stage of our

estimation, in order to have an adequate level of correspondence between our two database.

Finally, to avoid any problem of arbitrary, we have chosen to remain with only four main fields;

that is, Chemicals, Drugs and Medical; Computer, Communication, Electric and Electronics,

Mechanical and Others4.

3.2.1 Sector level variables

Spillovers : The common method to measure the spillovers (Si) is to aggregate outside R&D,

i.e., R&D expenditure of other countries/industries and weight with different shares, as for-

mulated by Griliches (1991) :

Si =
∑

ωijRDj

In the case of rent spillovers, the weights (ωij) used to compute the stock of "external"

R&D are derived from economic transaction matrices, while in the case of pure knowledge

spillovers, the weights can be characterized by an evolution of the technology flow matrices.

In order to distinguish between embodied and disembodied knowledge flows, two differ-

ent weighting schemes will be constructed.

• Embodied knowledge flows: The first one is the bilateral trade shares, which is to mea-

sure the rent spillovers, i.e. the technology embodied in advanced capital goods. The

focus is on the indirect benefits emanating from the import of goods and services that

have been developed by trade partners. In their pioneer work, Coe and Helpman (1995)

compute the foreign capital stock as the import-share-weighted average of domestic R&D

capital stocks of trade partners. However, Keller (1996) and Lichtenberg and van Pottels-

berghe (1998) have serious reservations about Coe and Helpman weighting methodology.

4The technological field "Others" include; Agriculture, Husbandary,Food; Amusement Devices; Apparel & Tex-
tiles; Earth Working & Wells; Furniture, House Fixtures, Heating, Pipe & Joints; Receptacles
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Lichtenberg and van Pottelsberghe (1998) propose to take account the "real" R&D inten-

sity embodied in the import flows of country i, and hence, to weight imports by total

output of the trade partner, rather than the total imports.

Considering that we are in a North-South context, we preferred to use Coe and Help-

man’s weighting scheme. Hence, our trade scheme has the following form:

ωMij =
Mijn

Mij
,∀i 6= j

where i, n stands for country and industry indexes, and Mijn is the flow of imports of

goods and services of country i and industry n from country j. So, we assume implic-

itly that the more a country/industry imports from countries with a relatively high do-

mestic R&D capital stock, the more it will benefit from international/inter-sectorial rent

spillovers.

• Disembodied knowledge flows: The second weighting scheme is the number of citation

C made by the technology class i, in each separate country n and year t, from technology

class j, assuming that patent citations represent a link to pre-existing knowledge upon

which the inventor builds. The data comes from USPTO and covers 3 million patents and

16 millions citations over the period 1963− 1999.

As extensively explained by Hall, Jaffe and Trajtenberg (2001), patent citations can be a

very noisy measure of pure knowledge spillovers, since the number of citations a partic-

ular patent receives may vary across technology classes, or over time5. We adopt the so-

called "fixed-effect" approach following Hall et al. (2001) which consist that all source of

systematic variation over time in citation intensities are artifacts that should be removed.

5The average patent issued in 1999 made over twice as many citations as the average patent issued in 1975 (10.7
versus 4.7 citations) Hall (2001).
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So we deflate the number of citations by citing country i to patents applied by country

j by the average number of citations received of patents in the same year-class cohort as

the cited patent. By doing so, we remove the variability arising from year, technological

class and year-class effect. However, we also remove the effect of any systematic move-

ment over time in the importance or impact of patent cohorts, so any "real" effect may

also be lost.

Our disembodied knowledge weighting scheme has the following form:

ωP =
(Cij)tn

AV Eitn
,∀i 6= j

where Cij stands for the number of citation made by industry n, in each separate year t

and country i, from country j. AV Eitn is the average number on citation.

In this study, giving that we consider that the technology is transferred mainly from United

States, European Union and Japon, we constructed R&D capital stock (RD) for each country

- region, using the perpetual inventory method on the basis of industrial R&D expenditures.

The series are coming from OECD-ANBERD database, and covers the period 1973− 1999. For

estimation purposes, and in order to reduce measurement bias, we computed the net R&D

intensity "at the beginning of the year", i.e. one year lagged.

Market size : The production at the sector level is used as a proxy of the market size. Al-

though the effect is often quite small, previous studies Park (1993), Coe and Helpman (1993),

Guellec and van Pottelsberghe (2001) has shown that smaller countries benefits more from for-

eign R&D than the larger ones. Hence, we expect that the greater the market size is, the less

important will be the spillover effect.
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Labor costs : This variable represents labor costs in the host country, measured by wages and

salaries paid to employees. In the technology transfer literature, it seems widely accepted that

the knowledge spillovers and the factor demands are substitute, which seems natural given

that the knowledge spillovers generally decreases the labor cost. Also, this variable could

approximate the structure of employment : a higher share of qualified employees results in

higher per capita wages, reflecting a higher absorptive capacity of the host country/industry.

The sign of the coefficient will depend on which of these two controversial effects will take on.

3.2.2 Country level variables

Human capital : Productivity also depends on the quality of a country’s labor force, i.e. on

his human capital. In the absence of suitable measures of human capital at a sectoral level, we

use data on real government current educational expenditure per pupil, as proxies for human

capital.

Absorptive capacity : As stressed out by Cohen and Levinthal (1989), a country’s absorptive

capacity is enhanced by its own R&D. We use gross domestic R&D expenditure data from

UNESCO.

Technology gap : The role of technology gap is rather unclear in the technology transfer lit-

erature (Sjohölm, 1997). It has been argued that the potential for catch-up depends positively

on the difference level between leader and follower (Findlay, 1978 ; Fagerberg, 1994,1997). Ac-

cording to these studies, for a given amount of foreing presence, the spillovers are larger, the

larger the technology gap. On the other hand, the large technology gaps may constitute an ob-

stacle for technology transfer (Lapan and Bardhan, 1958). We use the differences in per capita

GDP as a proxy of technology gap as suggested by Maurseth and Verspagen (1999), Sjöholm

(1994), Kokko (1994). In our study, given the level of development and foreign presence of our
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countries, we would expect a positif relationship between the technology gap and spillovers.

Foreign Direct Investment : As pointed out in the last section, the foreign direct invest-

ment is considered as one of the major transmission mechanism of embodied knowledge flows.

Given the lack of FDI data in sectoral level, we couldn’t test the validity of this hypothesis in

this present work. However, we include host countries’s stock of FDI in our regression as a

control variable.

4 The Econometric Specification and Estimation Procedure

4.1 Econometric Specification

Our empirical work is based on a linear specification that links total factor productivity in

13 developing countries to measures of the foreign R&D capital stock conducted in European

Union, United States and Japan, by two different weighting schemes. As explained above,

the first weighting scheme (ωM ), is constructed on the basis of bilateral importation flows, and

tends to measure the embodied knowledge flows (i.e. rent spillovers). The second scheme (ωP ),

constructed on the basis of patent citation frequency, measures the disembodied knowledge

flows (i.e. pure knowledge spillovers). Our specification is based on a the standard neoclas-

sical model with a constant returns to scale Cobb-Douglas production function, and has the

following form:

logTFPint = α0 + αintMS + αintLC + αntAC + αntHK + αntTG + αintωMRD + αintωP RD + ε (5)

where i, n and t index respectively country, industry and time periods, TFP is the total factor

productivity, αints are industry/country specific parameters, MS is the market size, LC, labor

cost, AC absorptive capacity, HK human capital, TG technological gap, and finally, RD stands
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for the foreign R&D capital stock.

4.2 Estimation Procedure

There are several well known econometric problems associated with empirical growth re-

search. The explanatory variables are typically endogenous and measured with error6. An-

other difficulty is the omitted variables. In this section will present the estimation procedures

used to tackle with this problems.

In a growth estimation, it is generally assumed that country-specific effects are uncorre-

lated with other right-hand side variables. The violation of this assumption leads the omitted

variable bias. To treat the latter, one can use the country effects in a panel data set. This method

is valid when the effects are fixed rather than random. Our first estimation will then be based

on a Least Squares Dummy Variables estimator (therefore, LSDV), which is a within estimator

using fixed effects, in order to deal with the omitted variable bias and deal consistently with

the correlation between effects and regressors.

However, the LSDV estimation is still inconsistent and biased since the within transforma-

tion will not deal with the endogeneity problem. As a matter of fact, in any dynamic relation-

ship that contains a lagged dependant variable, there will be correlation between the explana-

tory variables and the error term7. Hence, our second estimation will be based on instrumental

variables techniques (therefore IV), by including 2-years lagged value added variable as in-

struments.

The IV estimation has important advantages; our estimates will not longer be biased by any

omitted variables that are constant over time (unobserved country-specific or fixed effects).

Secondly, it will allow parameters to be estimated consistently in the presence of endogeneity

6See for an exemple in the case of microeconomic studies, Griliches and Mairesse (1998).
7yi,t = ρyi,t−1 + x

′
i,tβ + εi,t where εi,t = µi + υi,t(one-way error component model). OLS will be both biased

and inconsistent, since yi,t is a function of µi, yi,t−1, must also be a function of µi. The within transformation,
yi,t − yi,t−1 is still correlated with υi,t − υi,t−1 since yi,t is still correlated with υi.
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problems as we have here. Finally the use of instruments potentially allows consistent estima-

tion even in the presence of measurement error.

Nevertheless, still remains the heteroscedasticity problem. The conventional IV estima-

tor (though consistent) is inefficient in the presence of heteroscedasticity, and the usual forms

of the diagnostic tests for endogeneity and overidentifying restrictions are also invalid. The

common approach in this case consist to use the Generalized Method of Moments (GMM), in-

troduced by L. Hansen (1982). GMM makes use of the orthogonality conditions to allow for

efficient estimation in the presence of heteroscedasticity of unknown form. Hence our third

estimation will be based on a GMM estimator.

We implement different tests in order to evaluate the appropriate estimation technique.

Although we have reason to suspect non-orthogonality between our regressors and errors,

the use of IV estimation must be balanced against the inevitable loss of efficiency regarding

OLS. We conducted first a Durbin-Wu-Hausman test in order to prove the inconsistency of

LSDV estimation. The Sargan’s statistic in the case of IV estimation and the Hansen’s J Test

for GMM estimation were implemented to ascertain the instrument’s independence from an

unobservable error process. Either method generate a consistent estimator of the error variance

under the null of instrument validity, and confirms the validity of our model specification.

We also deal with the problem of "instrument irrelevance", i.e. either additional relevant

instruments are needed or one of the endogenous regressors may be dropped from the model,

by using the "partial R2" proposed by Shea (1997), which takes the intercorrelations among the

instruments into account8. The consequence of excluded instruments with little explanotary

power is increased bias in the estimated IV coefficients (Hahn and Hausman; 2002). If the

8As a rule of thumb, if an estimated equation yields a large value of the standard (Bound et al.) partial R2

and a small value of Shea measure, one may conclude that the instruments lack sufficient relevance to explain
all endogenous regressors, and the model may be essentially unidentified (Baum et al.;2003).We also implement
Staigner and Stock (1997)’s rule of thumb in order to detect the presence of weak instruments which may not be
revealed by first stage tests.
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explanatory power is weak, conventional asymptotics fail. The tests showed us the relevance

and validity of our instruments.

Finally, we implemented a Pagan-Hall test designed specially to detect the presence of het-

eroskedasticity in IV estimation. The standard tests of heteroskedasticity suppose that the

other structural equations in the system must be homoskedastic, even though they are not be-

ing explicitly estimated. Pagan and Hall (1983) derive a test which relaxes this requirement9. If

heteroskedasticity is present, the GMM estimator is more efficient than the simple IV estimator,

nevertheless, as pointed out by Hayashi (2000), the use of GMM can have poor small sample

properties. In fact, if the error is homoscedastic, IV would be preferable to efficient GMM.

5 Empirical results and interpretations

The empirical analysis uses a panel data set consisting of 1982−1998 period, for a cross section

of 13 developing countries, 4 main technological fields and 36 technological sub-sectors. All

variables are used in natural logs, and expressed in real terms. We report in Table 2 estimation

results for international spillovers for our 3 technological source countries. In the first columns,

we report inconsistent LSDV results for the basic specification corresponding to equation pre-

sented above. In order to deal with endogeneity and omitted variable problems, we use a

IV estimation in the second columns, by instrumenting our market size variable by its two

periods-lagged value. Finally, we implement the GMM estimator, so that we can have efficient

estimates in presence of heteroskedasticity. Only in the case of Japan, the IV estimator is more

efficient that the GMM, because we found evidence of homeskedastic errors by Pagan-Hall

test.

The market size variable has the expected negative effect in all specification. We can con-

9Under the null of homoskedasticity in the IV regression, Pagan-Hall statistic is distributed as χ2
p, irrespective

of the presence of heteroskedasticity elsewhere in the system.
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Table 2: International Spillovers
European Union Japan United States

LSDV IV GMM LSDV IV GMM LSDV IV GMM
MS 0.089*** -0.076* -0.031 0.133** -0.090* -0.068 0.124** -0.033** -0.025**

[0.024] [0.032] [0.049] [0.029] [0.041] [0.049] [0.020] [0.024] [0.030]
LAB -0.077*** 0.042 0.008 -0.113** 0.067 0.059* -0.076** 0.028* 0.031*

[0.026] [0.031] [0.045] [0.032] [0.042] [0.046] [0.022] [0.025] [0.028]
Rent Spil. 0.049*** 0.031** 0.038* -0.004 0.083* 0.015* 0.006 0.012* 0.012**

[0.016] [0.017] [0.018] [0.018] [0.018] [0.020] [0.014] [0.015] [0.013]
Pure Spil. 0.074 0.044*** 0.042** -0.045 0.112** 0.102** 0.038 0.029** 0.033**

[0.079] [0.010] [0.043] [0.101] [0.107] [0.111] [0.053] [0.054] [0.053]
R&D 0.047*** 0.033** 0.039** 0.032* 0.013* 0.020 0.040** 0.035** 0.037**

[0.010] [0.011] [0.008] [0.014] [0.012] [0.009] [0.009] [0.009] [0.007]
HK 0.015*** 0.017** 0.017** 0.010** 0.004* 0.002 0.012** 0.012** 0.012**

[0.003] [0.003] [0.003] [0.003] [0.002] [0.002] [0.002] [0.002] [0.003]
GAP 0.105*** 0.095** 0.099** 1.351** 0.480** 0.361** 0.424** 0.379** 0.368**

[0.023] [0.024] [0.024] [0.275] [0.099] [0.116] [0.054] [0.055] [0.067]
FDI 0.012*** 0.012** 0.012** 0.012* 0.012* 0.011** 0.012** 0.013** 0.012**

[0.004] [0.004] [0.003] [0.005] [0.005] [0.004] [0.003] [0.003] [0.003]
Constant -4.497*** -2.188* -2.877* -15.247** -3.594** -2.989** -5.893** -3.833** -3.603**

[0.891] [0.973] [1.345] [3.190] [1.055] [1.117] [0.918] [0.952] [1.076]
Obs. 1065 1022 1022 732 695 695 1569 1525 1525
R2 0.35 0.32 0.34 0.28 0.12 0.12 0.33 0.24 0.29
Sargan T. - 5.604 - - 13.385 - 3.339 -
Hansen T. - - 1.690 - - 7.664 - 1.769
Standard errors in brackets.*Significant at 10%; ** significant at 5%; *** significant at 1%
All variables are in logarithm except spillover variables

firm previous studies according to which smaller countries benefits more from foreign knowl-

edge. The coefficient on labor cost is significant and positive, which contradicts the substi-

tutability of knowledge spillovers and factor demands. But, we know that labor cost can also

reflect the the structure of employment. In that sense, a positive coefficient may be an indicator

of the absorptive capacity. The human capital variable is significative and positive as expected.

The technological gap variable is positive and present in the most case, the larger coefficient.

This findings confirms the general idea that wider the technology gap between developing and

developed countries, the larger is the potential of technology transfer.

Both of our spillovers variables are significative and positive, and the impact of pure knowl-

edge spillovers seem to be more important then then the rent spillovers. This results confirms

our expectations, that is the technology transfer occurs more by the mean of disembodied
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Table 3: Impact of Geographic Proximity
European Union Japan United States

LSDV IV GMM LSDV IV GMM LSDV IV GMM
MS 0.010 -0.126** -0.085* 0.058* -0.156** -0.136** 0.033 -0.081** -0.082**

[0.021] [0.025] [0.041] [0.026] [0.035] [0.041] [0.018] [0.021] [0.026]
LAB 0.003 0.106** 0.073* -0.048 0.137** 0.125** -0.019 0.073** 0.078**

[0.025] [0.028] [0.039] [0.030] [0.038] [0.040] [0.021] [0.023] [0.025]
Rent Spil
Prox = 0 0.003 0.042** 0.050** 0.028 0.077* 0.068* 0.035* 0.043* 0.030*

[0.091] [0.092] [0.084] [0.140] [0.152] [0.187] [0.068] [0.068] [0.060]
Prox = 1 0.279** 0.048** 0.42** 0.126 0.077* 0.066* 0.009 0.030* 0.027*

[0.128] [0.130] [0.124] [0.120] [0.128] [0.104] [0.088] [0.089] [0.104]
Pure Spil
Prox = 0 0.028* 0.014* 0.022* 0.002 0.025* 0.033 0.001 0.015* 0.017*

[0.017] [0.018] [0.017] [0.016] [0.015] [0.018] [0.014] [0.014] [0.011]
Prox = 1 0.120*** 0.103** 0.102** 0.025 0.046** 0.047* 0.035 0.049* 0.046**

[0.021] [0.022] [0.021] [0.019] [0.020] [0.020] [0.020] [0.021] [0.019]
FDI 0.012*** 0.012** 0.011** 0.008 0.013** 0.012** 0.011** 0.012** 0.012**

[0.004] [0.004] [0.004] [0.005] [0.004] [0.004] [0.004] [0.004] [0.003]
GAP 0.095*** 0.082** 0.090** 1.361** 0.467** 0.366** 0.411** 0.351** 0.344**

[0.023] [0.024] [0.024] [0.269] [0.095] [0.113] [0.055] [0.055] [0.070]
R&D 0.037*** 0.029** 0.037** 0.036** 0.008 0.017 0.031** 0.029** 0.033**

[0.010] [0.011] [0.008] [0.013] [0.011] [0.009] [0.009] [0.009] [0.008]
HK 0.015*** 0.016** 0.016** 0.010** 0.005** 0.003 0.013** 0.012** 0.012**

[0.003] [0.003] [0.003] [0.003] [0.002] [0.002] [0.002] [0.002] [0.003]
Constant -2.921*** -2.471* -3.145* -14.019** -4.520** -3.782** -4.078** -2.192* -2.037

[0.885] [1.041] [1.261] [3.052] [1.052] [1.187] [0.975] [0.990] [1.138]
Obs 1103 1059 1059 825 785 785 1612 1567 1567
R2 0.35 0.32 0.33 0.15 0.12 0.12 0.31 0.29 0.27
Sargan - 17.096 - - 19.647 - - 11.428 -
Hansen J - - 6.364 - - 9.944 - - 5.330
Standard errors in brackets* significant at 10%; ** significant at 5%; *** significant at 1%
All variables are in logarithm except spillover variables

knowledge flows then embodied ones. It also justify the use of patent citation data as a mean

of disembodied technology flows. The domestic R&D has also the expected signs, and has

greater coefficient then the spillover variables in the case of European Union and United States,

which confirms previous literature concerning the role of the absorptive capacity. Based on this

findings, we can conclude that countries with an initial stock of knowledge will be more suited

to benefit from foreign technology, especially from pure knowledge spillovers.

The FDI variable, which is mostly a control variable, since we weren’t able to test the foreign

investment channel for the technology transfer, is also significative and positive as expected.
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This results suggest that the foreign investment increase the productivity level in developing

countries, but at this stage of analysis, we’re not able to pretend that this increase is due to any

kind of technology transfer.

The next two estimation seeks to identify the role played by geographic and technolog-

ical proximity in technology transfer patterns of developing countries. We expect, à priori,

that the geographic, as well as technological distance would attenuate knowledge spillovers

(Audretsch and Feldman, 1996; Jaffe, 1986; Adams and Jaffe, 1996).

In Table 3, we present the results concerning the impact of geographic localization on inter-

national technology transfer. Our sample is divided with respect to their geographic proximity

with the three knowledge-source countries. Not surprisingly, the coefficient of rent spillovers

decrease as the geographic distance increase, since the cost of trade increase. Nonetheless,

there’s no significative difference between the two sample for the pure knowledge spillovers,

suggesting that there’s no geographic bound to disembodied knowledge flows. Knowing that

the present paper focus exclusively on inter-sectoral spillovers, this result confirms the find-

ings in Orlando (2002), which concludes that "spillovers within narrowly defined technological

groups do not appear to be attenuated by distance".

Table 4 shows the technological proximity effects. As for the previous estimation, we divide

our sample in two, with respect to host countries’ number of patent applications, in order to

establish a adequate measure of technological distance between North and South countries.

The reason why we choose the number of patents as a measure of technology proximity, is to

distinguish host countries vis-à-vis their innovative capacity. The estimation results confirms

our expectations, that is, the coefficients of both spillovers variables are more important for

innovative countries, which emphasize once more the importance of source country’s initial

technology level. Therefore, we can conclude that the more a host country’s technological
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Table 4: Impact of Technologic Proximity
European Union Japan United States

LSDV IV GMM LSDV IV GMM LSDV IV GMM
MS 0.006 -0.135** -0.098* 0.061* -0.156** -0.135** 0.034 -0.081** -0.082**

[0.021] [0.026] [0.041] [0.026] [0.035] [0.041] [0.018] [0.021] [0.027]
LAB -0.001 0.110** 0.080* -0.051 0.137** 0.124** -0.011 0.084** 0.087**

[0.026] [0.029] [0.040] [0.030] [0.039] [0.040] [0.022] [0.023] [0.025]
Pure Spil
Tech = 0 0.141 0.182 0.184* 0.134 0.108* 0.140* 0.087 0.088 0.093

[0.118] [0.120] [0.086] [0.120] [0.128] [0.104] [0.084] [0.084] [0.062]
Tech = 1 0.239** 0.183* 0.199** 0.245** 0.174* 0.162* 0.087 0.141* 0.139**

[0.096] [0.098] [0.102] [0.140] [0.153] [0.187] [0.068] [0.069] [0.076]
Rent Spil
Tech = 0 0.030* 0.013* 0.018* 0.025 0.006* 0.016* 0.004 0.017* 0.018**

[0.018] [0.018] [0.017] [0.019] [0.020] [0.020] [0.014] [0.015] [0.012]
Tech = 1 0.085*** 0.076** 0.075** 0.004 0.025* 0.033* 0.018 0.032* 0.091**

[0.020] [0.021] [0.022] [0.016] [0.015] [0.018] [0.019] [0.020] [0.019]
FDI 0.012*** 0.012** 0.011** 0.008 0.013** 0.012** 0.011** 0.012** 0.012**

[0.004] [0.004] [0.004] [0.005] [0.004] [0.004] [0.004] [0.004] [0.003]
GAP 0.103*** 0.088** 0.093** 1.362** 0.467** 0.367** 0.427** 0.365** 0.359**

[0.024] [0.024] [0.024] [0.268] [0.095] [0.113] [0.055] [0.056] [0.070]
R&D 0.036*** 0.027* 0.033** 0.036** 0.008 0.017 0.029** 0.027** 0.031**

[0.011] [0.011] [0.008] [0.013] [0.011] [0.009] [0.009] [0.009] [0.008]
HK 0.016*** 0.017** 0.017** 0.009** 0.005** 0.003 0.014** 0.014** 0.013**

[0.003] [0.003] [0.003] [0.003] [0.002] [0.002] [0.002] [0.002] [0.003]
Constant -3.087*** -1.548 -2.004 -14.078** -4.528** -3.778** -5.297** -3.013** -2.862*

[0.913] [1.029] [1.299] [3.051] [1.052] [1.186] [1.005] [1.091] [1.309]
Obs. 1103 1059 1059 825 785 785 1612 1567 1567
R2 0.33 0.30 0.31 0.30 0.12 0.12 0.31 0.27 0.29
Sargan - 11.298 - - 19.476 - - 9.236 -
Hansen J - - 4.549 - - 10.855 - - 4.195
Standard errors in brackets* Significant at 10%; ** significant at 5%; *** significant at 1%
All variables are in logarithm except spillover variables

capacity, the more it will benefit the technology transfer from developed countries.

The last findings are not contradictory with our conclusion concerning the technology gap. It’s

well known that some difference in development level between North and South is necessary

to the catch-up process. Nevertheless, the host country’s technical capabilities are at least as

much important in the absorption of a new technology. An analysis of the threshold between

the developing country’s required technical level (to benefit from foreign technology), and

the technology gap necessary (to undertake the catch-up process) would be subject to further

research.
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6 Conclusion

This paper seeks to analyze the technology transfer patterns in a North-South context. In addi-

tion to traditional variables affecting technology transfer, the emphasize is set on the difference

between disembodied and embodied knowledge flows, by the construction of two different

weighting schemes for foreign R&D stock. It also explore the impact of geographic and tech-

nologic proximity in the international technology transfer process.

Our study include European Union, Japan and United States, as the North countries origi-

nating the stock of knowledge, and 13 developing countries. Using appropriate IV and GMM

techniques, we find evidence of international technology transfer in a sectoral level by pure

knowledge and rent spillovers mechanisms. Although we observe a complementary relation-

ship between the two kind of spillovers, the main results shows that the pure knowledge (i.e.

disembodied) spillovers has a greater impact on the total factor productivity growth of the

developing countries. Moreover, this findings confirms the use of patent citations as a pure

knowledge flow channel.

Finally, empirical evidence also stress the importance of the source countries’ absorptive

capacity. The domestic R&D stock, as well as the human capital contribute considerably to the

technology transfer, and hence, to the productivity growth of the developing countries. Fur-

thermore, when controlling for host country’s technological distance to the northern countries,

evidence is found that the developing countries whom technical level is "near" to knowledge-

source countries, benefit more from foreign technology. However geographic distance is found

to have no impact on technology transfer patters, except the one of trade costs.
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APPENDIX

1. Creation of Knowledge - Some Indicators

(a) Patents (applied for and granted to) Developing Countries

Application for patents filled by Grants of patents to
Country Residents Non-Residents Total Residents Non-Residents Total
Bulgaria 291 77 331 77 622 132 293 425
China 30 324 118 970 149 294 5 395 10 901 16 296
Colombia 63 44 882 44 945 13 350 363
Egypt 464 923 1 387 57 373 430
Hungary 1 019 78 181 79 200 182 1 263 1 445
India 234 78 288 78 522
Mexico 594 81 876 82 470 118 5 358 5 476
Philippines 13 598 13 598
Poland 2 218 78 856 81 074 851 1 171 2 022
Romania 1 148 130 602 131 750 666 843 1 509
Singapore 79 026 79 026
Turkey 425 228 914 229 339 61 2 076 2 137
Venezuela 691 302 993 529 352 881
Source: World Industrial Property Organization, 2003

(b) Trends in R&D intensity∗ by Area(1981-2001)

Year United States Japan EU OECD
1981 2,34 2,11 1,69 1,95
1982 2,52 2,19 N/A 2,05
1983 2,59 2,32 1,73 2,1
1984 2,64 2,4 1,78 2,16
1985 2,76 2,54 1,86 2,26
1986 2,73 2,51 1,88 2,26
1987 2,69 2,57 1,92 2,26
1988 2,65 2,6 1,91 2,25
1989 2,62 2,7 1,93 2,26
1990 2,65 2,78 1,94 2,29
1991 2,72 2,75 1,9 2,23
1992 2,65 2,7 1,88 2,19
1993 2,52 2,62 1,87 2,14
1994 2,43 2,57 1,82 2,09
1995 2,51 2,69 1,8 2,1
1996 2,55 2,77 1,8 2,13
1997 2,58 2,83 1,8 2,15
1998 2,6 2,94 1,81 2,17
1999 2,65 2,94 1,86 2,2
2000 2,72 2,98 1,89 2,25
∗ Gross domestic expenditure on R&D as a percentage of GDP
Source: OECD, MSTI Database, 2003
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2. The Perpetual Inventory Method

The stock’s formulation used in this paper to evaluate R&D and fixed capital stocks could

be represented as follows. The stock at time t is equal to the new investment at time t plus

the stock at time t − 1 less the retirements of capital which depends on the depreciation

rate :

Kt = It + (1− δ)Kt−1 Kt = It + (1− δ)It−1 + (1− δ)2It−2 + (1− δ)3It−3 + ...

Then, if we assume a constant annual rate of growth of the past investments :

Kt = It + (1− δ)λIt−1 + (1− δ)2λ2It−2 + (1− δ)3λ3It−3 + ...

Kt =
It

1− λ(1− δ)

where;

Kt = Fixed capital stock at time t

It= New investment at time t

δ = Depreciation rate (constant over time)

λ = 1
1−µ

µ = the mean annual rate of growth of It

The same formulation has been used to calculate the domestic and foreign R&D stocks.
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3. Variables and data sources
Market Size production*

(Trade and Production database - UNIDO ISIC Rev 2, 1976− 1999)
Labor Costs average wage per worker (1995 US dollar)

(Trade and Production database - UNIDO ISIC Rev 2, 1976− 1999)
R&D research and development expenditure in industry(1995 US dollar)

(ANBERD database - OECD ISIC Rev 2, 1973− 1999)
Imports bilateral import flows

(Trade and Production database - UNIDO ISIC Rev 2, 1976− 1999)
Value Added value added

Trade and Production database - UNIDO ISIC Rev 2, 1976− 1999
GFCF value of purchases and own account construction

fixed assets less the value of corresponding sales
(Trade and Production database - UNIDO ISIC Rev 2, 1976− 1999)

Patent Citations number of citations made by sector/country
(NBER Patent Citation Data, 1963− 1999
-Authors’ calculations from NBER Patent Citation Data)

Human Capital Real government current educational expenditure per pupil
(Barro and Lee, 1960− 1990

Absorptive Capacity Gross domestic R&D expenditure
(Science and Technology Indicators, UNESCO 1960− 1999

FDI Net foreign direct investment inflows
(World Development Indicators, World Bank 1960− 1999

* All variables expressed in value are converted in 1995 U.S. dollars.
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