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Abstract
The overall purpose of this thesis is to investigate the determinants of technological change in 
the renewable energy sector, with a special emphasis on the role of knowledge spillovers and 
convergence across countries. The thesis consists of a preface and five self-contained papers. 
In Paper I technological change is broken down into the three major development stages laid 
out by Joseph Schumpeter: invention, innovation and diffusion. Econometric models of each 
of these stages are specified in the empirical context of wind power. The models are estimated 
employing a panel dataset consisting of eight western European countries over the time period 
1991-2008. The results display evidence of national and international knowledge spillovers in 
the invention (i.e., patenting) model. The results from the technology learning models indicate 
evidence of global learning-by-doing, and that the prices of input factors have been important 
determinants of wind power costs. In line with previous research, the diffusion model results 
show that investment costs have influenced the development of installed wind power capacity. 
Paper II investigates how wind power inventions in European countries have affected the 
technological development achievements in neighboring countries. Data on the number of 
patents granted at the European Patent Office (EPO) during the period 1978-2008 in the eight 
technologically leading wind power countries in Europe are employed in a patent production 
function framework. The presence of international knowledge spillovers is found to constitute
a statistically significant determinant of a country’s patent production. Geographical distance 
is also taken into consideration, and the results suggest that knowledge spillovers are subject 
to spatial transaction costs: with longer distances the role of international spillovers becomes 
weaker. Paper III investigates the convergence of inventive capabilities in the EU. Data on 
total patents per capita in 13 EU countries over the period 1990-2011 are analyzed using both 
parametric and non-parametric techniques. Converging inventive abilities may be important 
for the future of the EU given that rapid technological change has resulted in major structural 
changes in the Member States’ economies during the last decades. The -convergence and -
convergence tests suggest convergence in inventive capabilities, and this finding gains some 
support when analyzing the intra-distributional dynamics of the invention capabilities. Paper 
IV specifically investigates whether the generation of renewable energy patents per capita has 
converged or diverged across 13 EU countries over the period 1990-2012. The results indicate 
the presence of conditional - and -divergence in renewable energy invention abilities. This 
could be critical for assessing the future prospects of EU policy in the renewable energy field; 
divergence in terms of invention outcomes could imply a less rapid and yet more expensive
goal fulfillment due to free-rider behavior and sub-optimal investment levels. Finally, Paper 
V tests for convergence/divergence based on countries’ public spending to renewable energy 
R&D. The empirical analysis focuses on the presence of conditional -convergence across 13 
EU countries over the period 1990-2012. The results suggest divergence in public R&D-based 
knowledge accumulation, and this is consistent with free-riding behavior on the part of some 
EU Member States. Energy import dependence and electricity deregulation also affect this 
divergence pattern. For instance, the higher the energy import dependence, the lower is the 
speed of divergence across the EU countries in terms of public R&D support. Overall, the 
diverging pathways in terms of both public R&D and private patenting efforts may raise 
concerns about an unfair burden-sharing in terms of renewable energy development efforts.
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Preface

1. Background and Research Focus
The research presented in this thesis addresses some important prerequisites for renewable 

energy technology development across countries. Human economic activity, which 

historically has been highly dependent on fossil fuels, is dramatically increasing the 

atmospheric concentrations of greenhouse gases (GHGs), now above 400 parts per million 

(ppm) compared to a historical value around 250 ppm (EPA, 2016). It has been established 

that the anthropogenic emissions of GHGs have a distinct impact on the global climate (e.g., 

IPCC, 2007, 2013). Although carbon dioxide (CO2) is a normal component in our atmosphere, 

and has made life on earth possible in the first place, the increased concentrations may change 

our climate in ways that present a critical mix of dangers (e.g., changed weather patterns with 

increased variability, rising sea levels and droughts etc.) (e.g., Dietz and Maddison, 2009; 

Suganthi and Samuel, 2012). One way to protect the global climate and limit the 

concentrations of GHGs is to develop and diffuse new carbon-free or low carbon 

technologies, not the least in the form of renewable energy sources (Stern, 2007).

However, a large body of literature has shown that the market can fail in a substantial way 

when it comes to providing the socially efficient amount of resources aimed at generating 

technological and scientific knowledge in the environmental field (e.g., Nelson, 1959; Arrow, 

1962). The uncertainties about the future returns to environmental R&D investments are

particularly high, e.g., because of policy inconsistencies (Jaffe et al., 2002). From a standard 

public economics perspective, a higher provision of public goods (e.g., a cleaner environment 

following pollution abatement efforts, improvements in new energy technologies) by others 

could lead to shrinking incentives for one's own efforts. Such free-riding behavior can be one 

important reason behind the inadequate actions our societies have undertaken with respect to 

global climate change mitigation (Dietz and Maddison, 2009). It makes it harder to achieve 

future emission reductions goals in least-cost manner, especially if voters perceive that their 

country is carrying a disproportional part of the development efforts needed compared to the 

citizens of other countries (Corradini et al., 2015).

Global energy demand has risen more quickly in the past decade than ever before, and it is 

predicted to continue to rise with economic development and population growth in the 
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developing world (Suganthi and Samuel, 2012). It is likely, therefore, that the emissions of 

GHGs will also increase, even if the production of goods and services becomes less emission-

intensive. If the absolute demand for energy cannot be decreased sufficiently, then a supply-

side solution offers an alternative for addressing the need for GHG mitigation. The growing 

worries about climate change, caused by mankind’s accelerating use of carbon intensive

energy since the Industrial Revolution, have led policy makers to highlight technological 

development in the renewable energy sector as a crucial and achievable remedy for the 

emission problem. 

In light of the threat of severe consequences of global warming and policymakers’ desire to 

focus technological change in renewable energy as one of the solutions, the contribution of 

this thesis lays in its attempts to understand the process of technological change more closely, 

i.e., the drivers behind it and the possible development patterns for different countries. Such

knowledge should enable policy makers to make better and more efficient decisions.

Following the above, the overall purpose of this thesis is to analyze technological change in 

the renewable energy sector, with an emphasis on the presence and the implications of cross-

country knowledge spillovers and how they affect country strategies with regard to the 

development of new renewable energy sources. Knowledge spillovers can be understood as

when knowledge created in one country can be used at no or moderate costs by other 

countries. The cost of renewable energy sources falls as a result of R&D efforts as well as 

when the use of technology expands (through learning-by-doing). However, less is known 

about the extent to which knowledge generated in the renewable energy technology sector 

spills over from its original sources to new geographic areas (Lehmann, 2013).

In order to create a functional international effort to handle the climate change challenge

through technological change it is important to understand the occurrence of international 

knowledge spillovers. Knowledge spillovers are exogenous forces that affect a country, and 

they are a part of what policy makers must consider when making decisions on future R&D 

and learning investments. Given the presence of knowledge spillovers, the thesis also address 

an important follow-up question: how will national governments decide on investments in 

public renewable energy R&D. Countries can choose to free-ride by absorbing spillovers, and 

thus benefitting from technologies invented in other countries rather than investing in new 

technology themselves. Alternatively, when there are only moderate possibilities for a country

to easily absorb technology from other countries, a few may decide to take on a leader 

strategy with plentiful spending on public R&D for renewable energy. 
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In general, the speed of innovation will be higher if more countries are engaged in R&D 

(Nelson and Phelps, 1966; Baumol, 2002; Stöllinger, 2013). The same holds for the renewable 

energy sector (e.g., Costantini and Crespi, 2013; Costantini et al., 2015). The speed of 

innovation in this sector is essential given the urgency of addressing the accumulation of 

GHGs in the atmosphere (GHGs accumulate over time and will stay for a long time). Hence,

there exists a value in developing low-cost carbon-free technologies relatively quickly.

A framework to enable the understanding of technological change, its importance for the 

environment and key aspects of the process of technological change are presented in the next 

section. This helps us to pin down the more specific research issues addressed in this thesis. 

Section 3 provides summaries of the five papers included in the thesis. Finally, section 4 

outlines the main conclusions and implications of the research.

2. Technological Change and the Environment - Challenges Facing the

Development of Renewable Energy Technologies

In the following paragraphs, technological change and its importance for solving climate and 

environmental problems are presented. Furthermore, key concepts that are important for the 

papers in this thesis are presented. These concepts are mainly derived from the literature on 

the economics of technological change and in this preface we discuss these in the empirical 

context of technological development in the renewable energy sector.

2.1 Technological Change in Service of the Environment

The papers in this thesis draw on an intellectual foundation from seminal contributions by 

Schumpeter (1947). In Schumpeter’s work ideas about an economy’s creative response to 

changes in external conditions were presented. Furthermore, several analytical approaches 

have been applied historically to analyze the process of environmental technological change,

and a lot of inspiration from past works has been drawn from the extensive literature on 

induced innovation (primarily originating from, for instance, Hicks, 1932, and Arrow, 1962),

which later has come to play an important role for the analysis of technological development 

in the renewable energy sector (e.g., Ruttan, 2000).

The technological change approaches have drawn from general economic thinking and been 

applied as tools in the empirical context of renewable energy. For example, in their pioneering 

work Nelson and Winter (1982) stressed the importance for a country to develop its own 
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technological capabilities, i.e., the ability to produce an output (e.g., patents), this in order to 

be able to be a part of further technological development. In other words, improvements of 

technological capability contain a broad range of efforts that are needed to access, absorb, and 

assimilate knowledge (e.g., Rip and Kemp, 1998; Unruh, 2000; Foxon et al., 2005).

Technological change in general – and in the renewable energy sector in particular – has

commonly been characterized and analyzed as a process encompassing three major 

development stages: invention, innovation, and diffusion (see Figure 1). Empirically these 

stages have typically been analyzed separately from each other. Such approaches, however,

come with drawbacks. The implicit assumption in the traditional stylized linear model of 

technological change is that technologies subsequently pass from one stage to another but 

with limited interactions between the various stages, e.g., between diffusion and further 

inventions and innovations. In the systemic model, though, several feedback loops are 

suggested and these point at interactions between the different stages (Rip and Kemp, 1998). 

For instance, the diffusion of new technology will lead to further improvements in the 

performance of the technology, i.e., through learning-by-doing, and it may also affect the rate-

of-return to additional R&D efforts. 

Figure 1: The integrated technological development approach.

Technological change is almost uniformly considered a necessary, although not a sufficient, 

condition for a transition to a sustainable energy system (Reichardt and Rogge, 2014). Since 

the global climate issue is transcending national borders, global solutions are required to 

reduce GHG emissions. Economic analyses of ways to reduce environmental harmful actions 

through better technologies are based on the idea that the potentially harmful consequences of 

economic activities on the environment constitute an externality. An externality is a 

significant effect of one activity, where the consequences are borne (at least to some extent) 

by someone else than the externality-generating actor. 

Technology can affect emission levels and change the number of units of goods created with 

the same amount of inputs. Hence, an improved technology can either allow us to emit a 
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smaller amount of GHGs than before without reducing our current consumption level or it can 

enable us to consume more with an unaltered level of GHG emissions (Del Río, 2004). A 

simplistic way to illustrate the human impact on the environment is to apply the following

three-factor equation: = (1)

where I represents the environmental impact variable. It is a product of P, the population, A,

the wealth (often proxied by GDP per capita) and T, the technology used in production. A 

decrease in T would indicate a gain in efficiency making the impact on I less profound. 

Hence, if the production technology becomes less polluting we can either have more people, 

P, consuming a good without an increased environmental degradation or the same amount of 

people can have a higher wealth, A, without any change in the overall environmental impacts.

In the context of equation (1) it is useful to consider two facts. First, the current population 

(P) of the world is estimated to be 7.5 billion (in 2017) and it is expected to reach 9 billion by

the year 2038 (United Nations Department of Economic and Social Affairs, 2017). Second,

the global wealth (A) is expected to rise; the GDP of the world is according to the World Bank

(2016) expected to grow by about 2.7 percent during 2017, and the majority of authoritative

projections suggest continued global economic growth during the coming decades.

Considering these two facts together, the aggregate environmental impacts are likely to be

significant unless technological change can help reduce them.

Technological change, T, can be measured in several ways. In Papers II, III and IV, and to 

some extent Paper I, patent counts are used as a proxy for technological change. Using patents 

has several advantages. Patents have an internationally standardized format (Rübbelke and 

Weiss, 2011). Moreover, it is by no means easy to get a patent application approved: 

fundamentally, the inventor has to disclose to the public something that is ‘novel’, ‘useful’, 

and ‘non-obvious’, and that involves an inventive step. If the patent application does not meet 

these criteria, a patent cannot be granted (Griliches 1987; Hall and Ziedonis, 2001).

There exist criticisms against the use of patent data as a measure of innovation because 

“patents are a flawed measure (of innovative output) particularly since not all new innovations 

are patented and since patents differ greatly in their economic impact” (Pakes and Griliches, 

1980, 378). Moreover, some patents that are granted have no economic value or become 

economically worthless within a short time period (Pakes, 1985; Schankerman and Pakes, 

1987; Scherer and Harhoff, 2000). Nonetheless, even with all their potential flaws, patenting 
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records could remain a good – possibly even the best – available source for assessing 

technological change and innovation. As Griliches (1998, 336) puts it, “nothing else comes 

close in quantity of available data, accessibility and the potential industrial organizational and 

technological details”.

Technological change in the renewable energy sector is developing fast. Figure 2 displays the 

development of total renewable energy patent applications in 13 EU Member States by 

country (the number of granted patents are lower). It shows that Germany and Denmark are 

the two countries with the most significant patent outputs. Moreover, the number of patent 

applications filed for renewable energy technology at the European Patent Office1 (EPO) has 

increased by more than 20 percent annually in recent years. As a reference, the average annual 

increase for all patent applications was around 6 percent EPO, (2016).

Figure 2: Total number of renewable energy patent applications in 13 EU Member States by country, 1990-
2012. Source: OECD (2014).

Figure 3 displays the number of renewable energy patent applications in the same 13 Member 

States by technology. During the last ten years there has been a fast growth in wind and solar 

1 EPO patents have an internationally standardized format, which is of great advantage when comparing and 
using them in empirical work. Using EPO patents enable more accurate comparisons within the data set 
compared to those granted by the respective home counties’ own patent offices because the latter vary in their 
patent rules (Fischer, 2013).
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energy inventions while the other renewable energy sources also seem to have gained some 

momentum during the last decade. 

Figure 3: Renewable energy patent applications in 13 Member States by technology, 1990-2012. Source: OECD 
(2014).

Still, while renewable energy technologies have developed over time and improved their 

performance in terms of lower generation costs, this does not automatically imply that these 

technologies will be adopted in all countries. One reason for this may be that countries with 

little own development activities find it difficult (or costly) to make use of – and implement –

the knowledge generated in the leading countries. In the next sub-section we address the issue 

of knowledge spillovers, and the extent to which these benefits may – or may not – spill over 

to other countries.

2.2 International Knowledge Spillovers and their Impact on Technological Change

International knowledge spillovers, e.g., when knowledge created in one country can be used 

at no or moderate costs by other countries, can be both a promoter and an obstacle for 

technological change. If new knowledge spills over from its original source it can be used and 

improved by others, but in the presence of such spillovers there is also an incentive to let 

other countries bear the cost of R&D.
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Griliches (1979, 1992) distinguishes between two types of spillovers. The first is what he 

terms a pure knowledge spillover, i.e., rather than being incorporated into tradable goods, the 

relevant knowledge is instead transferred from one firm to another without the recipient of the 

knowledge directly paying the producer of the knowledge. The second type is the rent 

spillover: this arises when an improvement in physical productivity that is derived from 

technological innovation in a product, is not followed by a price change of the same 

magnitude.

In broad terms, knowledge spills from one agent to another in two stylized ways (Glaeser et 

al., 1992). The first builds on a Jacob-type externality frame; knowledge produced by certain

actors (e.g., countries) may be a useful input for the domestic knowledge production function 

of other heterogeneous actors, irrespective of technological level. Hence, knowledge spills of 

Jacob-type have no or little requirement of previous research. For the second type, a Marshall-

type externality setting, knowledge only flows between different homogeneous actors 

(Corradini et al., 2014). To make use of Marshall-type knowledge spillovers a country to 

some extent needs a degree of technological proximity and/or absorptive capacity. Hence, 

depending of the nature of the spillover and the countries involved, there might be available 

knowledge that spills to some countries but not all.

The clear majority of knowledge spillovers have indirect effects. Knowledge can be produced 

just for satisfying one's own curiosity, e.g., a big part of writing a Ph.D. thesis. Galileo Galilei 

(1564-1642) is closely associated with the telescope, although he is not thought to be the 

original inventor. Rather in the late 1500s, it is thought to be highly probable that as 

glassmaking and lens-grinding techniques improved, someone, probably by accident, held up 

two lenses and discovered what they could do. In 1608 Hans Lippershey, a Dutch eyeglass 

maker, applied for a patent for a telescope, Galileo was said to have heard about the Dutch 

invention and he made one of his own, with improvements, in 1609. In the telescope case, 

previous knowledge about glass grinding met with curiosity and a pinch of entrepreneurship,

which merged to create a device with which mankind could see farther than ever before.

International knowledge spillovers can have a large positive impact on technological change

where an invention in one country is picked up by an inventor in another. In the case of 

Galileo, he was able to make use of Lippershey invention and make one better version. 

However, there are incentives for Lippershey to restrict the flow of knowledge if he perceives 

that other people are free-riding on his invention.
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2.3 Spillovers and Free-riding

Knowledge spillovers can lead to free-riding. Mansfield et al. (1977) found that the public 

social benefits of investments in innovation were much greater than the private benefits for 

the firm making the investments. The gap between the private and social benefits of R&D can 

lead to underinvestment in R&D, this since the investing firm (or country) cannot reap the full 

value of its own R&D efforts (Jaffe et al., 1995; Popp, 2005; Fischer; 2008). This incentive 

problem may also arise as a result of technological development efforts based on learning in 

the production and use of technology, i.e., learning-by-using and learning-by-doing (e.g., 

Arrow, 1962). For example, demand-pull policies (e.g., feed-in tariff schemes) have been 

found to give rise to significant cross-country innovation spillovers, which in turn could serve 

as disincentives for national policy makers to engage in domestic market creation and thus 

drive them to adopt a free-riding approach instead (e.g., Peters et al., 2012).

In the presence of international knowledge spillovers, countries can choose a free-riding 

approach where a sub-optimal amount of R&D expenditures are spent. Instead, they try to 

absorb spillovers and make use of the technologies invented abroad. For the development 

towards an energy sector free from carbon emissions, knowledge spillovers are mostly a

positive thing (free-riding could lead to a faster implementation of renewable energy at a

lower cost). However, a country’s ability to make use of new technology will depend on its

technological capabilities and on its so-called absorptive capacity. Absorptive capacity here 

concerns countries’ abilities to absorb knowledge developed abroad; the effect of international

technology flows crucially depends on the destination country's ability to comprehend and 

make use of external knowledge (Mancusi, 2008). In order for a country to respond efficiently 

to changes in the external constraints, it needs to be equipped with adequate scientific and 

technological knowledge, i.e., a country need to build absorptive capacity (Antonelli 2008; 

Costantini and Crespi 2008a, 2008b; Dosi et al., 1988; Rennings, 2000; Fagerberg et al.,

2005; Antonelli and Quatraro, 2010). 

Furthermore, Engelbrecht (1997) as well as Nelson and Phelps (1966) point out that the 

characteristics of the domestic absorptive capacity are important when it comes to 

understanding the capacity a country has to transform imported technology into productivity 

gains in its production apparatus. Hence, the ability to receive technological spillovers or use 

advancements made abroad is a function of the country's experience in R&D, if there is no 

absorptive capacity then the spillover flow might not exist (Cohen and Levinthal, 1989). One 

way in which a country can gain absorptive capacity is therefore to invest in own R&D.
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For the above reasons it is highly relevant to identify and study knowledge spillovers in the 

renewable energy sector. The presence (or absence) of cross-border technological spillovers is 

likely to influence government policies on, for instance, public R&D support and the 

implementation of technology deployment schemes. If knowledge does not spill over, it is 

more reasonable for a national government to invest in building up a green industry 

domestically without having to free-ride on other countries’ efforts. If, however, the 

knowledge generated in one country is found to spill over freely to a neighbor then it could be 

more effective and efficient for cross-governmental entities, such as the EU, to devise and 

implement R&D policies. If proper policy measures are not implemented there is a risk that 

the countries will diverge in their technological capabilities, and this will hamper their ability 

to make use of new knowledge as well as give rise to a non-optimal global response to the 

climate change challenge.

2.4 The Relationship between Knowledge Spillovers and Technological Convergence

Convergence of technological abilities concern the directions different countries develop in. If 

they are converging their abilities tend to approach each other in the long run, and if they are 

diverging their abilities instead grow apart over time. Knowledge spillovers are exogenous 

forces that may affect a country, and that are a part of what policy makers have to consider 

when making investment decisions. 

Jovanovic and MacDonald (1994) suggest that innovations and imitations are only to some 

extent substitutes. The benefits derived from knowledge spillovers can increase with

differences in know-how. However, the catch-up of laggards is in most cases conditional on 

their absorptive capacity of knowledge spillovers. In other words, knowledge spillovers are 

not equal for everyone and their magnitudes depend on once own investment in R&D. Hence, 

if the technological gap grows too wide, i.e., there is divergence in innovative abilities, then 

less knowledge can be absorbed from abroad. Fung (2005) showed that if technology 

followers and leaders invest equally in R&D activities, the followers will eventually catch up 

with the leaders because the former tend to be the ones who receive knowledge spillovers 

from the latter.

Since the knowledge generated in one EU country to a large extent is a public good, which 

several countries can benefit from at the same time, it could be argued that convergence 

between the countries in terms of, for instance, patenting outcomes is not important. However, 

there are both political and economic arguments for why convergence in such development 

efforts may be desirable.
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The political argument relates to the importance of maintaining public acceptance for the 

financial burdens that consumers in the EU carry when the energy system is transformed. This 

transformation largely derives from key EU directives, and these build on the participation of 

all Member States. For instance, evaluations of the prospects for wind power expansion have 

stressed the importance of public acceptance in combination with political stability and legal 

aspects (e.g., Söderholm et al., 2007). If some countries perceive that other countries are free-

riding on their development efforts, and they therefore have to carry a disproportional part of 

these efforts (e.g., public R&D spending, patenting), the overall energy and climate policy 

targets will potentially be more difficult and costly to achieve (Corradini et al., 2015). 

The economic arguments for a country to strive to converge regarding patenting activities are 

multifold. As discussed earlier, a country needs so-called absorptive capacity to comprehend 

and make use of external knowledge (Mancusi, 2008). The ability to generate value from the 

presence of technological spillovers, such as knowledge on how to adopt and implement new 

renewable energy technologies, may typically be a function of the country's experience in 

relevant R&D (Cohen and Levinthal, 1989). There are hence both political and economic

motives for policymakers to strive at developing and spending R&D on renewable energy in 

the presence of knowledge spillovers, and make efforts to converge with countries that are in 

the fore front, but it is not necessarily easy. 

Speaking against converging renewable energy R&D and patenting levels is, for instance, 

technological cluster theory. In the context of technological research, this theory implies 

increasing returns to investments in areas where other relevant research activities already exist 

(e.g., Porter, 2000). Firms will locate in geographical places where other innovative firms are 

already located. Researchers may thus leave laggard countries and move to countries where 

there are larger economic returns on new ideas. The most frequently cited example of a 

cluster in an industry is the Silicon Valley, where high-tech firms have established even 

though the production costs are significantly higher there than in, for example, rural Idaho. 

Positive spillovers across complementary research activities can provide stimulus for 

agglomeration: the growth rate of a technology within a country may be increasing in the 

“strength” (i.e., relative presence) of related R&D activities (Delgado et al., 2014). In other 

words, strong agglomeration effects could induce divergence of technological development 

efforts, e.g., in terms of patenting, across countries. 
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3. Outline and Summary of Papers

The research topic covered in this thesis is divided into two related parts. The first part 

(Papers I and II) recognizes that in order to create a functional international effort to handle 

the climate change problem through technological change, it is important to understand the 

occurrence and the significance of international knowledge spillovers. The thesis starts off 

with a contribution considering how the three main stages of technological change in wind 

power, i.e., invention, innovation, and diffusion, affect each other and how a policy that is 

meant to promote the development in one of the stages might also influence the other stages. 

Paper II contributes with a more in-depth investigation of how knowledge spills over between 

countries in the wind power field. This is achieved by estimating a knowledge production 

function regarding how the patent invention efforts in one European country affect the output 

of granted wind power patents in the neighboring countries. Given this new knowledge about 

the relationship between the different technological development stages and that the 

development in one country has spillover effects on other countries, questions arise regarding 

how individual countries choose to act in the presence of such spillovers.

The second part (Papers III, IV and V) of this thesis concerns the choices countries make, 

given the presence of technological spillovers. In the papers we analyze if countries, primarily 

in the EU, have converged or diverged: (a) in general technological output (total patents); (b) 

in the field of renewable energy technology (renewable energy patents); and (c) in public 

R&D spending to renewable energy sources. Conceptually, in neo-classical economic theory,

convergence would imply that countries with lower initial levels of a variable (e.g., GDP per 

capita, patents, R&D spending etc.) exhibit the fastest growth rates, and thus close in on those 

who were leaders in the beginning of the period. The presence of technological spillovers 

creates two scenarios for the direction of movement for renewable energy technology in 

Europe. We may have convergence over time, e.g., where countries spend R&D money to 

contribute to the development process, also making them better equipped to absorb 

knowledge created abroad. This would lead to an improved opportunity for achieving their

renewable energy production goals. The alternative is divergence where there is a risk that the 

less technologically developed countries are not able to implement new renewable energy in 

an optimal manner; if so the adoption of renewable energy will be slower.
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Paper I: Invention, Innovation and Diffusion in the European Wind Power Sector

The purpose of this paper is to provide an economic analysis of the technology development 

patterns in the European wind power sector. In the classic Schumpeterian model of 

technological development there are three steps; invention, innovation and diffusion. These 

steps are here brought together to assess the relationship between different technology 

development phases. Three econometric approaches are employed, a negative binomial 

regression model for inventions proxied by patent counts, different learning curve models to 

address innovation and cost reductions that are derived from a standard neoclassical Cobb-

Douglas cost function, and a panel data fixed effect regression for the diffusion model. In the 

paper, we suggest a perspective where possible interaction effects between these models in 

the technological development process are tested. The dataset covers the time period 1991-

2008 in eight core wind power countries in western Europe. We find evidence of national and 

international knowledge spillovers in the invention (patenting) model. When comparing the 

technology learning models it becomes evident that there exist global learning but also that 

the world market price of steel has been an important determinant of the development of wind 

power costs since the turn of the century. In line with previous research, the diffusion model 

results indicate that investment costs is an important determinant for the development of 

installed wind power capacity. The results also point towards the importance of natural gas 

prices and feed-in tariffs as vital factors for wind power diffusion. The paper adds to our 

understanding of technological change in wind power, first and foremost by highlighting the 

importance of considering technological change as a system with several subparts, invention, 

innovation and diffusion, which affect each other. There are feedback effects between the 

development stages and a policy directed towards one of the sub-parts will affect the others as 

well.

Paper II: International Knowledge Spillovers in the Wind Power Industry: Evidence from 

the European Union

The purpose of this paper is to provide an analysis over international technology spillovers in 

the wind power sector. This paper relates to paper I in the sense that it develops the inventive 

model by adding geographic spillover effects, and by investigating how the industry has been

affected by the development in closely related industries. More precisely: do successful 

invention efforts, measured by granted wind power patent counts, have a positive effect on a 

neighboring country’s ability to create wind power patents themselves? Data on the number of 

patents granted at the European Patent Office during the time period 1978-2008 in eight 
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technologically leading wind power countries in western Europe are used. Patent data are of a 

binomial nature, i.e., the dependent variable will have a count nature. Negative binominal 

regression techniques with fixed effects are therefore employed. When it comes to wind 

power, there is a shortage of comprehensive studies concerning the presence of international 

knowledge spillovers. The paper adds to our understanding of how research efforts in one 

country affect other countries, but it also opens up questions of how single countries may 

choose to act in the presence of such international spillovers. The occurrence of knowledge 

spillovers has important policy implications for a national government when it comes to 

applying an investment strategy in renewables or alternatively free-ride on the development 

efforts of other countries’. International spillovers are found to be a statistically significant 

determinant of a country’s patent production. An implication of this is that incentives exist 

that encourage free-riding, and public policy should seek ways on how to discourage such 

behavior. Otherwise it could affect the speed at which wind power energy production in 

western Europe is implemented. The importance of knowledge flows between industries is 

also revealed in the results where there were positive spillovers from the related industries to 

the wind power sector. An implication is that if developers of wind power technology learn

from other closely related sectors in the economy, it could reduce invention costs. The 

assumption that the intensity of inter-country knowledge spillovers may be subject to spatial 

transaction costs in the sense that the intensity of influences between two countries diminishes 

continuously as distance increases was confirmed. The results also suggest that knowledge 

spillovers are subject to geographic distance transaction costs also, i.e., the lower the distance 

the higher the intensity of spillovers between two countries.

Paper III: Convergence of Inventive Capabilities within the European Union: A 

Parametric and Non-parametric Analysis

In this paper we leave the renewable energy field, and investigate technological change at a 

general level. Technological change and innovation have well-recognized profound effects on

overall economic development. In broad terms, a country’s inventive capabilities will affect 

how the country contributes with – and are able to absorb – new knowledge. Determining if 

countries’ inventive capabilities are converging or diverging is important to determine 

whether or not they will converge economically. The development of the European Union’s 

(EU) single economic market and rapid technological change, have resulted in major 

structural changes in the EU Member States during the last decades. In this context, it is 

important to investigate whether invention capabilities have been converging (or not) across 
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the EU countries. This paper addresses the convergence pattern of total patents per capita in 

13 EU countries over the time period 1990-2011 by means of parametric and non-parametric 

techniques. Invention capabilities are found to converge faster to the countries’ own steady 

states rather than to the common steady state. A similar result is obtained when analyzing the 

intra-distributional dynamics of invention capabilities. This suggests that the efforts 

implemented by the EU to reduce technological gaps among its Member States seem to be 

insufficient, bearing possible negative long term consequences for the EU cohesion. Some 

Member States seem to be stuck in a low invention position (to some extent comparable with

the so-called poverty trap in developing economies). The results of this paper thus indicate 

that the convergence objective established within the EU is going in the right direction and 

meeting its goal on the inventive part. The priorities under this objective are human and 

physical capital, invention, knowledge society, environment, and administrative efficiency. 

There is a technological gap and hence, national as well as EU policy could support cross-

border technology diffusion and knowledge spillovers since that would promote general 

economic growth. Especially with regard to the catching-up of still technologically lagging 

countries within the EU, it might be necessary to promote these countries through a selective 

EU research and technology policy, to promote efficient national innovation systems and, 

becoming a part of a gradually emerging European innovation system.

Paper IV: Divergence of Renewable Energy Invention Efforts in Europe: An Econometric 

Analysis Based on Patent Counts

Are EU Member States converging in terms of their renewable energy innovative efforts?

This paper investigates the development national invention capabilities of renewable energy 

patents per capita for 13 EU countries during the time period 1990-2010, and tests whether 

these have been converging or diverging over time. The analysis builds on the findings of 

paper II, which showed that there are important international knowledge spillovers in the 

wind power sector. Spillovers can lead to free-riding behavior, and for this reason it is 

motivated to investigate whether or not inventive capabilities within the renewable energy 

field has converged or diverged. Answering the above research question permits conclusions 

regarding the success prospects of EU's renewable energy targets. The empirical analysis is 

focused on whether per capita renewable energy patents have converged or diverged across 

the 13 EU Member States. The data are based on patents granted at the EPO. The 

methodologies applied build on the economic convergence literature, and employ the 

concepts of conditional -, - and -convergence. The empirical results show signs of 
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conditional - and -divergence in renewable energy invention abilities. In the case of -

convergence, the movement in the ranking is not particularly large over the years (although 

with some exceptions), thus indicating a stable distribution. The overall results therefore 

suggest that the inventive gap across countries in the renewable energy sector has increased

over time, implying in turn that some countries have been contributing more to renewable 

energy development than others. The divergence results thus imply a risk of a lower level of 

goal fulfillment regarding renewable energy in the energy mix due to free-rider issues and 

sub-optimal investment levels. Given the urgency of addressing the accumulation of GHGs in 

the atmosphere, there exists a value in developing and expanding the use of low-cost carbon-

free technologies relatively quickly.

Paper V: Knowledge Accumulation from Public Renewable Energy R&D in the European 

Union: Converging or Diverging Trends?

In Paper IV diverging technological output, in the form of renewable energy patents, was 

found, hence we now investigate the causes of that by looking at an input factor in the 

technological production process, namely public R&D investment in renewable energy. The 

overall objective of this paper is to analyse the development of government support to 

renewable energy R&D across EU countries over time. The empirical analysis departs from 

the construction of country-specific R&D-based knowledge stocks, and investigates whether 

the developments of these stocks tend to converge or diverge across EU countries. A data set 

covering 12 EU Member States over the time period 1990-2012 is employed to test for the 

-convergence using a bias-corrected dynamic panel data estimator.

The results suggest divergence in public R&D-based knowledge accumulation, and this is 

consistent with free-riding behavior on the part of some EU Member States. Energy import 

dependence and electricity deregulation also affect this divergence pattern. For instance, the 

higher the energy import dependence, the lower is the speed of divergence across the EU 

countries in terms of public R&D support. Overall, the diverging pathways in terms of both 

public R&D and private patenting efforts may raise concerns about an unfair burden-sharing 

in terms of renewable energy development efforts.

4. Conclusion and Implications

This thesis deals with the economics of renewable energy and technological change. The 

contribution of the thesis lays in its attempts to provide a deeper understanding of
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technological change in this sector, the drivers behind it and the development patterns that 

single countries will choose. Such knowledge enables policy makers (e.g., at the EU level) to 

make better and more informed decisions, e.g., on how to encourage an efficient and fair 

allocation of public R&D efforts across countries. Some of the main conclusions and 

implications of the research carried out in the five appended papers can be summarized as 

follows.

The first part of the thesis focuses on knowledge spillovers in the wind power sector. Paper I

provides an important conclusion regarding how to observe and address technological change. 

The conclusions are in line with Kirzner's (1985) observation; if one only look at a specific 

part of the technological change chain one might miss ”light-bulb-moments” that could have 

made a significant difference. It is perfectly fine to study the different steps (invention, 

innovation and diffusion) separately, but there is interconnection between different stages in 

technological development that policy makers need to be aware of. An increase in the 

diffusion rate may, for example, affect invention and innovation rates. At the same time, too 

little effort in terms of one of the development stages might lead to reduced effects of policies 

that are designed to influence the other stages.

Hence, technological development should be viewed as a system of interdependent parts. 

Policies aimed at reducing GHG emissions or increasing the share of renewable energy 

sources, may have limited effect at some stages at the technological development process, but 

could have important effects on other stages. Depending on what effects a policy maker 

wants, it is important for him/her to know where the effect will be and consider that there 

might be positive and negative unintended consequences. Thus, an important lesson for policy 

makers is that when designing policies in the renewable energy technology field, one must

consider how different policy instruments interact since they can affect different parts of the 

technological change process.

The findings reported in paper II revealed that research efforts in one country spill over to 

other countries. These findings are helpful for the development of wind energy in Europe with 

regard to achieving the goal of increasing the share of renewable energy in the electricity 

generation mix. The findings also show that the domestic accumulation of patents is important 

for the potential development of new ones. Thus, patents add to a national knowledge stock, 

in turn suggesting that early investment in a specific technology can be an indicator of future 

leadership in that field. The results supported the notion that two outlier countries – Denmark 
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and Germany – are leaders in the field of wind power technology; they are so far ahead in 

their efforts that the other countries studied can be said to free-ride on them. 

For a laggard country, the free-riding approach might not be a problem if the value of turbine 

sales and patent-use revenues are high enough. If, however, it can be shown that incentives 

exist that encourage free-riding – and that such free-riding has a negative effect on the goal 

fulfillment regarding renewable energy generation in the EU – then public policies should 

seek to discourage such behavior because it could affect the speed at which low-cost 

renewable energy production diffuses in western Europe. Furthermore, given the presence of 

international knowledge spillovers, there might be reasons for the EU to make the Member 

States allocate more public funding to R&D, this since R&D spending might be less than 

desired.

In the second part, the focus lies on the expected country strategies with regard to the 

knowledge spillovers finding in the first part. The finding that knowledge spills over across 

country borders have implications for how single countries choose to act. In Paper III the 

technological convergence patterns within the European Union on an aggregate level were

investigated. To what extent EU countries are converging in innovative capability is a highly 

relevant question to answer, and the results of Paper III indicate that the convergence 

objective established within the EU is going in the right direction and meeting its goal on the 

inventive part. But the aggregate level doesn’t allow us to draw conclusions on the 

development patterns in a specific field, such as the renewable energy sector, on the local 

level of technological change there could be sectorial divergence.

The findings from Papers IV and V suggest that there is divergence in renewable energy 

patent applications per capita and in per capita public R&D spending to renewable energy 

sources among the EU countries. The divergence results imply a risk of a lower level of goal 

fulfillment regarding the penetration of renewable energy sources in the energy mix. A

converging development of renewable energy patents per capita would likely have pushed the

adoption of the use of renewable energies, and hence improving the chance of achieving long-

term GHG reduction targets. The observed diverging pathways may give rise to concerns 

about an unfair burden-sharing in terms of renewable energy development efforts among the 

EU Member States. This is likely to be a particularly critical issue if it is accompanied also by 

diverging efforts to develop the new technology (e.g., through R&D). From a policy 

perspective, the findings are interesting. A union divided against cannot stand, and therefore 

policy measures to promote a reduction of the technology gap are called for. Papers IV and V 
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complement Paper III in the sense that it shows that even though on average general 

technological capabilities might be on a long convergence trend, this is not necessarily the 

case for every sector of the economy. The renewable energy case is but one of many 

technological fields; nonetheless, the divergence result is of general interest when it comes to 

technological development. We find that a subfield of technology can be on a divergent path

in terms of countries’ development efforts, something that might play a role for general 

convergence depending on how important this subfield is for economic growth.

Additional analyses should devote more attention to related themes in order to broaden the 

understanding of environmental technological change. Such themes include the determinants 

of the development and diffusion of different types of renewable energy technologies; many 

types of technologies face their own challenges. Lastly, the barriers to environmental 

technological change performed by small and medium-sized enterprises, which constitute a 

large part of the economy, are important to address in order to reach a broad adoption of new 

technologies.

Naturally, since this thesis only attempts to provide answers to questions concerning a limited 

part of the entire technological development process, the field for future research should be 

wide. If we want to predict and understand how the new renewable energy technologies 

develop over time and what policy makers can do to stimulate this development, it is essential 

to continue to improve our understanding of the subject.
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The purpose of this paper is to provide an economic analysis of the technology development patterns in the
Europeanwind power sector. The three classic Schumpeterian steps of technological development, invention, in-
novation and diffusion, are brought together to assess the relationship between these. Three econometric ap-
proaches are used, a negative binomial regression model for inventions approximated by patent counts,
different learning curve model specifications that have been derived from a Cobb-Douglas cost function to ad-
dress innovation, and a panel data fixed effect regression for the diffusion model. We suggest an integrated per-
spective of the technological development process where possible interaction effects between the different
models are tested. The dataset covers the timeperiod 1991–2008 in the eight corewind power countries inWest-
ern Europe. We find evidence of national and international knowledge spillovers in the invention model. The
technology learning model results indicate that there exists global learning but also that the world market
price of steel has been an important determinant of the development of wind power costs. In line with previous
research, the diffusion model results indicate that investment costs have been an important determinant of the
development of installed wind power capacity. The results also point towards the importance of natural gas
prices and feed-in tariffs as vital factors for wind power diffusion.
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1. Introduction

Anticipated increases in global energy demand, following predic-
tions and realizations of fast economic development and population
growth in the developing world, may exacerbate environmental degra-
dation (Suganthi and Samuel, 2012). In order to avoid the threat of cli-
mate change largely generated by the growing accumulation of
greenhouse gases from increased energy use, the development of new
carbon-free energy technology should be prioritised (Stern, 2007).

It is frequently argued that energy system modelers and analysts do
not possess enoughknowledge about the sources of invention, innovation
and diffusion to properly inform policy-makers in technology-dependent
domains such as energy and climate change (e.g., Gillinghamet al., 2008).
Technological change has often previously been considered a non-
economic, exogenous variable, where economic incentives and policies
are assumed to have no or little impact on technological development.
Specifically, in exogenous representations technological change is
reflected through autonomous assumptions about, for instance, cost de-
velopments over time and/or efficiency improvements (Löschel, 2002).

Even ifmost economic and energy systemmodels rely on exogenous
characterizations of technological change, the literature has increasingly
stressed the fact that technical progress is endogenously determined
following considerable development efforts, much of it done by private
firms. Over the last couple of years energy researchers have therefore
shown an increased interest in introducing endogenous (induced) tech-
nical change into energy system models and other impact assessment
models, every so often with the purpose of analyzing explicitly the im-
pact of technological change on energy systems (Gillingham et al.,
2008). Thus, in such representations technological change is allowed
to be influenced over time by energy market conditions, policies, as
well as expectations about the future.

Endogenous technological change is often introduced into energy
system models through so-called learning rates. The focus is then on
cost reductions driven by the cumulative experience of the production
and use of the technology. Innovations have therefore often been em-
pirically quantified through the use of learning curves specifying the in-
vestment cost as a function of installed cumulative capacity (e.g., Isoard
and Soria, 2001; Junginger et al., 2010). The cost reductions are thus the
result of learning-by-doing, i.e., performance improves as capacity and
production expand. Another set of studies concentrates on the inven-
tion step of technological change, where inventions often are approxi-
mated by the number (counts) of patents (granted or applied). For
instance, Popp (2002) and Johnstone et al. (2010) used patent count
data to empirically investigate different aspects of public policies that
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drive technological development. Yet another set of studies focuses on
the diffusion of new technology, where the gradual adoption of a tech-
nology is assumed to be influenced by, for instance, policy instruments,
cost developments, market size etc. For example, Stoneman and
Diederen (1994) analyzed the importance of policy intervention for dif-
fusion. In spite of this rich empirical literature, though, few previous
studies address the interaction between the invention, innovation and
diffusion phases of technological development. Söderholm and
Klaassen (2007) did a first attempt to combine two of these technolog-
ical development steps by combining an innovation (learning) model
and a technology diffusion model in the empirical context of European
wind power. A later attempt was made by Kim and Kim (2015) where
all three development steps were included in a wind power and solar
PV setting.

The purpose of this paper is to provide a quantitative analysis of the
main determinants of technological change in the European wind
power sector. The paper takes inspiration from the Schumpeterian
framework with the three development steps; invention, innovation
and diffusion, to model technological change. These steps are recog-
nized as the foundations for the gradual development of new technolo-
gy (Jaffe and Stavins, 1995). They should thus not be studied in isolation
(see also Kline and Rosenberg, 1986).

For example, technological innovation anddiffusion could be viewed
as being endogenous, and thereby simultaneously determined. On the
one hand cost reductions will be achieved gradually as a result of
learning-by doing as capacity expands, but on the other hand capacity
expansionswill largely take place as a result of past cost reductions. Fur-
thermore, unlike wind power output, innovations do not come out of
the thin air. Instead they stem from the development of previous inven-
tions into something that can be taken to the market (see further
Section 2.1). It is therefore motivated to investigate how innovations
(cost reductions) are affected by the knowledge build-up over time
through inventions. In brief, our paper contributes to an improved un-
derstanding of the dynamics between these three distinguished steps
of technological change.

Empirically we focus on wind power. This choice is motivated by
the fact that wind power represents a key energy supply technology
in complying with existing and future climate policy targets, and
there exists a wide variation of policy instruments used worldwide
to encourage wind power expansion. During the last decades, there
has been an outstanding development in the wind power industry
with declining costs and increasing electricity output. The learning
process, even though there are still disagreements regarding the
role and the significance of technology learning (e.g., Lindman and
Söderholm, 2012), has reduced the cost per produced unit of wind-
generated electricity. Wind power generation is now estimated to
provide more than 3% of the world's electricity demand operating
in 100 countries (WWEA, 2013). Globally, in 2012, a record
44.8 Gigawatt (GW) of wind power capacity was added, bringing
the total to more than 280 GW (GWEC, 2013).

To our knowledge, the only previous attempt to assemble all three
development steps in a quantitative (econometric) setting was made
by Kim and Kim (2015). They use 3SLSmodels for all steps, and analyze
dynamic impacts of renewable energy policies in wind power and solar
PV. Our paper is different in several important aspects. We present dif-
ferent econometric approaches in linewith previous research in respec-
tive technological development step. Our paper only focuses on wind
power, covers a longer time period and considers to some extent
other dependent and explanatory variables.

In the present paper an invention-, innovation-, and diffusion ap-
proach is taken, inspired by the innovation- and diffusion models by
Söderholm and Klaassen (2007). The diffusion model is in turn a modi-
fied version of the rational choice model by Jaffe and Stavins (1994,
1995). We combine a rational choice model of technological diffusion
with an innovation model of dynamic cost reductions, and add an in-
vention model which builds on the use of wind power patent counts.

The dataset, covering the time period 1991–2008, includes the eight
countries1 inWestern Europewheremost inventors ofwind power pat-
ents reside. There is a significant gap between these selected countries
and other European nations, both in terms of granted patents and accu-
mulated installed wind capacity. However, the development of wind
power among the selected countries also varies, both when it comes
to the diffusion record, and the use of public policies implemented to
promote innovation and market penetration of wind power.

By doing the above, the paper fills at least two research gaps identi-
fied in the literature. Firstly, it brings the threemajor steps of technolog-
ical change together in one paper, thus providing a more in-depth
understanding of how these development steps can be linked together.
In spite of the empirical focus on wind power, the approach should also
generate important general insights into the determinants of technolog-
ical change in the energy sector. Secondly, with a dataset spanning from
1991 to 2008, it covers a period during which the wind power industry
developed rapidly, thus embracing both the technology's infancy and its
maturity phase, which allows for a sufficiently large time frame in order
to address and measure also the diffusion aspect adequately
(Bettencourt et al., 2013).

The paper proceeds as follows. In the next section we outline the
theoretical framework used in the paper, and present an invention-,
innovation- and diffusion approach to wind power. Section 3 discusses
data and model estimation issues, while the empirical results are pre-
sented in Section 4. The paper ends in Section 5 with some concluding
remarks.

2. An invention, innovation, and diffusion model of wind power

2.1. A simultaneous equation approach

This paper draws inspiration from a Schumpeterian framework to
model technological change in the wind power sector (Schumpeter,
1934, 1942), thus specifying three development steps: invention, inno-
vation and diffusion.2 The concepts of invention and innovation are
often somewhat erroneously3 used synonymously todaywith the diffu-
sion concept treated separately. In this article, the steps are defined and
mainly used as follows (Rosenberg, 1990).4

Invention is defined as: “The creation of new products and processes
through the development of the new knowledge or from new combina-
tions of existing knowledge. Most inventions are the result of novel ap-
plications of existing knowledge,” (Grant, 2002, p. 333). One illustration
of this is the jet engine patented by Frank Whittle in 1930; which em-
ploys the oldNewtonianprinciples of forces. Frompatent to civilian cus-
tomer commercial use it took 27 years; the first jet airliner, the Comet,
started to operate in 1957.

Innovation is defined by Grant (2002, p. 334) as: “[t]he initial com-
mercialization of invention by producing and marketing a new good
or service or by using a new method of production”. Innovations do
not necessarily have to consist of new inventions. They can instead,
like the personal computer or the smart phone, consist of several
older inventions that are packaged together to a new product. Cost re-
ductions are considered a product of an innovation process where
existing knowledge put together can create more efficient use or pro-
duction of existing technology.

1 These countries include Denmark, France, Germany, Italy, the Netherlands, Spain,
Sweden and the United Kingdom.

2 The formalization of Schumpeter's ideas into a sequential model arose later than
Schumpeter's seminal workwith other economists patching together a formalizedmodel.
Schumpeter was building on previous technological change ideas by adding concepts of
innovations (Godin, 2006).

3 Schumpeter himself had a strong opinion regarding the importance of separation of
the concepts “Innovation is possible without anything we should identify as invention,
and invention doesnot necessarily induce innovation, but produces of itself… noeconom-
ically relevant effect at all,” (Schumpeter, 1939, p. 81).

4 For a further discussion about the steps, see for example Ruttan (1959).
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Diffusion occurs after the innovation has taken place. It is that part
of the process where the innovation progressively becomes widely
available for use, through adoption by firms or individuals. On the
demand side, diffusion occurs when consumers start to purchase
the good or the service. On the supply side, diffusion commences
when competitors begin to imitate and possibly incorporate the
new technology in their own processes (Grant, 2002). There is typi-
cally a last step, utilization, but it is not part of the technological
change process per se (Jaffe et al., 2003). The utilization process in
the wind power case would be an expansion of the relative use of
wind power and a cut back in the production of competing energy
sources. Our proposed approach expands upon the linear technology
development framework.5 In previous research these steps have typ-
ically been modeled separately without much interaction. In this
paper the steps and their interactions are outlined as follows (see
Section 2.2 for detailed model specifications).

The first model, the invention model, addresses the first step in the
Schumpeterian invention, innovation and diffusion perception of tech-
nological change. In this paper patent counts are used as proxies for in-
ventions. This model specifies a number of independent variables,
which are believed to affect the number of patent counts.6 The patent
count approach has been used in previous studies to estimate different
aspects of technological change, for example by Popp (2002) and
Johnstone et al. (2010).

The secondmodel, the innovationmodel, is estimated using the con-
cepts of the learning curves. Learning curves are used to empirically
quantify the impact of increased experience and learning on the cost
of a given technology (Junginger et al., 2010). Hence, the innovation
part estimates how investment costs are affected by the cumulative ca-
pacity of wind power but also by other important factors such as R&D,
scale effects etc.

Finally, the third model, the diffusion model, estimates how the
installed wind power capacity is affected by, for instance, the invest-
ment costs, the prices of competing power generation technologies
and the price support provided for wind generated-electricity. The em-
pirically estimated results of diffusion models usually indicate that the
investment cost is an important factor behind the diffusion of wind
power. However, following the learning curve approach the opposite
relation between costs and diffusion is also possible, as Söderholm and
Klaassen (2007) put it: “…cost reductions will be achieved gradually
as a result of learning-by doing activities. Awindmill is not built because
it is cheap and efficient, but rather it becomes cheap because it is built
and operated”. Hence, the diffusion of wind power capacity drives cost
reductions, thus implying that innovation activities are endogenously
determined.

One specific policy may affect all technology development stages,
however the effect might differ regarding magnitude and direction.
Popp (2002) estimated the effect of energy prices on innovations that
improve energy efficiency. The impact of environmental policies on
the generation of patents has been investigated by, for instance, Nicolli
et al. (2012), and Trajtenberg (1990). However, the energy policy that
creates incentives for wind power inventions or innovations can also

function as an accelerator for technology diffusion (Fischer and
Newell, 2008), which in turn can feed back into new innovations in
the presence of learning. Feed-in tariffs have been used as a variable in
econometric work regarding all development stages. For example,
Johnstone et al. (2010) used feed-in tariffs to study patent propensity
in several green energy fields. Söderholm and Klaassen (2007) used it
on both innovation and diffusion estimations, and Söderholm and
Sundqvist (2007) included the feed-in tariffs in estimations of wind
power technology learning.

Using the linear model could possibly be suitable if the object of in-
terest was a single product with a fixed start and stop date. However, in
the wind energy case, the industry is developing over timewith no cer-
tain endpoint, and therefore a system approach with feedback possibil-
ities throughout the development process is called for (Schoen et al.,
2005).

We suggest that the three steps interact with each other as illustrat-
ed in Fig. 1, and possible feedback effects from different stages of the de-
velopment process. An invention-innovation–diffusion econometric
framework is applied. As such, the paper provides a first step towards
attaining a reasonably up to date picture of the development of wind
power by linking together all three development steps.

2.2. Invention model specifications

Inventions are heremeasured through the use of wind power patent
counts. The count datamethod applied is in linewith the one suggested
by Griliches (1979). For these kinds of regressions, it is suggested that
Negative Binomial or Poisson estimators should be applied (Hausman
et al., 1984). In modeling the invention production process in the
wind energy industry, a general model of technology production with
several explanatory variables is specified. In Eq. (1), a typical production
function (of patents) commonly encountered in the literature is pre-
sented

PCnt ¼ β0 þ β1Knt þ β2RESnt þ β3R&Dnt ð1Þ

where the dependent variable, PCnt, is a count of granted wind power
patents in country n (n = 1, …, N) for a given year t (t = 1, …, T), and
where Knt is a patent-based knowledge stock in country n at time period
t. This national knowledge stock consists of an accumulation of previ-
ously assembledwind power patents in a country. The choice of patents
for the construction of the knowledge stock (rather than, for instance,
R&D spending) is motivated by the fact that we want to employ a mea-
sure of research output; in the end a granted patent is a granted patent
while a million dollars of R&D spending might result in nothing. The
knowledge stock specification is described in more detail below. RESnt
represents the number of researchers per capita, and this variable is in-
cluded as a proxy for the human capital structure of the labor force that
is considered an important input factor for economic growth (Romer,
1990). R&Dnt represents annual government spending on wind power
R&D (see also Ibenholt, 2002; Klaassen et al., 2005).

Knowledge stocks of various forms have previously been found to be
a major determinant of inventions and innovation. These knowledge
stocks have been constructed using either patent counts or R&D spend-
ing, Patent-based stocks have been used by, for instance Jungmittag
(2004); Park and Park (2006) and Braun et al. (2010), while R&D-
based specifications can be found in Krammer (2009) and Söderholm
and Klaassen (2007). For our purposes, the patent-based knowledge

5 The origin of the linear model is according to Godin (2006) not certain; even though
many authors have used it none have pinpointed its origin.

6 Inventions may be patented, but for various reasons they are sometimes not. Inven-
tionsmight be keptwithin thefirm, such as a recipe for a food product in the food industry
(Jaffe et al., 2003). There exists methodological critique against the use of patent data as a
measure of inventions because “patents are a flawedmeasure (of innovative output) par-
ticularly sincenot all new inventions are patented and they differ greatly in their economic
impact,” (Pakes and Griliches, 1980, p. 378). Some patents are without economic value
(Pakes, 1985; Schankerman and Pakes, 1987), and the top 10% is estimated to capture
most monetary returns (Scherer and Harhoff, 2000). Despite their eventual inadequacies,
using patent counts (as proxies for innovations), is still believed to be one of the best ap-
proaches to measuring invention available to researchers (e.g., Johnstone et al., 2010;
Rübbelke and Weiss, 2011). As stressed by Griliches (1998, p. 336): “nothing else comes
close in quantity of available data, accessibility and the potential industrial organizational
and technological details.” Fig. 1. The integrated technological development approach.
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stock is constructed using the so-called Perpetual Inventory Method
(see also Ek and Söderholm, 2010), so that:

Knt ¼ 1−δð ÞKn t−1ð Þ þ PCn t−xð Þ ð2Þ

PCnt represent the annual (granted) patent counts, x is the number of
years before the new patents add to the knowledge stock, and δ is the
annual depreciation rate of the knowledge stock (0≤δ≤1). This formu-
lation takes into account the notions that: (a) new patents do not
have instantaneous effects on new inventions, they will lead to notice-
able results only after some time; and (b) knowledge depreciates in
the sense that the effect of past patents gradually becomes outdated
(Hall and Scobie, 2006). A depreciation rate of 15% is used. This is in
line with Braun et al. (2010) and Griliches (1998). Moreover, Park and
Park (2006) calculated the patent stock depreciation rate for 23 differ-
ent industries, and found that the depreciation rate of technological
knowledge was about 12–18%.

A knowledge stock could also consist of an accumulation of previ-
ously assembled patents over time in the neighboring countries,
which in our paper is denoted as the international knowledge stock
(IKnt). The reason for including an international knowledge stock is
that ideas and technology are believed to spill over across borders, espe-
cially in an area such as the European Union with free movement of
goods and labor. An initial assumption is that a patent holds the same
knowledge value irrespective fromwhich country it comes, thus mean-
ing that a patent granted in Sweden is assumed to have an equal
knowledge-building effect in the neighboring country Denmark as in
the more geographically distant country Spain.

The different specifications of the invention model to be compared
empirically are presented in Table 1. Models I-III all build on the knowl-
edge production function concept. In model I, the national knowledge
stock (Knt), the public wind power R&D expenditures(R&Dnt), and the
number of researchers per capita (RESnt) are used to explain the number
of granted patents. In model II we extend the invention model by also
including the international patent-based knowledge stock in order to
test whether patenting efforts in neighboring countries have had an ef-
fect on invention behaviour in other countries. Since the national
knowledge stock (Knt) is included in the samemodel as the internation-
al knowledge stock (IKnt), the latter excludes the additions of national
patent counts.

The presence of knowledge spillovers raises interesting policy impli-
cations, such as how governments should react if other countries
underinvest in development efforts in order to free ride on their neigh-
bors. The fact that several countries can take advantage of environmen-
tal technological development is of course good from an environmental
point of view. However, there is a risk of underinvestment in technology
if countries find out that they can take advantage of other countries' ef-
forts without paying the full price.

In model III, we extend the invention model further by also testing
for the effect of feed-in-tariff policies. The variable PF is included in
order to estimate the potential invention effects that might arise from
the feed-in-tariff policy. This policy is a production support scheme
where the producers of renewable electricity, such as wind-generated
electricity, can sell at a predetermined price per kWh generated over a
given time period. The policy is believed to have an effect on the relative
prices and hence the trade-offsfirms facewhen decidingwhether to use
conventional or renewable energy sources in producing electricity. The
variable reflects different price levels and is reported on an annual basis

in US cents (2012 price level) per kWh. Finally, εnt, μnt, and ηnt are the
additive disturbance terms representing any unobserved influences on
wind power inventions. These disturbance terms are assumed to have
a zero mean, a constant variance, and to be independent and normally
distributed (see also Section 3.2).

2.3. The innovation model specifications

The simplest and, in energy technology studies, most commonly
used form of the learning curve specification connects the cost of the
technology to the cumulative capacity installed. For the wind power in-
dustry, it can be written as:

Cnt ¼ δ0CCnt
δL ð3Þ

where Cnt represents the real engineering cost per unit (kW) of
installing a windmill, i.e., all investment costs, and δ0 is the correspond-
ing cost at unit cumulative capacity. CCnt is the level of total installed
wind power capacity in country n (n = 1, …, N) for a given year t
(t= 1,…, T), and this is used as a proxy for learning. Installed capacity
is often assumed to equal cumulative capacity (i.e., nowindmills are as-
sumed to have been shut down during the given time period). By taking
the logarithm of Eq. (3), a linear model is obtained. This model can be
estimated econometrically and thereby an estimate of δL is obtained.
We have the following:

lnCnt ¼ lnδ0 þ δL lnCCnt ð4Þ

The learning-by-doing rate (LBR) is then defined as 1−2δL and it
shows the percentage change (decrease usually) in cost for each dou-
bling of cumulative capacity. For example, a LBR of 0.20 indicates that
a doubling of the cumulative capacity results in a cost reduction of
20% from its previous level (Ek and Söderholm, 2010; Goff, 2006).

Some of the previous studies that examine learning curves, and thus
calculate learning rates, use cumulative installed capacity for the area
(country/region) under inspection rather than global capacity as the ex-
planatory variable for cost reductions (e.g., Durstewitz and
Hoppe-Kilpper, 1999; Goff, 2006; Ibenholt, 2002; Klaassen et al., 2005;
Neij, 1997, 1999; Neij et al., 2003, 2004; Söderholm and Klaassen,
2007). However, if one considers the international interaction and the
thereof expected international learning spillovers in the observation pe-
riod to be sufficiently present, it would be justified to use the global cu-
mulative installed capacity as an explanatory variable for cost
reductions (e.g., Ek and Söderholm, 2010; Isoard and Soria, 2001;
Jamasb, 2007; Junginger et al., 2005; Kahouli-Brahmi, 2009). Moreover,
if one takes into account the fact that the investment costs for wind
power usually comprise both a national and an international compo-
nent, it might be useful to consider global and national learning in com-
bination (Ek and Söderholm, 2008).

According to Langniß and Neij (2004), as the wind power technolo-
gy is gettingmoremature, the scope for learningbecomesmore interna-
tional. During the 1980s and to some extent the 1990s, wind power
developed in a rather national and isolated context, but that ismost cer-
tainly not the case today. Then again, certain parts of learning
(e.g., authorisation, territorial planning activities, grid connections,
foundations etc.) will in part remain mainly nation-specific because of
their particular geographical, legal or economic framework conditions,
and thus allowing learning to evolve primarily in a national context.

Table 1
Invention models with patent counts as the dependent variable.

Model Estimated invention equation Comments

I PCnt=β0+β1Knt+β2R&Dnt+β3RESnt+εnt Base model with national variables.
II PCnt=β0+β1Knt+β2R&Dnt+β3RESnt+β4IKnt+μnt With international knowledge stock added to the base model.
III PCnt=β0+β1Knt+β2R&Dnt+β3RESnt+β4IKnt+β5Pnt

F +ηnt With international knowledge stock and feed-in tariff added to the base model.
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For the above reasons a learning curve specification in which both glob-
al and national capacities are included can be formulated as:

lnCnt ¼ lnδ0 þ δLG lnCCGt þ δLN lnCCNnt ð5Þ

Here CCGt represents the cumulative installed wind power capacity
at the global level (minus national capacity), and CCNnt represents the
cumulative installed wind power capacity at the national level.

In some of the more recent studies, the simple formulations of the
learning curve in Eqs. (4) and (5) have been extended to incorporate cu-
mulative R&D expenses directed towards wind power, or (alternative-
ly) an R&D-based knowledge stock or a patent-based knowledge stock
as additional explanatory variables (e.g., Klaassen et al., 2005;
Söderholm and Klaassen, 2007). New patents (or R&D) are assumed
to improve the technology knowledge base, something which in turn
leads to cost reductions. These kinds of extended learning curves are
commonly known as two-factor learning curves, and in addition to
the traditional learning curve they generate also an estimate of the so-
called learning-by searching rate, which shows the impact on costs of
a doubling in, say, thepatent-based knowledge stock, Knt. Following ear-
lier formulations, for our purposes the two-factor learning curve can be
written as:

lnCnt ¼ lnδ0 þ δL lnCCnt þ δK lnKnt ð6Þ

where Knt is the patent-based knowledge stock. The learning-by-
searching rate (LSR) is here defined as 1−2δK and it shows the percent-
age change (decrease usually) in cost for each doubling of the patent-
based knowledge stock.

The specifications of the innovation models to be compared empiri-
cally are presented in Table 2. Innovation models IV–VII all build on the
learning curve concept given in Eqs. (4), (5) and (6) above. However,
they all also include a control variable for the international steel price,
because stainless steel constitutes an important part of the investment
cost of a wind power plant. In the material composition of the produc-
tion of a wind power plant, stainless steel accounts for 72% and cast
iron accounts for another 15%, thus making these the major material
components (Willburn, 2011). The international steel price is therefore
used as a proxy for the price of stainless steel used inwindpower plants.

Models IV andV differ from each otherwith respect to the geograph-
ical scope of the cumulative capacity variable. In model IV global capac-
ity (CCGLt) is used to explain cost reductions achieved from learning,
while in model V both national (CCNnt) and global capacities (CCGt)
are used. However, the global capacities differ between the twomodels.
In model V, the cumulative installed wind power capacity at the global
level, is calculated as global capacity minus national capacity (since
wind power capacity at the national level is also included in the
model), while this has not been done in model IV. In line with

Langniß andNeij (2004) and Ek and Söderholm (2010) a distinction be-
tweenmodels that only use national or global capacity, and amodel that
considers these two in combination, could be of interest since the in-
vestment cost for wind power include both a national and an interna-
tional component.7

For the individual country, it might be important to invest in R&D,
which generates patents, to reduce costs. Therefore, in model VI, the
learning curve is also extended by adding the patent based knowledge
stock (Knt). Furthermore, by including feed-in tariffs (PntF ) in model VII,
we try to capture the following: a high feed-in tariff might promote
wind energy producers to use high-cost sites with, for example, poor
wind conditions or high-cost grid connections. This will (ceteris
paribus) lead to an increase in the investment cost. Moreover, if a
feed-in tariff is increased, the competition with other energy sources
could become less intense, thereby causing innovation activities to be-
come less attractive.

Finally, λnt, ϕnt, ρnt, and νnt are the disturbance terms representing
any unobserved influences onwindpower innovations. The disturbance
terms are assumed to have a zero mean, a constant variance, and to be
independent and normally distributed (see further Section 3.2).

2.4. The diffusion equation specification

In line with Söderholm and Klaassen (2007) we rely on a modified
version of the rational choice model outlined in Jaffe and Stavins
(1995) when modeling the diffusion of wind power. We assume that
the windmill owner aims at maximizing the present value of the net
benefits (profits) of wind production. The expected total benefits of a
representative windmill in country n during time period t, TBnt, can be
written as:

TBnt ¼ α0 CCntð Þα1
Z T

t¼0
P F
nte

−rtdt
� �α2 Z T

t¼0
PG
nte

−rtdt
� �α3

ð7Þ

where CCnt is the level of total installedwind power capacity in country/
region n (n = 1, …,N) for a given year t (t = 1, …,T). PntF is the feed-in
tariff for wind generated electricity in year t, and Pnt

G is the price paid
for natural gas in the electric power sector. Since we use capacity in
MW (instead of production in MWh), we implicitly assume a fixed
load factor over the lifetime of the wind mill. Furthermore, as a simpli-
fication, we also assume static price expectations for both the feed-in
tariff and the gas price. By including feed-in tariffs in the diffusion equa-
tion, we can test whether an increase in the feed-in tariff promotes the
installment of more wind power. Gas-fired power has a strong position
in the European electricitymarket, and can be considered a substitute to
wind power. For electric power producers in Europe considering
whether to invest in new capacity, gas-fired power has been one of
the leading alternatives to wind power investments since the early
1990s (e.g., Söderholm, 2001). The total cost of choosing a given level
of wind power capacity is expressed as:

TCnt ¼ β0 CCntð Þβ1 Cntð Þβ2 R&Dntð Þβ3 ð8Þ

were Cnt represents the real engineering cost per unit (kW) of installing
a windmill, i.e., all investment costs. R&Dnt is a variable that is intended
to capture the aggregate impacts of national legislation on windmill
costs, e.g., the presence of legal circumstances with reference to the en-
vironmental assessment and territorial planning. Even if the empirical
analysis is based on within-country variances, and the regulations and
the legal circumstances do not change much over time within a specific
country, the way in which these circumstances are formed in a specific

Table 2
Innovation models with average investment cost as dependent variable.

Model Estimated innovation equation Comments

IV ln Cnt=β0+β1lnCCGLt+β2lnPntS +λnt With global
capacity

V ln Cnt=β0+β1lnCCNnt+β2lnCCGt+β3lnPntS +ϕnt With both
national and
international
capacity

VI ln Cnt=β0+β1lnCCGt+β2lnPntS +β3lnKnt+ρnt With global
capacity and
knowledge
stock

VII ln
Cnt=β0+β1lnCCGt+β2lnPntS +β3lnKnt+β4lnPntF +νnt

With global
capacity,
knowledge
stock and
feed-in tariff

7 The wind turbine (which can be bought in the global market) constitutes about 70 to
80% of the total investment costs while the remaining 20 to 30% often can be ascribed to
nation-specific costs (e.g., authorization, territorial planning activities, grid connection,
foundation etc.).
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case, might be dependent on the actual decision-making process
(e.g., the interpretation of given legal rules etc.). Even though a proxy
for such circumstancesmight be hard to find, we assume that the policy
sectors' general attitude towards wind power can be captured by the
annual amount of public R&D support that is directed towind generated
electricity.We thus assume that if the public R&D variable is high, it will
be a signal that the legal and policy-related environment surrounding
wind power is encouraging. This will in turn bring about a more gener-
ous valuation of wind power projects.

A windmill owner aiming at maximizing its profit of wind produc-
tion will choose the level of wind power capacity at the point where
the marginal benefits equal marginal costs. By differentiating
Eqs. (7) and (8) with respect to CCnt, we will obtain the following
first-order condition for profit maximization:

α0 � α1 CCntð Þα1−1 P F
nt

� �α2
PG
nt

� �α3 ¼ β0

� β1 CCntð Þβ1−1 Cntð Þβ2 R&Dntð Þβ3 ð9Þ

After rearranging, the logarithmic form of Eq. (9) can be written as:

lnCCnt ¼ λþ α2

β1−α1ð Þ lnP F
nt

þ α3

β1−α1ð Þ lnPG
nt−

β2

β1−α1
lnCnt−

β3

β1−α1ð Þ ð10Þ

where

λ ¼ ð lnα0 þ lnα1− lnβ0− lnβ1

β1−α1ð Þ ð11Þ

Eq. (10) is the wind power diffusion equation, and the empirical
specification of this equation can be written as:

lnCCnt ¼ a0 þ a1 lnP F
nt þ a2 lnPG

nt þ a3 lnCnt þ a4 lnR&Dnt ð12Þ

The specifications of the diffusionmodels to be compared empirical-
ly are presented in Table 3. The wind power diffusion models all strive
to explain the driving forces behind movements in the installed wind
power capacity. In model VIII, the diffusion of windmills is modeled to
be explained by investment cost (Cnt), natural gas prices (PntG ), and
feed-in tariffs (PntF ) forwind-generated electricity. Inmodel IX, the diffu-
sionmodel is extended to include also public R&D expenses (R&Dnt) on
wind power, again as a proxy for other incentives provided by the polit-
ical and legal system in each country.

Finally, inmodel X the diffusionmodel is extended to incorporate an
interactive slope dummy variable (SDnt). This extension is done in order
to test whether a fixed feed-in tariff system encourages more diffusion
than the case of a competitive based support scheme for wind power.
The only countries in the sample that supports wind power through a
competitive based system are Sweden (2003–2008), the UK
(1991–2008), and theNetherlands (2001–2008). Thus, the SDnt variable
is constructed bymultiplying the feed-in tariff variable by a dummyvar-
iable equalling one (1) for Sweden, the UK, and the Netherlands during
the above-mentioned time periods (and zero otherwise). The logic be-
hind this approach is to test the widespread notion in the literature

that a fixed feed-in tariff system imposes less uncertainty for the wind
power investor, and thereby encourages more diffusion than a compet-
itive based feed-in tariff system (e.g., Menanteau et al., 2003; Meyer,
2003).

Finally, φnt, οnt, and ωnt are the disturbance terms representing any
unobserved influences on wind power diffusions. The disturbance
terms are assumed to have a zeromean, a constant variance, and are in-
dependent and normally distributed (see further Section 3.2).

3. Data sources and model estimation issues

3.1. Data sources and definitions

Given the stated purpose, the analysis is conducted using data on a
balanced panel of eight European countries: Denmark, France,
Germany, Italy, the Netherlands, Spain, Sweden and the United
Kingdom over the time period 1991–2008. The data used to estimate
the ten models include: (a) the patent counts with respect to wind
power technologies; (b) researchers per 1000 in the labor force;
(c) public R&D expenditures towards wind power (US$ million);
(d) feed-in tariffs for electricity produced by windmills (US cents/
kWh); (e) the cumulative (installed) capacity of windmills (MW) glob-
ally; (f) the cumulative (installed) capacity of windmills (MW) globally
minus national capacity; (g) the cumulative (installed) capacity of
windmills (MW) at the national level; (h) windmill investment costs
(US$/kW); (i) international steel prices (US$/mt); (j) international nat-
ural gas prices (US$/mmbtu). All prices and costs have been deflated to
2012 prices using country-specific GDP deflators. Some descriptive sta-
tistics for all variables are presented in Table 4.

The dependent variable in the invention models, patenting activity,
is measured by the count of granted patent applications (claimed prior-
ities) by inventor country. Only patent applications filed under the Pat-
ent Cooperation Treaty (PCT) were included to approximate
innovations and in line with OECD (2009) recommendations. The data
are sorted by inventor country of residence and priority date,8 and
were obtained from the OECD statistical database.

In the paper, we consider the importance of the geographical loca-
tion of the inventor in preference to the formal applicant. This detail
can be worth considering since the applicant can be a company regis-
tered in a different country than where the knowledge actually is pro-
duced (e.g., Fischer et al., 2006). When the patents are awarded to
multiple inventors from different countries, the count has been divided
among them. To be able to handle the fractioning in a count data setting,
the patents have then been rounded to the closest integer number.

The dependent variable in the innovation models, wind power in-
vestment cost, represents averages of various real-life wind energy in-
stallations. In contrast to most other estimates of windmill investment
costs, our data cover all investment cost items such as grid connections,
foundations, electrical connection, and thus not only the costs of the
wind turbine. This consideration is important since the non-turbine
part of the investment costs may amount to as much as 20 to 30% of
the total (Langniß and Neij, 2004). The investment cost data were ob-
tained from International Energy Association's (IEA)Wind Energy Annu-
al Report (1991-2008), De Noord et al. (2004); Wiser and Bolinger
(2010), and the International Renewable Energy Agency's (IRENA) Re-
newable Energy Technologies: Cost Analysis Series (2012) (see also
Appendix B). The dependent variable in the diffusion models, cumula-
tive national capacity, and the variable for cumulative world capacity
were obtained from the Earth-Policy Institute's Cumulative Installed
Wind Power Capacity in Top Ten Countries and the World, 1980–2013
(2014).

Table 3
Diffusion models with cumulative capacity as dependent variable.

Model Estimated diffusion equation Comments

VIII ln CCNnt=β0+β1lnCnt+β2lnPntG +β3lnPntF +φnt

IX ln
CCNnt=β0+β1lnCnt+β2lnPntG +β3lnPntF +β4lnR&Dnt+οnt

With R&D

X ln
CCNnt=β0+β1lnCnt+β2lnPntG +β3lnPntF +β4lnSDnt+ωnt

With an
interactive
slope
dummy

8 Priority data refers to the date when the patent is filed, a similar invention filed after-
wardswill be given a later priority date. The priority date and the granting date can there-
fore be several years apart.

184 J. Grafström, Å. Lindman / Technological Forecasting & Social Change 114 (2017) 179–191



The variable research personnel is included to capture the human
capital input in the knowledge production function. It is approximated
by the use of data on researchers per 1000 employees in the countries,
and the data have been retrieved from theMain Science Technology Indi-
cators published by the OECD (2008). The variable R&D has been drawn
from the OECD Statistics Database (2011) in which public wind power
R&D expenditures in US$ million (2012 prices) are presented.

The variable feed-in tariff (PF) is included in the invention and the in-
novationmodels. It is based on prices; however policy designs differ be-
tween countries. Some have feed-in tariffs with fixed rates, where the
producers are assured a long-run predetermined compensation. Other
renewable electricity support schemes are competitive-based where
the premium the producer receives depends on the developments in
the market. The variable reflects different price levels and is reported
on annual basis in US cents per kWh (2012 prices). Themain references
for the data include IEA (2004, 2012a, 2012b) and a report by Cerveny
and Resch (1998). The variable steel price has been drawn from the
World Bank's MIDAS database (2014), and it is defined as the average
dollar price permetric ton of coil sheet steel in 2012 prices. The variable
natural gas price comes from the same source, and measures the dollar
(2012) price per million British thermal units of gas.

Figs. 2–4 show the development of some of the key variables used in
the empirical analysis over the time period 1991–2008. The number of

granted patents in wind power is displayed in Fig. 2, and it illustrates
that there has been a relatively rapid development of new granted
wind power patents. Moreover, Germany and Denmark have been
clear technological leaders.

Fig. 3 shows the development of cumulative wind power capacity
(MW) over the same time period. Denmark previously held the lead
and started installations several years before other countries. Since the
mid-1990s capacity developments in Germany surpassed Denmark,
and wind power in Spain has also grown significantly. From 1994, Ger-
man wind power capacity exceeded Danish capacity giving Germany
the largest installed cumulative capacity in Europe. The developments
in UK, Sweden and France have been comparably modest, except in
the later stages of the time period when capacity has increased quite
fast also here.

The wind power investment costs (US$ per kW) are displayed in
Fig. 4. From the beginning of the time period until around year 2000
the investments costs per kilowatt dropped by N50% in most of the
countries. From2005 and onwards the investment costs have, however,
gone up dramatically. A number of potential explanations for this can be
identified. First, during most of the 1990s, the steel price was stable
around 200 US$/ton, but after 2003 it started to increase rapidly
reaching above 700 dollars in 2005 (IRENA, 2012). Furthermore, in
some of the countries it was reported that the low hanging fruits in

Table 4
Variable definitions and descriptive statistics.

Variables Definition Mean Std.
Dev.

Min Max

Patent counts The patent counts (granted) with respect to wind power
technology.

3 6 0 31

Research personnel Number of researchers per 1000 employees in the country. 5 2 3 12
R&D Domestic public R&D expenditures to wind power in US$ million,

2012 prices.
10 10 0 49

Patent-based national stock of knowledge Stock of granted patents in wind technology, domestic inventors. 12 23 0 112
Patent-based international (global) stock of knowledge Stock of all countries accumulated granted patents in wind

technology.
97 66 24 211

Patent-based international stock of knowledge corrected for the
national stock of knowledge

Stock of granted patents in wind technology, foreign inventors
minus national stock.

85 62 13 207

Feed-In Tariffs Feed-in tariffs attributed to a given country and year in US
cents/kWh, 2012 prices.

9 8 1 38

Cumulative global wind capacity Cumulative global capacity in MW. 31,135 34,257 2170 120,624
Cumulative national wind capacity Cumulative national wind power capacity in MW. 2280 4532 0 23,826
Cumulative global wind capacity corrected for national capacity Cumulative global wind power capacity minus national capacity

in MW.
28,854 32,253 1757 119,577

Investment cost for wind power US$ per kW, 2012 prices. 1531 455 751 2748
Steel price Steel price, US$/mt, 2012 prices. 1009 171 528 1269
Natural gas price Natural gas price, US$/mmbtu, 2012 prices. 5 3 3 14
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Fig. 2. Number of granted patents.
Source: OECD (2014).
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terms of wind power sites had been taken, implying that the most ac-
cessible and easy-worked sites already had been developed and less fa-
vorable places therefore had to be used (IEA, 1991-2008).

3.2. Econometric issues

Before estimating the different invention, innovation and diffusion
equations, a number of important econometric issues need to be consid-
ered. First of all, it is reasonable to assume that all equations have an ad-
ditive error structure, e.g., εnt in model I (μnt in model II and ηnt in model
III etc.). Each of these error terms can be decomposed into two compo-
nents. For instance, in model I we have:

εnt ¼ ψn þ νnt ð13Þ

where ψn are the country-specific effects, while νnt are the remaining
stochastic disturbance terms. The country-specific errors can be
interpreted as unobserved fundamental differences in wind power de-
velopment across the eight European countries. These might include
geographical differences such as wind conditions and/or institutional
variations, including ownership patterns and planning and permitting
constraints. Country size and the inclination to patent vary across the
OECD countries (Rübbelke and Weiss, 2011). These differences can,
however, be assumed to be fixed over time for a given country, and if
so one can eliminate the country-specific component by introducing

different intercepts (dummy variables) for the included countries. This
is referred to as the fixed-effects model, and it deals with the bias in
the estimation results that can occur in the presence of unobserved
country effects that are correlated with the regressors (e.g., Baltagi,
2008). It also implies that the estimates are based only on within-
country variations, i.e., on time series variations. The remaining error
terms are assumed to be normally distributed with zero mean and con-
stant variance.

In general, in count data the variance exceeds themean (i.e., there is
over-dispersion) and the traditional Poissondistribution,which is based
on an assumption of equidispersion (i.e., mean and variance are equal)
reports non-correct standard errors of the parameter estimates (Baltagi,
2008; Greene, 2012). The aggregate patent data are overdispersed with
a mean of 1.9 and a variance of 20.54. This problem is overcome in the
invention model by employing a negative binominal regression. To
test for overdispersion, the Cameron and Trivedi (1990) approach will
be used.

When working with patent count models on both national and firm
levels, there are often concerns of a large number of zero counts, espe-
cially when long time series are used (Blundell et al., 2002; Hu and
Jefferson, 2009). This can be the result of countries that do not innovate
at all or try but fail to do so. A part of this problem is dealt with by lim-
iting the study to the core wind power countries in Western Europe
who have been performing wind power research for a relatively long
time. Overall there is a low research activity in the beginning of the
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time period (early 1990s) and therefore some zero counts; in the latter
part of the time period we can, however, observe a consistent invention
activity.

Regarding the innovation and diffusion models, a potential problem
might arise since both investment cost and cumulative capacity could
be viewed as being endogenous, and thereby simultaneously deter-
mined. In order to test for the presence of endogeneity, the Hausman
specification test was employed (Hausman, 1978). When the Hausman
specification test was performed for the cumulative capacity in all the
innovation equations, and for the investment cost in all the diffusion
equations, no statistically significant support for endogeneity was
found. On the other hand, it could also be reasonable to consider the
possibility of other explanatory variables in the innovation and diffusion
model specifications to be exogenous as well. The feed-in price as well
as investments in public R&D might, for instance, decline as wind
power investments cost fall. Nevertheless, also in these cases no support
for endogeneity was found when the Hausman specification test was
executed. Hence, we applied ordinary least square (OLS) techniques
when estimating the different innovation and diffusion equations.

Furthermore, with the aim of testing the null hypothesis of no serial
correlation between the error terms, a Godfrey test for AR (1) was
preformed (Greene, 2003) in the innovation and diffusion models. The
null hypothesis of no serial correlation was rejected in all model speci-
fications, and consequently, all estimations have been corrected for au-
tocorrelation applying the Cochrane-Orcutt procedure.

4. Empirical results and implications

4.1. Estimation results

In Tables 5–7 the parameter estimates for the different invention, in-
novation anddiffusionmodel specifications are presented. The interpre-
tations of the country dummy coefficients (see Appendix A), are of

limited empirical interest; technically they show the differences in in-
vention, innovation and diffusion capacities across countries for the
case when all independent variables are held to be equal across all
countries.

In Table 5 the parameter estimates from the three invention model
specifications are presented. The models have been estimated using
negative binomial (NB2) with bootstrapped standard errors (using
200 iterations) and country-specific fixed effects. All three model spec-
ifications are statistically significant according to the p-values associated
with the Wald x2-statistics, consequently rejecting the null hypothesis
that all of the estimated coefficients are equal to zero.

For the invention model, we also tested whether the wind power
patent data are overdispersed. Likelihood-ratio tests were conducted
(Cameron and Trivedi, 1998), and these confirm that the data are
overdispersed for all models. Consequently the Poisson regressions is
abandoned and theNegative Binominal regression approach is applied.9

The regression reveals what effects, positive or negative, a selected var-
iable has on the probability of the occurrence of an event, invention, and
to what extent it is statistically significant; it is not concerned about the
precise magnitude of the effect.

The estimation results formodel I indicate that the basic research in-
frastructure in the respective countries, here approximated by re-
searchers per capita in the labor force (RESnt), has a positive and
statistically significant effect on patent counts in all models. This result
was expected; havingmore skilled researchers in the labor force should
have a positive effect on the research output in the country. The govern-
mental R&D expenditures on wind power (R&Dnt) were, however, not
statistically significant determinants of new inventions in any of the
models.10 Model I shows significant positive results for the impact of
the national knowledge stock (Knt). In model II, the national knowledge
stock (Knt) and the international knowledge stock (IKnt) are tested in
combination. Both variables are found to be statistically significant and
positive, thus suggesting the presence of positive patent spillovers
both based on previous knowledge build-up in the home country and
on the corresponding build-up of knowledge in other countries.

Model III represents an expansion of Model II. Here the national and
international stocks remain statistically significant and positive. Model
III also tests whether the policy variable feed-in-tariff (PntF ) is a determi-
nant of invention, but the regression results indicate no statistically sig-
nificant effect for this variable.

The parameter estimates for the different innovation (learning)
models are presented in Table 6, together with calculated learning-by-
doing rates (LR) and, where appropriate, learning-by-searching rates
(LSR). The models display goodness-of-fit measures, R2-adjusted, rang-
ing from 0.364 to 0.434. This means that approximately 60% of the var-
iance in the learning rate observations is left unexplained. Hence, a

Table 5
Parameter estimates for the invention equations.

Coefficient (p-value) Model I Model II Model III

βiRESnt 0.309*** (0.001) 0.171* (0.074) 0.173* (0.079)
βiR&Dnt −0.011 (0.432) −0.010 (0.417) −0.009 (0.460)
βiKnt 0.014*** (0.003) 0.013*** (0.008) 0.013*** (0.010)
βiIKnt 0.005*** (0.004) 0.005** (0.017)
βiPnt

F −0.002 (0.887)
Log-likelihood −219.826 −217.298 −217.288
Wald chi2 276.240 342.350 357.120
P N x2 0.000 0.000 0.000
N 144 144 144

*, ** and *** indicate statistical significance at the 10, 5 and 1% levels, respectively.

Table 6
Parameter estimates for the innovation equations.

Coefficient
(p-value)

Model IV Model V Model VI Model VII

βi lnCCGt −0.127***
(0.000)

−0.102***
(0.001)

−0.084***
(0.004)

−0.080***
(0.006)

βi lnCCNnt −0.176
(0.329)

βi lnPntS 0.530***
(0.000)

0.521***
(0.000)

0.505***
(0.000)

0.513***
(0.000)

βi lnKnt −0.078**
(0.048)

−0.077**
(0.050)

βi lnPntF 0.020 (0.374)
R2-adjusted 0.370 0.364 0.385 0.434
Global LR (%) 8.4 6.9 5.6 5.4
National LR
(%)

1.2

LSR (%) 5.2 5.2
N 144 144 144 144

*, ** and *** indicate statistical significance at the 10, 5 and 1% levels, respectively.

Table 7
Parameter estimates for the diffusion equations.

Coefficient
(p-value)

Model VIII Model IX Model X

βi lnCnt −2.470*** (0.000) −2.517*** (0.000) −2.461*** (0.000)
βi lnPntG 3.019*** (0.000) 3.000*** (0.000) 3.026*** (0.000)
βi lnPntF 0.259** (0.040) 0.252** (0.048) 0.285* (0.054)
βi lnR&Dnt 0.090 (0.518)
βi lnSDnt −0.077 (0.735)
R2-adjusted 0.706 0.704 0.703
N 144 144 144

*, ** and *** indicate statistical significance at the 10, 5 and 1% levels, respectively.

9 All the overdispersion tests indicated a prob. chi-bar at close to 22,which is larger than
the critical value of 5.24. The test for the first regression gave following result: LR test:
−2(LRPoisson − LRNegbin) = X which gave −2(−231.134 + 219.826) = 22,542,
i.e., 22.542 N 5.41 indicating overdispersion.
10 The R&Dnt variable has been tested in several invention model specifications without
any statistically significant results.
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substantial part of the variance is due to the error terms or to variations
in non-observed variables. Still, low R-squares are quite common when
relying on panel data fixed effect regressions (Greene, 2012; Nelson and
Kennedy, 2009). The estimated learning-by-doing rates vary across the
different innovation model specifications.

When comparing models IV, V, VI and VII, it becomes obvious that
there exist global learning and that the international price of steel
(PntS ) also has been an important determinant of wind power invest-
ment costs. Models IV and V differ from each other with respect to the
geographical scope of the cumulative capacity. Inmodel IV global capac-
ity (CCGt) is used to explain price reductions achieved from learning,
while in model V both national (CCNnt) and global capacities (CCGt)
are used as explanatory variables. The learning curve estimates show
that the global learning-by-doing rate is still at a fairly stable level, 6.9
compared to 8.4 in the IV model, and it remains highly statistically sig-
nificant. Hence, for each doubling of global cumulative capacity, the re-
sults indicate cost reductions of 6.9% (in model V) and 8.4% (in model
IV), respectively. The global learning-by-doing rate dominates the na-
tional learning effect, the latter indicating a rather low and also statisti-
cally insignificant learning rate at 1.2.

Inmodels VI andVII, the innovationmodel is extended by adding the
patent-based knowledge stock (Knt). The coefficient representing this
knowledge stock for wind power is negative and statistically significant
in both models. The parameter estimates from these two models imply
a learning-by-searching rate of 5.2%. These results support the notion
that patent-generating activities are of great importance when it
comes to the innovative activities in the wind power industry. Finally,
in model VII the innovation model is extended to also incorporate
feed-in tariffs (PntF ). The estimated effect is slightly positive, which
would imply that as subsidies increase, there is less reason for the
wind power developers to keep investment costs down (by, for in-
stance, selecting low-cost sites). However, the feed-in tariff coefficient
is not statistically significant, and the results of the other variables re-
main fairly stable (with high statistical significance levels).

It should be noted that other variables – above those listed in Table 2
–were tested. None of these variables had a statistically significant im-
pact on learning rates. One example is the scale effect, were we expect
that a larger scale should contribute to cost decreases over time follow-
ing increasing returns to scale. However, a possible explanation for our
results can be found in theNordhaus critique (2014) of learningmodels,
thus noting that it is difficult to separate learning effects from exoge-
nous technological change. Consequently, as a result of themethodolog-
ical difficulty, it is problematic to separate the true learning parameter
from its complicated relationship with the other exogenous coefficients
that it is intertwined with.

The parameter estimates for the different diffusion model specifica-
tions are presented in Table 7. Overall all models display relatively decent
goodness-of-fit measures, with R2-adjusted ranging from 0.703 to 0.706.
The estimation results indicate that the investment cost is an important
factor behind the diffusion of wind power. However, the parameter esti-
mate from our study is lower than that in, for example, the Söderholm
and Klaassen (2007) article. Their study reported an investment cost esti-
mate of−13.9 compared to our in the range of−2.5. Still, as showed in
Fig. 4, the wind power investment costs fell substantially until around
2005, and after that they started to increase. Our study includes these
more recent developments, in part explaining this difference in results.

The positive sign of the estimated impact of natural gas prices, one of
the main substitutes to wind power, suggests that increased gas prices
induces an increased willingness to invest in the wind power industry.
The positive sign is in accordance with our expectations. The estimated
impacts of investment costs and gas prices, respectively, are all fairly
stable and statistically significant in all three diffusion models. The pos-
itive sign of the estimated impact of feed-in tariffs is also in linewith our
expectations. Hence, an increase in the feed-in tariffs leads to the install-
ment of more wind power capacity, and also this result is statistically
significant in all three diffusion models.

In model IX, the diffusion model is extended to include public R&D
expenses (R&Dnt) on wind power as a proxy for the obstacles and in-
centives that are provided by the political and legal system in a country.
The estimated coefficient indicates, though, that changes in the public
R&D expenses have no statistically significant effects on wind power
diffusion.

Finally, inmodel X the diffusionmodel is extended to incorporate an
interactive slope dummy variable (SDnt) testing for the presence of het-
erogeneous diffusion impacts following the use of different types of
wind power support schemes. Specifically, we test whether an equal
percentage increase in the price support has a different impact on the
installed wind power capacity in countries that employ competitive
support schemes rather than fixed feed-in tariffs. The empirical results
lend some modest support to the conclusion that the competitive
based systems in Sweden, the UK and the Netherlands (under their re-
spective time period) were less effective in promoting wind power dif-
fusion than the fixed feed-in tariff systems in the other countries.
However, this result is statistically insignificant.

4.2. Implications

Technological progress is not, metaphorically speaking, a straight
line going frompoint A to point B; it is rather a processwhere invention,
innovation and diffusion tend to take place simultaneously, and where
each step can influence other parts of the development process. Overall
our estimation results demonstrate that the configuration suggested in
Fig. 1 has empirical relevance, and it supports amove away from the lin-
ear view on technological development.

Attention has been paid to public policies that aim at increasing the
role ofwindpower in the energy system.Wehave looked at somepolicy
effects that can affect several steps in the technological development
process. While increasing environmentally friendly energy production
can be a goal, a policy to achieve that goal can at the same time have dif-
ferent effects in various parts of the technological development process.
For example, in the invention model III and the innovation model VII,
the feed-in tariff policy did not show any statistically significant effects.
However, in the diffusion process it had, as expected, a positive effect.
Higher feed in tariffs create incentives to expand wind power produc-
tion and does not create disincentives at the invention and innovation
steps. Hence, the policy effort can be seen as successful for the overall
goal of increasing the share of wind energy, and in turn promoting
learning.

Models I–III indicates that public R&D expenditures do not show any
positive statistically significant effect on invention activity. This result
can possibly be explained by the fact that in part R&D, especially R&D
aimed at product development, is done by private companies. Public
money sometimes comes with demands of openness regarding the re-
search performed, which in itself would reduce the incentives for
those who aim at taking a patent. Ek and Söderholm (2010) argue
that public R&D support will play a less profound role when a technol-
ogy has matured since public R&D normally is in place to encourage
more risk-taking and exploratory activities characterized by profound
uncertainties. An implication of the results is that we cannot say with
certainty that R&D spending from the state affects the invention rate.
The results concern aggregate spending, where money can have gone
to test facilities, basic research or grants to firms; the findings do not
thus exclude the possibility that public spending in specific projects
can be successful but that question is outside the scope of this paper.

The international knowledge stock, an accumulation of previously
assembled patents over time in the neighboring countries, has a positive
effect on the invention climate in other countries. The time period
1991–2008 includes, in part, the early period of wind power and also
the time where the technology really took off with large firms who ex-
port thousands of units to other countries. There were clear signs of in-
ternational knowledge spillovers in models II–III. For the future of wind
power this is a positive resultwhenmore countries start to import wind
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power plants, and then possibly initiate development processes. Hence,
the overall goal of increasing the share of wind energy is stimulated.

Regarding the national patent-based knowledge stock, it also had a
positive effect on inventions. Building up domestic know-how creates
opportunities to improve the technology and contribute to others' ef-
forts. In the innovation models VI and VII, the coefficient representing
the national patent-based knowledge stock is negative and statistically
significant. Hence, these results show that patent-generating activities
are importantwhen it comes to both invention and innovative activities
in the wind power industry.

The negative parameter estimates from models VI and VII imply a
learning-by-searching rate of roughly 5%. The results from our innova-
tion models support the notions that average investments in wind
power have become cheaper as a result of: (a) the gradual diffusion of
wind power and the thereof following learning-by-doing accomplish-
ments; (b) new investments in patent-generating activities, which al-
lows producers to test new production processes; and (c) the
presence of relatively low steel prices in the international market.

5. Concluding remarks

In this paper we applied an invention-innovation–diffusion frame-
work, which was estimated using a panel data set covering eight signif-
icant wind power developer countries in Europe over the time period
1991–2008. As such, the paper provides a first step towards attaining
econometric evidence of the interactions between the different

development stages in Europe. As shown in this paper, some policies re-
lated to wind power do not lead the development process forward in
some stages of technological development, but the same policy do
have important effects on other stages. Therefore, it is important to
strive for a better understanding of the dynamics between these three
distinguished but not interconnected steps of technological change.

Since this paper represents a first quantitative attempt to address
this complex nature of technological change, there are issues which
need to be investigated in more detail in future studies. When it
comes to variables that have been tested in all development stages we
see that they do not necessarily have an effect in all stage, and the
same kind of effect. The feed-in-tariff is not a significant determinant
for invention and innovation while it is for the diffusion step. These re-
sults are not unexpected; high feed-in-tariffs make it more profitable to
invest in new wind power installations. At the same time, the incentive
to invent and come up with new cost reducing solutions may be re-
duced if support is expanded, the gains from producing a new construc-
tion becomes less grand. The results indicate that further quantitative
analysis of renewable energy diffusion should be fruitful, and as such
represent a complement to the vast number of qualitative case studies
in the field.

Our results show that the above approach is important and in line
with Kirzner's (1985) observation; if one only look at how many new
plants are constructed and the generating capacity one might miss
“light-bulb-moments” that could have made every wind plant more
efficient.

Appendix A

Table A1
Estimated country fixed-effects for the invention models.

Coefficient Model I Model II Model III

Denmark −1.121*** −1.395*** −1.693 ***
Germany 0.933** 0.953** 1.234***
United Kingdom −0.205 −0.061* −0.397
Spain −0.667** −1.215*** −1.384***
Sweden −0.537 −1.065** −0.850**
France −0.814* −1.460*** −1.330***
Italy −0.844*** −1.162*** −1.293***
Constant −1.073 −0.387 0.941

*, ** and *** indicate statistical significance at the 10, 5 and 1% levels, respectively.

Table A2
Estimated country fixed-effects for the innovation models.

Coefficient Model IV Model V Model VI Model VII

Denmark 5.087⁎⁎⁎ 5.023⁎⁎⁎ 5.006⁎⁎⁎ 4.870⁎⁎⁎

Germany 5.280⁎⁎⁎ 5.213⁎⁎⁎ 5.300⁎⁎⁎ 5.169⁎⁎⁎

United Kingdom 5.446⁎⁎⁎ 5.369⁎⁎⁎ 5.303⁎⁎⁎ 5.189⁎⁎⁎

Spain 5.231⁎⁎⁎ 5.165⁎⁎⁎ 5.036⁎⁎⁎ 4.911⁎⁎⁎

Sweden 5.139⁎⁎⁎ 5.045⁎⁎⁎ 4.969⁎⁎⁎ 4.858⁎⁎⁎

France 5.189⁎⁎⁎ 5.067⁎⁎⁎ 5.049⁎⁎⁎ 4.920⁎⁎⁎

Italy 5.272⁎⁎⁎ 5.184⁎⁎⁎ 5.071⁎⁎⁎ 4.962⁎⁎⁎

Netherlands 5.215⁎⁎⁎ 5.139⁎⁎⁎ 5.059⁎⁎⁎ 4.949⁎⁎⁎

⁎⁎⁎ Indicate statistical significance at the 1% level.

Table A3
Estimated country fixed-effects for the diffusion models.

Coefficient Model VIII Model IX Model X

Denmark 19.610⁎⁎⁎ 19.788⁎⁎⁎ 19.468⁎⁎⁎

Germany 21.159⁎⁎⁎ 21.260⁎⁎⁎ 21.024⁎⁎⁎

United Kingdom 19.557⁎⁎⁎ 19.775⁎⁎⁎ 19.547⁎⁎⁎

Spain 19.954⁎⁎⁎ 20.183⁎⁎⁎ 19.823⁎⁎⁎

Sweden 17.740⁎⁎⁎ 18.020⁎⁎⁎ 17.638⁎⁎⁎

France 16.021⁎⁎⁎ 16.384⁎⁎⁎ 15.885⁎⁎⁎

Italy 18.516⁎⁎⁎ 18.823⁎⁎⁎ 18.405⁎⁎⁎

Netherlands 19.080⁎⁎⁎ 19.247⁎⁎⁎ 19.028⁎⁎⁎

⁎⁎⁎ Indicate statistical significance at the 1% level.
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Country/year 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008

Denmark 1840 1859 1745 1621 1365 1391 1441 1269 1214 991 983 852 751 763 932 1400 1581 1850
France 2205 2228 1949 1807 1711 1507 1506 1532 1555 1189 1180 1022 1087 995 1128 1822 2060 2263
Germany 2641 2110 2698 2475 2443 2148 1765 1909 1741 1607 1306 1290 1275 944 1539 1841 2128 2100
Spain 2352 2085 2052 2025 1702 1505 1463 1619 1428 1090 1082 937 954 848 947 1751 1905 2205
Sweden 1565 1621 1390 1348 1551 1514 1315 1195 1218 1039 975 937 1007 886 1038 1787 1967 2326
The United Kingdom 2641 2110 2698 2475 2443 2148 1765 1909 1741 1607 1306 1290 1270 944 1539 1841 2128 2100
Italy 2023 2044 1847 1714 1792 1693 1384 1447 1161 1172 1327 1321 895 903 998 1725 2748 2608
The Netherlands 1735 1766 1794 1899 1760 1534 1261 1325 1378 1234 1098 1156 1095 1002 1087 1567 1717 1875
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The purpose of this paper is to analyze the presence of international knowledge spillovers in
the wind power sector. Specifically, the paper investigates whether successful invention
efforts in one country, measured by way of granted wind power patent counts, have had
positive effects on the neighboring countries’ abilities to generate patents of the same 
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period 1978-2008 are used for the eight national technological leaders in the western
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1. Introduction

Feasible global solutions are needed to counter the threat of climate change. Global energy

demand has risen more quickly in the past decade than ever before, and it is predicted to

continue to rise along with economic development and population growth in the developing

world (e.g., Suganthi and Samuel, 2012). It is likely, therefore, that also the emissions of 

greenhouse gases (GHGs) will increase, this even if the production of goods and services

becomes less emission-intensive. If the absolute demand for energy cannot be decreased

sufficiently, then a supply-side solution offers an alternative for addressing the need for GHG 

mitigation.

During the last 25 years, investments in renewable energy have achieved notable results,

driven to a large extent by different policy frameworks.1 For example, the average investment

cost for wind power (in USD per kW) has been reduced by almost 50% since year 2000 

(IRENA, 2012). The overall cost reduction potential for the global weighted average of 

installation is expected to average around 12% between 2015 and 2025 (IRENA, 2016). In 

2015 the worldwide share of total electricity generation made up by renewables such as wind 

power was approximately 22.3%. The annual growth rate of wind power rates of electricity 

production from 1990 to 2015 was 22.1 % (IEA, 2016). Still, while it has been established 

that the cost of renewable energy falls as the use of the technology expands, less is known 

about the extent to which the new knowledge developed about renewable energy technology 

spills over to new geographic areas (Lehmann, 2013). The presence of such spillovers will in 

part determine the willingness of individual countries to take own action to develop the 

technology further (see below). 

The purpose of this paper is to provide an analysis of international knowledge spillovers 

within the wind power sector and those arising from related industries (e.g., energy machinery

closely related to wind energy machinery2). Specifically, the paper investigates how the 

1 The European Union's (EU) Renewable Energy Directive (2009/28/EC) establishes a binding target for the 
share of energy consumption from renewable sources of at least 20% by the year 2020. To achieve this overall 
target, the EU Member States have committed themselves to national renewables targets (European Commission, 
2015). In October 2014, the EU further enhanced the scope of its climate and energy targets for both 2020 and 
2030, and the 2030 policy framework sets a target of at least 27% renewable energy and energy savings by the 
year 2030 (European Commission, 2014).
2 The IPC class “F03D”, covers 96% of all wind power patents according to Keefe (2010). The class “F03D” 
belongs to the industrial field “energy machinery” (i.e., machines or engines for liquids; wind, spring or weight 
motors; producing mechanical power or a reactive propulsive thrust, not otherwise provided for). Combustion 
engines are, for example, not included in what we refer to as the related industries (the different IPO 
classifications are provided in the Appendix Table B1). 
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accumulation of wind energy and related industry patents production in European countries

has affected the output of granted wind power patents in neighboring countries. By doing the 

above we capture both spillovers within a well-defined field (wind power machinery) but also

the presence of spillover effects from other energy machinery fields close to wind power. The 

latter thus addresses the notion that international knowledge spillovers may not only illustrate

the importance of countries’ overall systems of innovation.

A so-called knowledge production function is estimated; here the rate of new knowledge 

creation depends on, for instance, the amount of labor engaged in R&D and the patents-based 

stock of knowledge available to these researchers (Joutz and Abdih, 2005). This knowledge 

stock is constructed and used in the knowledge production function to investigate if it affects

the further generation of wind power patents domestically, and also if the knowledge 

generated spills over to other countries.

The knowledge stocks represent the accumulation of granted wind power patents from 

international and domestic sources, and have been constructed using the perpetual inventory 

method. The econometric analysis relies on a data set consisting of eight countries in western 

Europe with the highest rates of patent production in the field of wind power between 1978 

and 2008. In general, for our purposes a technological knowledge stock reflects the 

cumulative technological knowledge that a country possesses at a given point in time (Park 

and Park 2003, 2006). A positive correlation between a knowledge stock and technological 

output (granted patents) is interpreted as a sign of knowledge spillovers.

Knowledge spillovers in the renewable energy sector are highly relevant to study: they tend to 

correlate with underinvestment in R&D, this since they imply that the investing firm/country 

cannot keep the full value of any R&D efforts to themselves (Fischer, 2008; Jaffe et al., 2005; 

Popp, 2005). Mansfield et al. (1977) found that the public social benefits of investments in 

R&D were substantially greater than the individual benefits for the firm making such 

investments. This gap between the private and social benefits of R&D can lead to 

underinvestment in R&D. In the case of the environment, the issue of reducing carbon dioxide 

emissions is urgent, and failures to develop renewable technologies and improve their 

performance today, will hinder the future possibilities to reach more stringent carbon 

reduction targets. For society’s consumption of energy, this is not a major problem. However,

a carbon-intensive energy sector could have disastrous effects for the human living 

environment.
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The following motivates our focus on technological knowledge spillovers. The presence or 

absence of cross-border knowledge spillover processes is likely to influence government 

policies on R&D spending. If knowledge does not spill over, it is more reasonable for a 

national government to invest in the building up of a green industry domestically without 

having an incentive to be the second mover and free-ride on others’ efforts. If, however, the 

knowledge from one country is found to spill over freely and easily to neighboring countries,

then it could be more effective and efficient for cross-governmental entities like the European 

Union (EU) to devise and implement R&D policies. Furthermore, there are, to our knowledge,

few spillover studies on renewable energy in general, and on wind power in particular (see 

however, Braun et al. (2010) and below).

Our focus on the wind power industry case in Europe is worthwhile based on the observations 

that: (a) the development of modern wind power technology is largely centered to a few 

countries and have a rather well-defined starting point in time, namely around the mid-1970s;

and (b) wind power represents a key energy technology for countries that wish to build-up an

energy mix that can comply with existing European climate policy targets (e.g., Söderholm

and Sundqvist, 2007).

Based on the above, this paper seeks to build on the existing literature dealing with inter-

country knowledge spillovers, and the underlying hypothesis is that the development of wind

power technology in one European country will be positively impacted by the degree of 

development of the same technology and any related technology in its neighboring countries.

The paper therefore adds to the existing literature in the sense that: (a) international spillovers 

depend in the presence of different geographical distances is considered; (b) another type of 

data is considered compared to previous studies – that is granted patents rather than total 

patent applications; (c) the time period is extended and we rely on another country selection 

than in other similar studies; and (d) we apply a somewhat different econometric strategy (see 

further section 2.1).

The remainder of the paper is organized as follows. Section 2 introduces two important 

concepts regarding knowledge spillovers. Section 3 presents the model specification and 

discuses some important econometric issues, while section 4 provides a description of the data 

definitions and sources. Section 5 reports on the results from the different empirical

specifications, while section 6 synthesizes the empirical findings and discusses the results.

Section 7 contains the conclusions and policy implications.
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2. Spillovers – The Spread of Innovation and Knowledge

In this section, two conceptual topics that are important for the paper will be discussed.  

Specifically, these two concepts are: (a) knowledge spillovers, here commented on in more 

detail with reference to relevant research done in the renewable energy sector; and (b) 

absorptive capacity, which is a key issue for if there will be spillovers and how fast a 

technology will spread.

2.1 Knowledge Spillovers

The identification and operationalization of spillovers from R&D are unresolved issues in the

realm of the economics of technological change. One of the questions policy makers and

researchers try to answer is this: what benefit does one company, industry or country have

from R&D activities in other countries?

Griliches (1979, 1992) distinguishes between two types of spillover. The first is what he terms 

a pure knowledge spillover, i.e., rather than being incorporated into tradable goods, the 

relevant knowledge is instead transferred from one firm to another without the recipient of the 

knowledge directly paying the producer of the knowledge. The second type is rent spillover:

this arises when the improvement in physical productivity derived from technological 

innovation in a product is not followed by a price change of the same magnitude. In the 

empirical part of this paper, patents serve as a mutual output proxy for both of these spillover 

categories, i.e., both categories are captured but the separate effects are not identified.

In broad terms, pure and rent knowledge spillovers move from one agent to another in two 

stylized ways (Glaeser et al., 1992). The first builds on a Jacob-type externality frame; 

knowledge produced by other actors (e.g., a country) may be a useful input for the domestic 

knowledge production function of all other actors (irrespective of previous experience). In the 

other setting, i.e., a Marshall-type externality setting, knowledge only flows between various 

homogeneous actors (Corradini et al., 2014).

In the renewable energy sector, the empirical evidence of the existence of international 

knowledge spillovers is still limited. Peters et al. (2012) found evidence of public policy-

related spillovers in the solar PV industry. In addition, Dechezleprêtre et al. (2013) compared

the intensity of patent citations in clean energy with their less-clean counterparts. This study 

found that, since clean energy patents are cited more frequently than patents based on less-

clean technologies, this may indicate more knowledge spillovers in the former sector – in turn 

motivating a stronger public support for clean R&D. Furthermore, Poirier et al. (2015) 
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estimated a knowledge production function, and analyzed the effect of international co-

authorship of scientific publications on patenting in wind energy technologies within the

OECD and the non-OECD countries. Their results suggest that there exist knowledge 

spillovers between these country groups. Corradini et al. (2014) studied how firms and sectors 

in 15 European Union (EU) countries and 23 manufacturing sectors had been affected by 

environmental protection decisions in other firms, sectors or countries. They focused on the 

time period 1995-2006, and applied a similar modeling strategy as in this paper, i.e., a

knowledge stock approach including also geographic weighting to account for distance 

effects.

There are other studies (which were more focused on the firm level) that have investigated 

knowledge spillovers, and the determinants of renewable energy patents. For example, Aldieri 

and Cincera (2009) used the knowledge-stock approach to study spillovers between large 

international R&D companies’ productivity growth. Corradini et al. (2015) studied firms’

decision to invest in innovation in the context of impure (or mixed) public good provision

using a knowledge stock, and found that the positive correlation between environmental and 

innovation performances might be reinforced by different spillover mechanisms. Furthermore, 

the knowledge stock of previously filed patents is included in many patent count models to 

account for a country’s absorptive capacity, a concept that is commented on below in section 

2.2 (Peters et al., 2012; Cohen and Levinthal, 1990). 3

The approach for measuring spillovers in this paper is by studying how a knowledge stock, 

the accumulation of knowledge, in one country affects inventive output in other countries.

This stems from various previous studies (e.g., Klaassen et al., 2005; Mancusi, 2008; Aldieri 

and Cincera, 2009; Corradini et al., 2014). In particular, this paper further develops a working 

paper by Braun et al. (2010) concerning solar and wind power. These authors found no 

knowledge spillover effects between the 21 Organisation for Economic Co-operation and 

Development (OECD) countries that they studied.

In the present paper we extend and develop their approach in a number of ways. Firstly, the 

paper focuses on the main actors within the European wind power knowledge-production 

sector in order to investigate their relationships, this instead of incorporating the many other 

countries who conduct no wind power R&D. In addition, in the paper geographical distance 

3 Another approach to measuring knowledge spillovers is to follow the paper trail of citations: if one wants to be 
awarded a patent, one needs to cite other relevant research. The patent office will also check this research and do 
its own. 
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effects on the knowledge spillover process are investigated, i.e., the respective knowledge 

stocks that affect a country are distance-weighted based on the geographical distance between 

them. Furthermore, the data set is extended to cover a longer period than the 2010 study. It 

contains patents granted and not only patent applications as the previous study used. This last

modification of the 2010 research imbue the results with a further qualitative edge since only 

approximately half of all patent applications submitted to the European Patent Office (EPO) 

are in fact granted (Battistelli, 2011). Finally, the econometric estimation approach applied

here is somewhat different than the one used in the 2010 study (see further section 3).

Most studies that have concerned environmentally related patents have rather focused on how 

public policies affect innovative activity. Johnstone et al. (2012) investigated the determinants 

of environmentally related patents (e.g., for wind and solar power), and found that both 

general innovative capacity and environmental policy stringency have played positive roles in

environment related innovation. Johnstone et al. (2010) found that different policies are better 

or less well-suited with regard to inducing innovations. De Vries and Withagen (2005) use 

environmentally related patents in Europe as environmental innovation indicators. They 

measure policy stringency, with an underlying idea about a connection between high emission 

levels, which trigger strict environmental policy, thus creating stronger incentives for 

innovation.

2.2 Absorptive Capacity

The positive externality from technology generated abroad, and flowing into the country or 

domestic firm, crucially depends on the destination country’s ability to understand and exploit 

such external knowledge (Aldieri and Cincera, 2009; Mancusi, 2008). At the country level, 

Cohen and Levinthal (1989) have shown that technologies produced abroad may positively 

influence the domestic capacity to produce goods and new technology. According to 

Antonelli et al. (2011) and Boschma and Iammarino (2009), the diffusion of knowledge is 

more likely when the competences and knowledge stocks of the inventors and adopters are 

closely related, i.e. when there is high technological proximity (Fischer et al., 2006).

Furthermore, according to Engelbrecht (1997) as well as Nelson and Phelps (1966), the 

characteristics of domestic absorptive capacity are important when it comes to understanding 

a country’s capability to transform imported technology into productivity gains in its 

production apparatus. Therefore, the ability to receive spillovers is believed to be a function 

of a country’s past experience in R&D. If there is no absorptive capacity, then a spillover flow 
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might not result in realized benefits to other countries (Cohen and Levinthal, 1989; Hussler, 

2004; Antonelli, 2008; Costantini and Crespi, 2008; Antonelli and Quatraro, 2010). 

Knowledge spillovers are linked to absorptive capacity also in another way. The existence of 

spillovers has, in previously mentioned literature (e.g., Fischer, 2008; Jaffe et al., 2005; Popp, 

2005; Mansfield et al., 1977), been identified as a source of underinvestment in technology 

and hence a reason to why renewable energy take longer to reach as high capacity as policy 

makers want it to. Countries can free-ride but that might also put them in a position where 

they do not have enough absorptive capacity – the ability to comprehend and install new 

technology. In other words, the importance of absorptive capacity implies that countries’ 

incentives to free-ride on other countries’ R&D efforts, and thus under-invest in own R&D 

are likely to be weaker than they would otherwise have been.

3. Model Specifications and Econometric Issues

3.1 Model Specification

In equation (1), a production function of patents commonly encountered in the literature is 

presented:

ntnntntntnt KDRRESPC 322210 & , (1)

where the dependent variable, PCnt, is a count of wind power patents granted in country n (n =

1, …, N) for a given year t (t = 1, …, T). Public wind power R&D expenditures (R&Dnt), and 

the number of researchers per capita (RESnt) are used to explain the number of wind power 

patents granted; these two control variables are lagged two years. For example, public R&D 

expenditures taking place in period t may lead to a patent application and, eventually, to a

patent being granted no earlier than in period t + x (x = 2) (Nicolli et al., 2012). is a 

domestic patent-based knowledge stock in country n in period t. In this based model, each 

country’s separate knowledge stock consists of an accumulation of previously assembled 

wind power patents in that country, here denoted as the national knowledge stock. Moreover, 

the patent-based stocks are constructed with a three-year lag and a 15 percent depreciation 

rate (see further section 4). Country-specific fixed effects, , are introduced to capture any 

unobservable country-specific heterogeneity. All the residual variation is captured by the error 

term, .
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Model I presented in equation (1) can be seen as the baseline upon which ten additional model 

specifications (II-X) will be built. The different specifications (Models I-X) of the patent 

production model are presented in Table 1

Table 1: Patent production model specifications

Model Estimated model specification Description

I ntnntntntnt KDRRESPC 322210 & Base model with 
national knowledge 
stock

II ntnntntntnt IKDRRESPC 322210 & International knowledge 
stock only. 

III ntnntntntntnt IKKDRRESPC 4322210 & Both national and 
international knowledge 
stocks added

IV ntnntntntnt DIKDRRESPC 322210 & Distance-weighted 
international knowledge 
stock

V ntnntntntntnt DIKKDRRESPC 4322210 & National and distance-
weighted international 
knowledge stock

VI ntnntntntnt RKDRRESPC 322210 & Related-industry 
knowledge stock

VII ntnntntntnt IRKDRRESPC 322210 & International knowledge 
stock for related 
industries

VIII ntnntntntntnt IRKRKDRRESPC 4322210 & National and
international related 
industries knowledge 
stocks

IX ntnntntntnt DIRKDRRESPC 322210 & Distance-weighted 
related industry 
international knowledge 
stock

X ntnntntntntnt DIRKRKDRRESPC 4322210 & National and
international distance-
weighted related 
industries knowledge 
stocks
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Models I-V analyze the presence of knowledge spillovers within the wind power field, 

including the role of international knowledge spilovers. Model VI-X investigates how the 

development and knowledge accumulation in related industries (e.g., energy machinery) has 

affected wind power patenting output.

Specifically, Model II includes the international patent-based knowledge stock (IKnt) the 

accumulated stock minus the domestic stock for each country). This model aims to test 

whether knowledge accumulation (in the form of a patent stock) affects the creation of wind 

power patents in a neighboring country. Model III tests the two coefficients – domestic and 

international knowledge stocks – together to determine their separate effects. Since the 

national knowledge stock (Knt) is included in the same model as the international knowledge 

stock (IKnt), the latter excludes the additions of national patent counts. Model IV tests the 

variable distance-weighted international knowledge stock (DIKnt): in this case a distance 

weighting is applied to the international knowledge stock in order to determine if geographic 

distance affects spillovers. This means that the patent knowledge stock is weighted based on

the inverse exponential distance between countries. Model V includes the national knowledge 

stock (Knt) as well as the distance-weighted international knowledge stock (DIKnt).

Models VI-X address how the development in related energy machinery fields spills over to 

the production of wind power patents. In Model VI the same control variables remains but the 

variable national related-industry knowledge stock (RKnt) is added. Model VII tests the effect 

of the internationally determined related-industry patent-based knowledge stock. Model VIII

comprises both the national related-industry patent-based knowledge stock (RKnt) and its 

international counterpart (IRKnt). Model IX introduces the distance weighting (as in Model 

V), but in this case to the international related-industry knowledge stock (DIRKnt). Finally, 

model X comprises the national knowledge stock (RKnt) and the distance-weighted related-

industry international knowledge stock (DIRKnt).

3.2 Econometric Issues

Patent data are of a binomial nature; thus, the dependent variable will have a count nature. For 

these types of count data regressions, it is suggested that negative binomial and Poisson 

estimators should be applied (Hausman et al., 1984). The use of the negative binomial model 

in this regard is quite recent (e.g., Braun et al., 2010; Johnstone et al., 2010; Rübbelke and 

Weiss, 2011; Costantini et al., 2015a). According to Johnstone et al. (2010, 146):
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… the patent count is modeled as a Poisson process with an unobserved error parameter (u)

introducing heterogeneity in the variance, and an intensity parameter (μ) explained (in log) by a 

vector of explanatory variables (X).

Building on the negative binomial regression model proposed by Hausman et al. (1984), we 

can specify a Poisson process with parameter for the number of granted wind power 

patents in country n at time t, stated as –( ) = = exp ( ) (2)( = ) =  ( ) , (3)

Where PCnt is the number of granted patents in country n at time t. Xnt is a vector containing 

public R&D expenditures, number of researchers per capita, and the respective patent-based 

knowledge stocks. Rübbelke and Weiss (2011) suggest that an unconditional negative 

binomial regression model with country dummies should be used to account for fixed effects

instead of the negative binomial regression model of Hausman et al. (1984).4 The fixed 

effects model method will address unobserved country-specific effects over time (Baltagi, 

2008). The count data method applied is in line with the one suggested by Griliches (1979), 

since it provides a framework for much of the knowledge production research that was to 

come – including up to the present day. 

Moreover, the Poisson model has been criticized in the count panel data literature for its 

assumption that the variance is equal to its mean (e.g., Baltagi, 2008; Greene, 2012). This 

assumption is known as equi-dispersion. Thus, the Poisson distribution is often rejected in the 

empirical literature in favor of models accommodating over-dispersion, i.e., where the 

variance is larger than the mean. The traditional Poisson distribution, which assumes equi-

dispersion, reports incorrect standard errors of the parameter estimates. To model over-

dispersion, therefore, the negative binominal specification is usually employed (e.g., Baltagi,

2008). This modification relaxes the Poisson assumption (Greene, 2012). We find that the

aggregate data are over-dispersed with a mean of 1.9 and a variance of 20.54. This over-

dispersion is largely driven by the inclusion of Denmark and Germany in the data sample. The 

conditional mean is not smaller than the variances at each level. The over-dispertion issue is 

4 The classic model, introduced by Hausman et al. (1984) has been criticized because there is concern that the 
standard conditional fixed effects negative binominal model for count panel data imperfectly controls for 
individual fixed effects (Allison and Waterman, 2002; Greene, 2007; Guimaraes, 2008).
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overcome in the invention model by employing a negative binominal regression instead of a 

Poisson approach.

When one works with patent count models, there are often concerns of the presence of a large 

number of zero (0) counts, especially when long time series are used (Blundell et al., 2002; 

Hu and Jefferson, 2009). A zero count means that an event did not occur, so a large number of 

zero counts in terms of granted patents can be the result of countries that have not innovated 

at all, or which have tried but failed. This problem is partly dealt with by limiting the study to 

the core wind power-generating countries in western Europe that have been conducting 

research in wind power over a fairly long time period. The dependent variable is kept in its 

original form, rather than taking logs. This decision was made due to the presence of a 

significant portion of zeros: those values would be dropped if a logarithmic transformation 

were performed (Nicolli et al., 2012). The dependent variable will be a non-negative integer-

valued variable with several zeros, close to 50%, and with small values in the beginning of the 

data set because wind power is a new and relatively immature technology

The Wald chi-square statistic, with 32 degrees of freedom for the full model, was performed 

as well. This tests whether all of the estimated coefficients are equal to 0, i.e. a test of the 

models as a whole, with all explanatory variables. From the p-value, it was concluded that the 

models are statistically significant. There is, though, a slight uncertainty of how fully covered 

the statistics are for patents granted in 2008. For 2008, there is a drop in patents granted, 

while applications continued to increase. 

Additional robustness checks have been carried out by also using a GMM panel estimator for 

count variables that allows controlling for the potential endogeneity of the independent 

variables. This is important when a knowledge production function is estimated, and where 

there is potential for endogeneity issues due to the nature of the variables involved. The 

results remained robust and are presented in Appendix H. The system-GMM dynamic panel 

approach developed by Arellano and Bover (1995) and Blundell and Bond (1998) is applied 

and implemented with the xtabond2, a user created command originally in STATA 10. The 

estimated model is for the period 1978- 2008 and covers the full set of patents. An advantage 

of the dynamic GMM estimation is that all variables from the regression that are not 

correlated with the error term (including lagged and differenced variables) have the potential 

to be used as valid instruments (Greene, 2012).
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4. Data Sources and Definitions

This study makes use of a panel data set covering the eight countries in western Europe with 

the most intense wind power patent activities. These are Denmark, France, Germany, Italy,

the Netherlands, Spain, Sweden and the United Kingdom (UK).5 The period covered is 1978

to 2008. This 30-year period was chosen because it covers three decades with interesting

developments: an early slow-moving ten-year period, a maturity phase, and a decade of fast 

development. Thus, the variables used to estimate the various patent production models

include (a) total number of granted wind energy patents; (b) public R&D wind energy

expenditures in million USD6 (2012 prices and assuming purchasing power parity); (c) the 

number of researchers per 1,000 employees in the country7; (d) the knowledge stock of

patents granted to domestic inventors in wind power technology; (e) the international 

knowledge stock of patents granted in wind power technology, i.e., here implying all other 

countries in the panel; (f) the knowledge stock of patents granted to domestic inventors in 

industries related to wind power; and (g) the knowledge international stock of patents granted 

to international inventors in industries related to wind power.

4.1 The Dependent Variable

The dependent variable in the analysis is the count of granted wind energy patents. The 

definition for this variable was derived from the World Intellectual Property Organization’s

International Patent Classification (IPC) Green Inventory, with the category of interest being 

F03D (Wind Motors). This category covers the mechanisms for converting the energy of 

natural wind into useful mechanical power, as well as the transmission of such power to its 

5 This was motivated by the fact that the selected countries were the once that were active in patenting in wind 
power during the time period. The decision to focus on spillovers within the EU is motivated by the fact that the 
EU has set renewable energy targets, and that spillovers and the consequences of spillovers will be important for 
the chance of success for these targets. Even though there are patent data available on all OECD as well as non-
OECD countries, not all countries’ data will be used as there is only marginal patent activity – if it even exists –
in many of these. For instance, between 1978 and 2008, the number of wind power patent applications in several 
OECD countries only amounted to about one a year.
6 The R&D data include an unspecified amount of money devoted to demonstration projects, so it could have 
been labeled R&DD – where the extra D would stand for demonstration. Still, we have kept the term R&D for 
simplicity’s sake.
7 R&D and the number of researchers can rightly in many cases be suspected to be related and hence generate 
biased results due to strong correlation. When checking these variables, however, such high correlation rates 
could not be found, possibly due to the fact that the human capital variable is a rather general variable 
representing a country’s infrastructure for learning and higher education. The human capital variable is probably 
highly correlated with the overall level of public R&D in a country but this is not necessarily the case for a 
specific technology. A correlation matrix is provided in Appendix Table D.
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point of use. The source of the patent data was the OECD Patent Database.8 The patent

system is constructed using a hierarchy of levels as described in Table 2. 9

sector). The justification of using the current patent classification regime lies in its 

comparability with the related industries patents variable that is used in the attempt to identify 

cross sector knowledge spillovers.

Table 2: General structure of the International Patent Classification (IPC) system

Hierarchical 
level

Classification 
symbol

Classification title

Section F Mechanical engineering; lighting; heating; weapons; blasting

Subsection F0 Engines or pumps

Class F03 Machines or engines for liquids; wind, spring or weight motors; 
producing mechanical power or a reactive propulsive thrust, not 
otherwise provided for.

Subclass F03D Wind motors
This subclass covers wind motors, i.e. mechanisms for converting the 
energy of natural wind into useful mechanical power, and the 
transmission of such power to its point of use.

Main group F03D 1/00 Wind motors with rotation axis substantially in wind direction 
(controlling F03D 7/00)

Subgroup F03D 7/00 Controlling wind motors

An important consideration regarding patent data is using the geographical location of the

inventor rather than that of the formal applicant. The applicant (e.g., a firm) can be an entity 

registered in a locality that is not the same as were the knowledge was actually produced (e.g., 

Fischer et al., 2006). Some patents are awarded to multiple inventors; when they are from

8 The OECD data is in turn, derived from the EPO’s Worldwide Patent Statistical Database (PATSTAT).
9 Alternative sources for selecting patent data in the wind power sector have become available beside the Green 
Inventory classification. E.g., IPC and EPO Y02E10/70 Cooperative Patent Classification class or the OECD 
ENVTECH Indicator. (See e.g., OECD, (2015) for an in-depth general discussion or Costantini et al, (2015b) for 
a discussion about the pro et contra of the different data selection systems and a keyword-based methodology for 
patent analysis which was applied to the biofuels). In this paper the Green Inventory Classification (GIC) was 
used to be able to also study intra sectorial spillovers between other energy machineries. In many of the other 
renewable energy classes the GIC did not capture all relevant patents. However, according to a study by the 
UK’s Intellectual Property Office, the F03D (wind power) classification covers 96% of all wind power patents 
(Keefe, 2010; Dechezleprêtre and Glachant, 2014).
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different countries in such cases, the count has been split.10 To handle fractionalization of the

variable in the count data setting, the patents were rounded off to the nearest integer

number.11

Patents have an internationally standardized format, which is of great advantage when 

comparing and using them in econometric analyses (Rübbelke and Weiss, 2011).12 Moreover, 

it is by no means easy to get a patent application approved: fundamentally, the inventor has to 

disclose to the public something that is ‘novel’, ‘useful’, and ‘non-obvious’, and that has an 

inventive step. If the patent application does not meet these criteria, a patent cannot be

awarded (Griliches 1987; Hall and Ziedonis, 2001).

Popp (2002) and Johnstone et al. (2010), among others,13 have used patent counts to 

investigate different aspects of policies that drive innovation. Popp (2002), for example, uses 

United States’ patent data from 1970 to 1994 to estimate the effect of energy prices on 

innovations that improve energy efficiency. Johnstone et al. (2010) focus on the renewable 

energy case, studying the effects of environmental policies on technological innovation 

between 1978 and 2003 by using patent data from 25 different countries.

Nonetheless, there are econometric and conceptual criticisms against the use of patent data as 

a measure of invention output. The main arguments are that not all new inventions are 

patented and patents differ greatly in their economic impacts (Pakes and Griliches, 1980,

378). Moreover, some patents granted have no economic value or become economically

worthless within a relatively short period (Pakes, 1985; Schankerman and Pakes, 1987). 

Indeed, the top 10% of patents have been estimated to capture between 48% and 93% of total 

monetary returns (Scherer and Harhoff, 2000). 

Furthermore, the researcher needs to choose whether to use only granted patents or whether to 

include all patent applications. The current study uses data from the EPO where only around 

half of all patent applications are finally granted: many are rejected because they lack novelty 

10 For example, a patent jointly registered by two inventors – one Danish and one German – was counted as 0.5 
patents for each of the countries concerned in the retrieved data.
11 Rounding up all patents to the nearest whole number was also tested. Rounded off to the nearest integer 
number only inflated the count by 0.4%. 
12 Patents grant a company, institution or individual a monopoly for a limited period, which enables them to 
make monopoly profits. Patents are also applied strategically in order to prevent rivals from using a new 
technology or applying for a patent for such technology themselves. In addition, a patent is a negotiable 
instrument, i.e. it can be sold or offered by way of licensed use to others (Cohen et al., 2000).
13 See also Nicolli et al. (2012) that investigated the extent to which environmental policies have affected 
patenting activity.
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or are unable to meet other set requirements (Battistelli, 2011). There is, of course, a pro et 

contra decision to be made: since this paper concerns invention outcomes, granted patents 

data will be used. Data on applications can be an alternative when one studies newer time 

periods and data are not yet available for granted patents (which tend to be reported with a 

substantial time lag). To enable more accurate comparisons within the data set, the study used 

patents granted by the EPO rather than those granted by the respective countries’ own patent 

offices because the latter all vary in their patenting rules (Eaton and Kortum, 1999; Fischer, 

2013).

It is probable that not all innovations in the wind power industry are patented. However, the 

end products, like windmill installations, are indeed quasi-public goods, thus suggesting that 

there is some accessibility to production information that enables the reverse-engineering of 

parts. Another reason for why patents are not applied for may be that small firms find the 

application process difficult; as a result, they may not bother submitting an application

(Adams, 2005). Instead, firms will employ various types of secrecy to veil their production 

methods (Cohen et al., 2000; Trajtenberg, 2001). Nonetheless, even with all their potential

flaws, patenting records remain a good – possibly even the best – available quantitative source 

for assessing technological changes and innovation. As Griliches (1998, 336) puts it, ‘nothing 

else comes close in quantity of available data, accessibility and the potential industrial 

organizational and technological details’.

4.2 The Independent Variables

The R&D variable represents aggregate government expenditure on wind energy R&D in 

million USD (2012 prices). The data derive from the International Energy Agency. The R&D 

expenditures are aggregate in the sense that they do not distinguish between, for example, 

onshore and offshore wind power. R&D data from the private sector would have been both 

important and interesting to include, but a comprehensive form of such data were not 

available. The amount of public R&D funding spent on wind power has commonly been used 

to explain different aspects of technological change in the wind power industry (e.g., Ibenholt,

2002; Klaassen et al., 2005).

There are of course other policy schemes that have been implemented in the selected 

countries and research has been done on their outcomes. The introduction of policy support 

and new environmental regulations has been revealed to be an R&D stimulus since policy can 

affect market conditions by giving rise to new profit opportunities (e.g., Ibenholt, 2002; 

Klaassen et al., 2005; Sterner and Turnheim, 2009; Fischer, 2009; Arent et al., 2011; Triguero
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et al., 2013). When it comes to cross-border effects of renewable energy policy, Criscuolo et 

al. (2014) assess the role of feed-in tariffs (FITs) and renewable energy certificates (RECs) in 

creating incentives for cross-border investments in the solar and wind power sector, and 

conclude that FITs and RECs both encouraged such investments14. Public R&D spent on 

R&D within the wind power field was used as an overall variable for a government’s 

willingness to support the development of wind power.

The variable Research personnel (RESnt) is intended to capture the human capital input in the 

knowledge production function and serve as a control for the National System of Innovation.

This input is approximated using data on the number of researchers per 1,000 employees in 

the domestic labor force. Human capital is considered an important input factor for economic 

growth (Romer, 1990). Through investments in human capital, individuals acquire knowledge 

and skills that can be transferred to certain goods and services with commercial value. The 

Research personnel data were retrieved from the Main Science Technology Indicators 

published by the OECD (2008).

The sources of spillovers – the object of this study – were obtained by constructing four 

different Knowledge stocks, i.e., one national (Knt) and one international knowledge stock 

(IKnt) for the wind power sector and two corresponding stocks for the related industries (RKnt)

and (IRKnt) .Other research (e.g., Klaassen et al., 2005; Krammer, 2009; Söderholm and 

Klaassen, 2007) has found that the public R&D-based knowledge stock in a country has been

a major determinant of domestic innovation in, for instance, wind power. Our approach is 

instead based on the number of wind power patents accumulated over time; this implies that 

we also cover output from private R&D efforts in the wind power sector. 

The national patent-based knowledge stock was constructed using the so-called perpetual 

inventory method commonly employed for related purposes (e.g., Ek and Söderholm, 2010).

Specifically, this knowledge stock is constructed as follows:= (1 ) ( ) + ( ) (4)

where is the knowledge stock in country n during time period t. Moreover, is the annual 

depreciation rate of the knowledge stock , PCnt represents the count of patents 

14 This paper tests for the significance of such policies (e.g., The European Union Emissions Trading System, 
FITs and TRIPS (agreement on Trade-Related Aspects of Intellectual Property Rights 1994)) were controlled for 
through the use of dummies (the results are displayed in Appendix table F1and F2) The EU ETS variable were 
statistically significant in most settings but unexpectedly negative, TRIPS were statistically positive which was 
expected,. FITs were not statistically significant in any setting.
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granted annually, and x is the number of years (lag) it takes before new patents add to the 

knowledge stock (Hall and Scobie, 2006). The time lag is assumed to be three years.

Following the approach adopted in other studies (e.g., Griliches 1998; Corradini et al., 2014), 

this study used a depreciation rate of 15% on the knowledge stocks.15 Park and Park (2006) 

calculated the technological knowledge stock depreciation rate for 23 different industries and 

found that it was in the realm of 11.9–17.9%.

Each country´s initial national knowledge stock (K0) is calculated as:= , (5)

where is the number of wind power patent counts in the first year available (1977), and g

is the average geometric growth rate of granted wind power patents for the first ten years in 

the respective country. The motivation for calculating an initial stock is that we in some cases 

can assume that there were wind power patent activity in the country prior to the starting year 

and hence this is a way to account for that activity.16

The remaining knowledge stocks have been calculated in a corresponding way. The 

international wind power knowledge stock available for country n is based on the 

accumulated granted wind power patent counts for all countries in the sample minus country 

n´s own patents. This variable is used to test if the accumulation of patents in other countries

has positive or negative effects on a country’s level of wind power patent production.

The construction of the national and international stocks related industry stocks mirrors the 

stocks calculated for the wind power sector. In order to construct the patent-based stocks in 

the related industries, e.g., machines or engines characterized by non-bladed rotors, water 

wheels, devices for producing mechanical power from geothermal energy, all patents 

belonging to the class “energy machinery” (F03 in Table 2) are summed, however excluding

those belonging directly to wind energy (“F03D”). There are other classes in which patents 

relating to wind power are involved, such as those concerning the construction of wind 

towers. However, these are hard to distinguish from similar applications in other fields, so this 

study only addressed the main fields where the majority of wind power patents were filed.

15 Tests were performed using 5 and 10 percent depreciation rates. These tests show that the results remained 
robust (see Appendix E, tables E1-4).
16 For some countries, the application of the average geometric growth rate did not matter as they had minimal 
(0) patent activity observed in the initial years and, indeed, for some years after that. 
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Several previous studies have shown that knowledge spillovers particularly occur between 

regions that are situated close to each other (e.g., Fischer et al., 2009), and there may thus be a

diminishing probability of patent spillovers as distance increases. For example, Maruseth and 

Verspagen (2002) found that distance makes patents belonging to research laboratories in 

Paris cite patents belonging to laboratories in Milan (414 miles away) less than half as often 

as they cited patents of equal standard in Brussels (165 miles away). Still, since the rate at 

which information flows freely has increased in comparison with previous decades, this has 

diminished the negative distance effect (Fischer et al., 2006; Johnson and Lybecker, 2012). To 

test for the presence of country border effects in the wind power case, distance weighting was

applied to the two international knowledge stocks (wind power (DIKnt) and related industries  

(DIRKnt), respectively). 

As suggested by Bode (2004) as well as by Costantini et al. (2013, 2014), the diminishing 

distance effect can be modeled in terms of inverse distance where the intensity of cross-

country knowledge spillovers is assumed to be subject to spatial transaction costs. The 

influence of another region decreases with distance, and to capture this effect a gravity 

approach was applied. The patent knowledge stocks are weighted as the inverse exponential 

relationship between countries. We have:=  ( )  =  , (6)

Where D1 is the distance weight, Ksr is the stock that is weighted and Wrs is the assigned 

weight. In equation (6), the shorter the distance between two countries, s and r ( ) the 

greater the weighting assigned to s with respect to its influence on r. Therefore, the weighting

assigned to each country s,r is proportional to the inverse distance between r and s (Costantini

et al., 2013). The distances between the various countries are determined, in line with Wolf 

(2000), by the location of the capital cities in the countries and the distance between them in

kilometers as the crow flies.

Table 3 provides definitions and descriptive statistics for the variables that are used in the 

empirical investigation.
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Table 3: Data definitions and descriptives

Variable Description Mean Standard 
deviation Minimum Maximum

Patents granted
Number (counts) of granted wind 
power patents over the time period 
1978-2008.

1.90 4.53 0.00 31

R&D

Public expenditures on wind power 
R&D in million USD (2012 prices 
and assuming purchasing power 
parity).

10.10 10.30 0.00 61.55

Research 
personnel

Number of researchers per 1,000 
employees in the labor force in the 
country.

4.69 1.82 1.04 12.20

National wind 
stock

Knowledge stock based on patents 
granted to domestic inventors in the 
field of wind power technology.

8.13 17.95 0.00 111.81

International 
wind stock

Knowledge stock based on patents 
granted to foreign inventors in the 
field of wind power technology.

59.22 59.09 4.46 222.72

National related 
industries stock

Knowledge stock based on patents 
granted to domestic inventors in 
industries related to wind power.

521.01 886.95 0.00 4572.03

International 
related 
industries stock

Knowledge stock based on patents 
granted to foreign inventors in 
industries related to wind power.

3585.73 2091.2 0.00 7333.09

Distance-
weighted 
international 
stock

International wind power knowledge 
stock weighted via the inverse 
distance method.

0.57 0.63 0.02 3.03

Distance-
weighted related 
industries stock

International related industries 
knowledge stock weighted via the 
inverse distance method.

48.00 34.86 5.79 160.38

5. Results

Table 4 presents the empirical results from model specifications I-V, i.e., the models 

addressing the presence of knowledge spillovers in the wind power sector. The two main 

coefficients of interest in Table 4 are those relating to the national wind stock and the 

international wind stock, respectively.

Models I to IV indicate that the variable R&D – the amount governments spend on wind

power R&D –produced no statistically significant results. In contrast, all model results show 

that the coefficient representing the human capital variable, research personnel, was positive 

and statistically significant. The variable national wind stock also has a statistically significant 

coefficient in all of the models in which this is included. This suggests that previous research 



20

results in the country matter when it comes to the domestic capacity for realizing future 

inventions. In other words, the inventive capacity in a country goes up as more knowledge is 

accumulated. 

Table 4: Parameter estimates for models I-V

Variable Model I Model II Model III Model IV Model V

R&D
0.007 -0.004 0.08 0.002 0.0173**
(1.05) (-0.44) (1.08) (0.31) (2.51)

Research personnel
0.382*** 0.494*** 0.277*** 0.392*** 0.345***

(6.23) (6.18) (3.55) (6.03) (5.83)

National wind stock
0.019*** 0.019*** 0.018***

(5.64) (5.26) (5.15)

International wind 
stock

0.059* 0.003**
(1.89) (2.00)

Distance-weighted 
international wind 
stock

0.553*** -0.0438

(4.42) (-0.25)

Ln delta -1.707 -0.980 -1.543 -1.430 -2.064
Observations 211 211 211 211 211
Log-likelihood -281.75 -295.36 -283.74 -289.93 -280.80
Prob>=chibar2 0.000 0.000 0.000 0.000 0.146

Notes: z-values are based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively.

The coefficients representing the international wind stock in Models II and III are both

positive and statistically significant, thus indicating that the accumulated knowledge in other 

countries affects positively the propensity for patenting in a specific country. Hence, 

knowledge tends to spill over country borders in the wind power industry. In models IV and 

V, the inverse distance is applied to the international knowledge stocks. This procedure 

produced positive and statistically significant results, but only in the first of these two models.

Table 5 displays the results from models VI-X, i.e., addressing the knowledge spillovers 

emanating from related industries. The set-up mirrors that of the wind-based patent stocks, but 

instead we now focus on how the accumulation of patents in these related industries has 

affected the patenting outcomes in the wind power sector. 

As in models I-V, the R&D coefficients remain positive in all models except for model VII, 

but are overall statistically insignificant. The results for research personnel are consistent 

with those of the previous models, and the relevant coefficients were positive and statistically 

significant in all models. In models V and VI, the variables national related industries stock

and international related industries stock are both found to have positive and statistically 
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significant effects on wind power patent production. Moreover, the models testing the impacts 

of the distance-weighted international related stock indicated that also this variable was 

positively correlated with domestic wind power production. 

Table 5: Parameter estimates for models VI-X

Variable Model VI Model VII Model VIII Model IX Model X

R&D
0.006 -0.003 0.009 -0.004 0.017**
(0.74) (-0.41) (1.03) (-0.49) (2.59)

Research personnel
0.461*** 0.443*** 0.308*** 0.413*** 0.158*

(10.07) (5.13) (3.60) (3.51) (2.21)

National related stock
0.006*** 0.0006*** 0.0006***

(7.07) (7.06) (8.22)

International related 
industries stock

0.0001** 0.0001**
(2.24) (2.36)

Distance-weighted 
international related 
industries stock

0.041** 0.019***

(2.05) (3.55)

Ln delta -1.986 -1.011 -1.940 -0.961 -0.946
Observations 211 211 211 211 211
Log-likelihood -280.11 -294.71 -277.54 -295.01 -288.67
Prob>=chibar2 0.000 0.000 0.000 0.000 0.001

Notes: z-values based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 10%, 
5% and 1% levels, respectively.

In Appendix E, robustness tests with regard to the depreciation rate of the knowledge stocks 

are presented where a depreciation rate of 5 and 10 percent was tested. The results were in 

line with table 4-5. Some policies that could be expected to affect general patent propensity 

was also tested and reported in Appendix F. In order to address the potential endogeneity of 

the independent variables, a system GMM panel estimator for count variables was also tested

(the results are presented in Appendix G, and we find some differences compared to the 

results presented in Tables 4 and 5). First, the coefficient for the research personnel variable is 

positive, but not with as high statistical significance as above. Moreover, the results based on 

the system GMM confirm the statistical significance of the international stock variable, thus 

also confirming the presence of international knowledge spillovers in the wind power sector. 

However, this result conclusion is not supported by the data when we consider the distance-

weighted knowledge stock. 
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6. Discussion

As Tables 4 and 5 show, a country’s wind power invention ability is highly dependent on its 

research infrastructure. Starting with the two control variables, R&D and research personnel, 

the results were both expected and unexpected. The insignificant results concerning the effect 

of government spending on wind power R&D were unexpected. However, following Ek and 

Söderholm (2010), public R&D spending is allocated to long-run research with higher risk. 

Their analysis showed that public R&D expenses declined as investment costs for wind power 

decreased. The investment costs declined during the same as time the number of wind power 

patents increased rapidly. Hence, it is likely that public funds are targeted at technologies 

which are far from being commercial and then later subside when matures to a level where 

many patents ready for filing .The coefficients for the research personnel variable were 

statistically significant and positive. This human capital outcome is no major surprise: the 

regression results indicate that a well-educated workforce is important for a country’s 

innovative capacity. The results are in line with Romers’ (1990) conclusion regarding its

importance, i.e. that a high amount of human capital in the labor force is an important input 

for knowledge production. 

When it comes to the national knowledge stock of wind power patents, the results reveal a 

statistically significant positive effect on wind power patenting outcomes. The results suggest 

that a country’s knowledge stock has a positive impact on its future production of patents. The 

results for the international knowledge stock coefficients confirm that there are knowledge 

spillovers between the countries. Thus, the development of inventions in, for instance, France 

could be said to benefit from strong patent development in Germany. Hence, policymakers are 

motivated to promote national inventive capabilities, since there can be pure knowledge 

spillovers of the type suggested by Griliches (1979, 1992), where the receiver does not pay 

anything for such goods. International knowledge spillovers may have policy implications for 

the countries concerned as well as for the EU as a whole. For example, countries can promote 

the ability to generate value from such knowledge spillovers which is typically a function of 

the country’s previous experience in relevant R&D (Cohen and Levinthal, 1989). Following, 

for instance, Garrone and Grilli (2010) entire countries can also be free riders and benefit 

from foreign R&D or technology deployment schemes The existence of spillovers may, as in 

previously mentioned literature (e.g., Fischer, 2008; Jaffe et al., 2005; Popp, 2005; Mansfield 

et al., 1977), be a source of underinvestment in wind power technology.
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The spillover result in the current study deviates from that obtained by Braun et al. (2010); 

these authors concluded that international spillovers did not seem to have an effect on 

inventions in wind power. Their conclusion is more in line with that of Jaffe et al. (1993) who 

found that, although spillovers existed on an international level, they primarily occurred 

within a country’s borders rather than beyond them. One possible explanation for the weak 

international knowledge spillover found in such studies could be that several of the countries 

in question lacked absorptive capacity, i.e., the ability to absorb knowledge from abroad 

(Cohen and Levinthal, 1989). The fact that knowledge spillovers do, on the macro level, help 

other countries and the technology in question in particular is not only a positive thing cross-

country innovation spillovers could serve as a disincentive for national policy makers to 

engage in domestic market creation and could drive them to adopt a free-riding approach 

instead (Peters et al., 2012). If some countries perceive that other countries are free-riding on 

their development efforts, and that they therefore are carrying a disproportional part of these 

efforts, the overall energy and climate policy targets will be more difficult and costly to 

achieve (Corradini et al. 2015). As discussed in section two; a possible interpretation from the 

lack of significance for public R&D, that did not affect patent propensity, is that countries 

may still invest but with the purpose to maintain an absorptive capacity.

The importance of knowledge flows between industries is also reveled in the results where 

there were positive spillovers from the related industries to the wind power sector. An 

implication is that if developers of wind power technology are learning from other closely 

related sectors in the economy, it could reduce invention costs. The result suggested that 

knowledge spillovers are subject to geographic distance transaction costs, the lower the 

distance the higher the intensity for spillovers between two countries. The geographic 

spillover’s variable, hence confirming that localization affect knowledge flows. These results 

are in line with other studies, where geographic distance has sometimes been found to be an 

important factor when it comes to potential knowledge spillovers (Bottazzi and Peri, 2003; 

McCalman, 2001). However, it should also be noted, though, that in the system GMM 

estimations the distance-weighted knowledge stock were not found to have any statistically 

significant effect on wind power patenting outcomes. 

An interesting question for the future is: could information technology assist in removing the 

border barriers and allow for greater geographically-reliant spillovers? It may be the case that 

research conducted in Denmark has had more effect on Sweden than on Spain in the past.

Close geographic proximity not only facilitates travel, it also increases the possibility that you 
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and your neighbor may share a language. The distance effect may however have diminished 

today, with easier travel and information technology. Nonetheless, considering the relatively 

long time span of the study period, it makes sense that knowledge spillovers would be 

stronger across immediate borders, and that such transfers would be less likely for countries 

that are more distant.

Finally, the results show that knowledge development in the related industries has had a

positive effect on patenting activity: when the number of related industry patents increases, so 

does the expected number of granted wind power patents. Although applying for R&D grants 

for various types of energy machinery is known to be highly competitive, especially in the 

environmental field, it is possible that countries that have extensive research activity in a very 

specific field might create a beneficial environment for others to research it as well. Hence, 

having a generally well-developed domestic energy technology sector would help absorb 

knowledge flows both from national and international sources. This reasoning follows that of

Aldieri and Cincera (2009) and Mancusi (2008), who point to the destination country’s 

absorptive capacity as being its ability to understand and exploit external knowledge.

7. Concluding Remarks and Directions for Future Research

The purpose of this paper was to provide an analysis of international knowledge spillovers in 

the wind power sector and from related industries. The hypothesis tested is that the 

development of wind power technology in one European country – measured through patent 

counts – depends not only on the level of such development in its neighboring countries, but 

also on the knowledge development taking place in related industries in other countries. This

hypothesis was tested using a data set covering the eight major wind power nations in western

Europe during the period 1978–2008.

The empirical findings suggest that wind power knowledge development spills over to other 

countries. These findings are positive for the development of wind energy in Europe because 

spillovers can help to achieve the goal of increasing the share of renewable energy in the 

energy supply mix. The findings also show that the domestic accumulation of patents is 

important for the potential development of new ones. Indeed, early investment in specific 

technology can be an indicator of future leadership in that field.

Another interesting finding was that public R&D funding appeared to have had no effect on 

the invention process in respect of the countries in the data set. This is not to say that public 
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R&D support for wind power technology should be reduced: rather, it is a reminder that 

technological development occurs in many steps, and that public R&D spending might help to 

create long-term incentives for innovation and/or diffusion of new technology. Investments in 

public R&D to wind power may also be necessary for gaining absorptive capacity, and thus 

for being able to benefit from the knowledge development activities taking place in other 

countries. 

Regarding the question of whether there are international spillovers among the eight countries 

studied, this paper offers the answer that there are indeed statistically significant signs of such 

effects. This is confirmed also when using the system GMM approach. Interestingly, the 

results showed that two outliers – Denmark and Germany – are leaders in the field of wind 

power technology; they are so far ahead in their efforts that the other countries studied may be 

free-riding on them. The free-riding approach might not be a problem if the value of turbine 

sales and patent-use revenues is high enough. If, however, it can be shown that incentives 

exist that encourage free-riding, then public policy should investigate how to discourage such 

behavior because it could affect the speed at which energy production in western Europe 

favors a greener production mix than that which prevails today.

Nonetheless, the results concerning the presence of international knowledge spillovers should 

not be taken to mean that spillovers are prevalent between all neighboring countries in the 

field of wind power and related industries: to determine this would require a more thorough 

method of investigation (e.g., addressing the exact channels through which such spillovers 

occur). For example, firm data could be used to look at domestic knowledge spillovers. 

Another alternative would be to investigate a data set with smaller regions.
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Appendix A

Table A1: Descriptives of wind power patents (count) by country

Country Mean S.D Number

Denmark 3.290323 27.47957 31
France .9032258 1.023656 31
Germany 7.967742 87.29892 31
Italy .4516129 .655914 31
Netherlands .6774194 .5591398 31
Spain .5483871 .855914 31
Sweden .5483871 .455914 31
United Kingdom .8709677 1.182796 31
Total 1.907258 20.54602 248
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Appendix B

Table B1: Related wind technology

Field IPC Classes Except for wind technology IPC 
Class

Energy machinery B23F, F01B, F01C, F01D, F03B, F03C, F03D, 
F03G, F04B, F04C, F04D, F15B, F16C, F16D, 
F16F, F16H, F16K, F16M, F23R

F03D
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Appendix C

Table C1: Country intercept estimates for models 1-V

Country Model VI Model VII Model VIII Model IX Model X
Denmark -0.818*** -1.239*** -0.911 *** -1.405*** -1.386***
France -0.248 -0.308 -0.622 -0.655* -0.476
Germany 0.375 1.351*** 0.442* 0.767*** 0.230
Italy -0.686*** -0.899*** -0.798** -1.118*** -0.491
Netherlands -1.781*** -2.297*** -1.370*** -1.783*** -0.576
Spain -0.508* -0.643** -0.768** -1.147*** -0.722**
Sweden -0.169 -0.394 -0.472 0.501 -0.320
United Kingdom -0.258 -0.268 -0.679 -0.358 -0.723**

Note: *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively)

Table C2: Country intercept estimates for models VI-X

Country Model VI Model VII Model VIII Model IX Model X
Denmark -1.695*** -0.426 -1.601*** -1.037*** -1.429***
France -0.487 -0.400 -0.905** -0.340 -0.377
Germany -0.876** 2.42*** -0.344 1.810*** 0.530
Italy -1.238 -0.186 -1.219*** -0.734** -0134
Netherlands -1.884*** -3.06*** -1.940*** -2.736*** -0.964***
Spain -0.759*** -0.391 -0.989*** 0.593** 0.292**
Sweden -0.351*** 0.636 -0.748** 0.480 0.680*
United Kingdom -0.535 0.590 -0.937** -0.224 -0.464

Note: *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively)
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Appendix D

Table D1: Correlation matrix

Grant
Patent

Popu GDP R&D
Research 
pers

National 
wind 
stock

Intern 
wind 
stock

National 
related 
stock

Intern 
related 
stock

Grant Pat 1.000

Population 0.245 1.000

GDP 0.389 -0.099 1.000

R&D 0.252 0.281 0.053 1.000

Research 
personnel

0.471 0.248 0.660 0.139 1.000

National wind 
stock

0.8979 0.282 0.400 0.261 0.461 1.000

International 
wind stock

0.129 -0.032 0.749 -0.13 0.482 0.139 1.000

National 
related stock

0.722 0.614 0.286 0.318 0.369 0.809 -0.002 1.000

International 
related stock

0.040 -0.209 0.775 -0.23 0.489 0.018 0.850 -0.161 1.000
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Appendix E

Table E1: Parameter estimates for models I-V with a 10% depreciation rate to the wind 
power knowledge stocks

Variable Model I Model II Model III Model IV Model V

R&D
0.016** -0.014 0.016 0.002 0.017

(1.05) (-0.21) (2.47) (0.31) (0.41)

Research personnel
0.359*** 0.494*** 0.325*** 0.392*** 0.315***

(6.73) (5.16) (4.36) (6.03) (4.21)

National wind stock
0.013***  0.013*** 0.012***

(7.17)  (6.85) (5.09)

International wind stock
 0.003* 0.001
 (1.76) (0.62)

Distance-weighted 
international wind stock

0.553*** -0.465
(4.42) (-0.35)

Ln delta -0.707 -0.017 -0.795 -1.430 -2.004
Observations 211 211 211 211 211
Log-likelihood -292.39 -314.26 -292.18 -289.93 -282.70
Prob>=chibar2 0.000 0.000 0.000 0.000 0.136

Notes: z-values are based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively.

Table E2: Parameter estimates for models I-V with a 5% depreciation rate to the wind power 
knowledge stocks

Variable Model I Model II Model III Model IV Model V

R&D
0.015** -0.014 0.015** 0.0012 0.018**

(2.32) (-0.219) (2.36) (0.861) (2.61)

Research personnel
0.377*** 0.14** 0.214** 0.445*** 0.258**

(7.01) (2.10) (2.35) (3.58) (2.91)

National wind stock 0.009***  0.03 0.009***
(6.71)  (1.27) (6.21)

International wind stock  0.005*** 0.003**
 (7.09) (2.19)

Distance-weighted 
international wind stock

0.0039*** 0.039***
(4.42) (3.65)

Ln delta -0.636 -0.840 -0.794 0.059 -0.776

Observations 211 211 211 211 211

Log-likelihood -295.50 -294.02 -293.20 -315.18 -298.76

Prob>=chibar2 0.000 0.000 0.000 0.000 0.002

Notes: z-values are based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively.
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Table E3: Parameter estimates for models VI-X with a 10% depreciation rate to the related 
industries knowledge stocks

Variable Model VI Model VII Model VIII Model IX Model X

R&D
0.016** -0.001 0.01** -0.014 0.014**

(2.51) (-0.26) (2.58) (2.31) (2.51)

Research personnel
0.433*** 0.391*** 0.297*** 0.210*** 0.301***

(9.60) (3.94) (3.44) (3.38) (3.21)

National related stock
0.0004*** 0.0001*** 0.0008***

(7.58) (7.42) (7.22)

International related 
industries stock

0.0001** 0.0001*
(2.04) (1.82)

Distance-weighted 
international related 
industries stock

0.003*** 0.028***

(7.73) (6.67)

Ln delta -1.222 -0.112 -1.508 -1.624 -1.025
Observations 211 211 211 211 211
Log-likelihood -288.11 -313.68 -286.46 -289.96 -288.74
Prob>=chibar2 0.008 0.000 0.037 0.052 0.001

Notes: z-values are based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively.

Table E4: Parameter estimates for models VI-X with a 5% depreciation rate to the related 
industries knowledge stocks

Variable Model VI Model VII Model VIII Model IX Model X

R&D
0.015** -0.001 0.01** 0.013** 0.01**

(2.46) (-0.25) (2.60) (2.21) (2.41)

Research personnel
0.436*** 0.402*** 0.283*** 0.209*** 0.278***

(9.53) (4.19) (3.34) (3.29) (4.27)

National related stock
0.0002*** 0.0002*** 0.001***

(7.58) (7.33) (6.77)

International related industries 
stock

0.00009** 0.0009**
(2.09) (2.11)

Distance-weighted international 
related industries stock

0.002*** 0.031***
(7.46) (5.02)

Ln delta -1.081 -0.069 -1.365 -1.698 -1.214
Observations 211 211 211 211 211
Log-likelihood -290.16 -313.74 -287.97 -291.78 -278.71
Prob>=chibar2 0.004 0.000 0.022 0.02 0.08

Notes: z-values are based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively.
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Appendix F

Table F1: Parameter estimates for models VII-VIII, with dummy variables for the EU ETS 
and TRIPS (Agreement on Trade-Related Aspects of Intellectual Property Rights 1994) 
added.

Variable Model Ia Model IIa Model IIIa Model IVa Model Va
R&D 0.0155** 0.000598 0.0157** 0.013 0.014**

(0.00679) (0.00696) (0.00663) (1.98) (0.006)
Research personnel 0.425*** 0.473*** 0.310*** 0.265*** 0.236***

(0.0584) (0.0794) (0.0692) (3.72) (0.062)
National stock 0.0203*** 0.0196*** 0.016*** 0.013***

(0.00237) (0.00233) (5.31) (0.003)
International stock

0.00595*** 0.00538***

(0.00221) (0.00193)
Distance weighted 
international wind stock 0.0764** -0.0145

(0.01) (0.0160)
EU ETS -0.556*** -0.346 -0.690*** -0.499*** -0.450***

(0.150) (0.201) (0.149) (-3.32) (0.141)
TRIPS agreement 0.00009** 0.0009** 0.0238** 0.927** 0.665***

(2.09) (2.11) (2.13)) (2.81) (0.235)

Ln delta -0.069 -1.365 -1.698 -4.82 -2.169
Observations 211 211 211 -211 211
Log-likelihood -313.74 -287.97 -291.78 269.39 -294.65
Prob>=chibar2 0.000 0.022 0.02 0.02 0.112

Notes: z-values are based on bootstrapped standard errors; *, ** and *** indicate statistical significance at the 
10%, 5% and 1% levels, respectively.
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Table F2: Parameter estimates for models VII-VIII, with dummy variables for the EU ETS 
and TRIPS (Agreement on Trade-Related Aspects of Intellectual Property Rights 1994) 
added.

Variable Model VIa Model VIIa Model VIIab Model IXa Model Xa

R&D 0.00653 -0.00704 0.0128** -0.00573 0.014**
(0.00695) (0.00698) (0.00654) (0.00695) (0.006)

Research personnel 0.255*** 0.425*** 0.349*** 0.394*** 0.236***
(0.0689) (0.0774) (0.0757) (0.0817) (0.062)

Related wind stock 0.000*** 0.0004*** 0.0003***
(0.000) (0.000) (0.0001)

International related wind 
stock

-0.000 -0.000
(0.001) (0.000)

Distance weighted 
International related wind 
stock

0.006 0.000

(0.000) (0.000)
EU ETS -0.0769 -0.117 -0.101 -0.116 -0.450**

(0.146) (0.156) (0.148) (0.155) (0.14)
TRIPS agreement 0.514** 1.533*** 1.012*** 1.379*** 0.665***

(0.233) (0.257) (0.240) (0.262) (0.235)

Ln delta -2.16 -1.697 -1.002 -1.469 -2.169
Observations 211 211 211 -211 211
Log-likelihood -294.74 -299.28 -318.68 -307.39 -294.65
Prob>=chibar2 0.112 0.043 0.001 0.007 0.112
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Appendix G

Table G1: Parameter estimates for model I with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.445 5.42*** 0.000
R&D 0.04 1.53 0.128
Research personnel 0.263 2.38** 0.018
National wind stock 0.170 3.16*** 0.002

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 9.88
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = 4.03
Pr > z = 0.008

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.35
Pr > z = 0.176

Hansen J-test of overidentifying restrictions (Sargan)
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 204.52
Prob > chi2 =  0.379

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (81) = 185.35
Prob > chi2 = 0.397

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (3) = 19.17
Prob > chi2 = 0.381

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (55) = 204.21
Prob > chi2 = 204.21

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (29) = 0.31
Prob > chi2 = 0.989
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Table G2: Parameter estimates for model II with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.412 5.40*** 0.000
R&D 0.055 1.90* 0.059
Research personal 0.262 2.44** 0.015
International wind 
stock

0.801 4.19*** 0.000

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 10.73
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = -11.58
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.14
Pr > z = 0.256

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 209.84
Prob > chi2 = 0.285

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 192.59
Prob > chi2 = 0.264

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 17.24
Prob > chi2 = 0.506

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 209.33
Prob > chi2 = 0.229

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.51
Prob > chi2 = 0.973
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Table G3 Parameter estimates for model III with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.384 4.67*** 0.000
R&D 0.051 1.75* 0.059
Research personal 0.264 2.47** 0.015
Wind stock 0.06 0.93 0.356
International wind 
stock

0.667 2.79*** 0.006

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 10.53
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = 13.81
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.13
Pr > z = 0.26

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 211.50
Prob > chi2 = 0.243

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 194.32
Prob > chi2 = 0.211

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 17.18
Prob > chi2 = 0.511

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 211.00
Prob > chi2 = 0.191

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.50
Prob > chi2 = 0.974
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Table G4: Parameter estimates for model IV with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.626 10.06*** 0.000
R&D 0.06 1.84* 0.067
Research personal 0.271 1.80* 0.074
Distance weighted 
International wind 
stock

-0.021 -0.17 0.862

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 206) = 9.09
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = .
Pr > z = .

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.63
Pr > z = 0.104

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 191.20
Prob > chi2 = 0.842

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (183) = 163.87
Prob > chi2 = 0.815

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 27.33
Prob > chi2 = 0.073

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 190.95
Prob > chi2 = 0.608

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.25
Prob > chi2 = 0.993
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Table G5: Parameter estimates for model V with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.626 10.01*** 0.000
R&D 0.06 1.83* 0.059
Research personal 0.271 1.79* 0.075
Wind stock 0.06 0.93 0.356
Distance weighted 
International wind 
stock

-0.021 -0.17 0.862

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 16.93
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = .
Pr > z = .

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.13
Pr > z = 0.26

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 191.20
Prob > chi2 = 0.642

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 163.87
Prob > chi2 = 0.815

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 27.33
Prob > chi2 = 0.073

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 190.95
Prob > chi2 = 0.569

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.25
Prob > chi2 = 0.993



45

Table G6: Parameter estimates for model VI with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.573 8.89 *** 0.000
R&D 0.067 2.07 ** 0.058
Research personal 0.236 2.06 ** 0.041
National related stock 0.058 2.37** 0.019

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 9.17
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = -75.47
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.53
Pr > z = 0.126

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)  = 196.74
Prob > chi2 = 0.532

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 165.96
Prob > chi2 = 0.782

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 30.78
Prob > chi2 = 0.031

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 196.50
Prob > chi2 = 0.456

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.24
Prob > chi2 = 0.994
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Table G7: Parameter estimates for model VII with a 15% depreciation rate to the wind power 
knowledge stock.

The dependent variable is logarithm of wind energy patents 
Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.430 6.26*** 0.000
R&D 0.059 2.07** 0.040
Research personal -0.150 -1.40 0164
International related 
stock

0.916 4.88*** 0.000

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 11.25
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = -9.34
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.23
Pr > z = 0.219

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 209.91
Prob > chi2 = 0.284

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 185.20
Prob > chi2 = 0.400

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 24.72
Prob > chi2 = 0.133

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 209.73
Prob > chi2 = 0.223

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.18
Prob > chi2 = 0.996
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Table G8: Parameter estimates for model VIII with a 15% depreciation rate to the wind power 
knowledge stock.

The dependent variable is logarithm of wind energy patents 
Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.421 6.08*** 0.000
R&D 0.056 1,95* 0.040
Research personal 0.138 1.28 0.201
National related stock -0.036 -1.15 0.253
International related 
stock

-1.122 -4.32*** 0.000

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 11.03
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = -8.77
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.20
Pr > z = 0.219

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 210.67
Prob > chi2 = 0.256

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 180.01
Prob > chi2 = 0.486

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 30.66
Prob > chi2 = 0.032

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (194) = 210.50
Prob > chi2 = 0.198

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.16 
Prob > chi2 = 0.997
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Table G9: Parameter estimates for model IX with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.603 9.45*** 0.000
R&D 0.06 1,95* 0.052
Research personal 0.297 2.47** 0.014
Distance-weighted 
international related 
stock

-0.126 -1.45 0.148

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 204) = 11.25
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = -19.28
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.53
Pr > z = 0.125

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(199)   = 193.53
Prob > chi2 = 0.596

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (181) = 168.72
Prob > chi2 = 0.734

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 24.81
Prob > chi2 = 0.130

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (195) = 193.27
Prob > chi2 = 0.522

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.27
Prob > chi2 = 0.992
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Table G10: Parameter estimates for model X with a 15% depreciation rate to the wind power 
knowledge stock.

Variables Coefficients T- Statistic P-Value
Lagged Patent count 0.558 8.54*** 0.000
R&D 0.06 2.13** 0.034
Research personal 0.268 2.28* 0.023
Related wind stock 0.053 2.15** 0.033
Distance weighted 
International related 
wind stock

-0.092 -1.07 0.287

Model diagnostics
Number of observations 240
Number of instruments 235
Number of groups (i.e. countries) 8
F- test of joint significance
Ho: Independent variables are jointly equal to zero

F (35, 206) = 966
Prob > F = 0.000

Arellano-Bond test for AR(1) in first differences
H0: There is no first-order serial correlation in residuals

z = -16.90
Pr > z = 0.000

Arellano-Bond test for AR(2) in first differences
Ho: There is no second-order serial correlation in residuals

z = 1.47
Pr > z = 0.140

Hansen J-test of overidentifying restrictions (Sargan).
H0: Model specification is correct and all overidentifying restrictions (all
overidentified instruments) are correct (exogenous)

chi2(200)   = 197.92
Prob > chi2 = 0.528

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
Hansen test excluding SGMM instruments (i.e. the differenced 
instruments)
H0: GMM differenced- instruments are exogenous

chi2 (182) = 132.37
Prob > chi2 = 0.849

Difference-in-Hansen tests of exogeneity of GMM instrument subsets:
H0: system-GMM instruments are exogenous and they increase Hansen J-
test

chi2 (18) = 35.33
Prob > chi2 = 0.008

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: GMM instruments without ”IV” instruments are exogenous

chi2 (196) = 197.65
Prob > chi2 = 0.453

Difference-in-Hansen tests of exogeneity of standard “IV” instrument 
subsets:
H0: Standard “IV” instruments are exogenous and they increase Hansen 
J-test

chi2 (4) = 0.27
Prob > chi2 = 0.992
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1. Introduction

From an economic perspective, convergence – from the Latin convergere, “to meet” or “to 

unite” – refers to a process where differences between entities featuring a varied initial level 

of development disappear over time. During the establishment and expansion of the European 

Union (EU), its various Member States differed from each other with respect to their 

economic development status. At the time, therefore, and well in line with neoclassical 

economic growth theory (Solow, 1956), politicians assumed that economic convergence 

would occur across Member States due to increased opportunities for the mobility of the 

factors of production.1 Whether such economic convergence has materialised, however, is 

now being doubted. Economic research has shown that major technological gaps continue to 

exist among EU Member States, and that this gap has arguably constrained the EU’s 

integration process (e.g., Pavitt, 1998; Lorenz and Lundvall, 2006; Dobrinsky and Havlik, 

2014).

In respect of successful EU integration, convergence in national inventive capabilities is a 

crucial component of successful European integration. Analysing a variety of countries’ long-

term national inventive capabilities2 can offer insights into economic change in general as 

well as into growth perspectives in particular, (Jungmittag, 2006). In addition, a converging 

development of national inventive capabilities can push long-run convergence of other 

important factors as well, such as per capita incomes and labour productivities. For example, 

Archibugi and Pianta (1994:19) argue that:

“... similar economic performances might result from different combinations in the countries’ 

production and use of technology. But the question is to what extent economic convergence can be 

achieved and sustained without convergence also in innovative activities. We could expect that 

after some point further progress in economic convergence needs to be sustained by a parallel 

convergence in countries’ ability to carry out research and produce innovations”.

Economic convergence, therefore, to some extent boils down to achieving convergence in 

terms of countries’ inventive ability and/or their ability to appropriate knowledge developed 

1 The idea of EU Member States converging stretches quite far back: specific economic convergence goals were 
included in the Treaty on the Functioning of the European Union originally signed in Rome in 1958. Indeed, the 
EU is founded on three main pillars, through which different forms of convergence play an essential role.
2 According to Stern et al. (2000), a country’s national innovation capability can be defined as its potential to 
produce a stream of commercially relevant innovations.
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elsewhere (e.g., Antonelli, 2008; Antonelli and Quatraro, 2010; Costantini and Crespi, 2008a, 

2008b; Dosi et al., 1988; Rennings, 2000; Fagerberg et al., 2005).

From a theoretical point of view, the neoclassical growth model predicts that per-capita 

income in a country will stagnate in the absence of technological progress. Consequently, in a

union of states whose members’ technologies vary, convergence of per-capita incomes will 

only occur in the long run if there is also a converging development of national inventive

capabilities. In the short run, there is room in the EU for low-skilled countries to specialise in 

their comparative advantages; over the longer term, however, such a strategy is risky because 

there are many other low-skilled countries outside the EU and remaining at a lower level of 

technological development within the EU will eventually mean a lower economic wealfare for 

the Member State concerned.

The purpose of this paper is to investigate whether or not there is convergence in the inventive 

capabilities of EU Member States. Besides giving indications of the direction of the EU’s 

future economic development, the contribution of this study, is also that it applies a novel 

investigation of convergence of an important driver of long-run economic growth, namely 

technological change.

Two previous, highly relevant, papers also explore convergence in inventive capabilities in 

the EU, namely Archibugi and Filippetti (2011) and Jungmittag (2006). They are principally 

distinguishable in respect of their selection of methods and periods of study. Jungmittag 

(2006), for example, analyses the period 1963–1998, while Archibugi and Filippetti (2011) 

focus on the 2004–2008 period. Jungmittag (2006) expands this time-series approach to 

include panel data to some extent, while Archibugi and Filippetti (2011) use the more recent 

-convergence panel test, without control variables (see further section 2.1).

Our investigation of convergence contributes to the current literature in three important ways.

Firstly, our study focused on a more recent period, 1990–2011. Secondly, the econometric 

approach is complemented by a distributional dynamics approach, which deepens our 

understanding of the dynamic process of technological change. This is achieved by way of a

series of parametric and non-parametric convergence models, i.e., -, -, distributional and -

convergence. Another advantage of including a distributional dynamics approach lies in its 

potential to see whether instead of overall convergence (to one level), there is convergence 

into different formations of what one could call high-inventive and low-inventive groups

among countries, i.e., one group of countries that has a high inventive output and a group with 

low inventive output.
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Thirdly, our study augments current research on technological change. Technological change 

is important not only because it serves as a key asset in improving competitiveness, but also 

because the economic development that follows is believed to facilitate cohesion in two 

important spheres: the social and the political (Sharp, 1998). In the EU, therefore, a major part 

of the budget is devoted to structural and cohesion development funds with the objective of 

creating economic convergence.3 Thus, if the various innovative capacities of EU Member 

States do not converge overall their economies might not go in the same direction; this may 

jeopardise the EU’s policies aimed at strengthening social and political cohesion among its 

members (Archibugi and Filippetti, 2011). As the EU project is being increasingly questioned,

as evidenced by the United Kingdom’s recent exit vote from it, citizens across the union may 

resist monetary transfers in the EU budget across regions and countries in the long run. Our 

investigation of whether or not inventive capabilities in the EU are converging will help to 

make policymakers aware of current trends, and offer them insight into whether further action

is needed to promote convergence in inventive capabilities.

The remainder of the paper is organised as follows: in Section 2, previous research on 

convergence is reviewed,– first from the standard perspective of gross domestic product 

(GDP) per capita, and then from the perspective of technological change and then two 

possible scenarios for the direction of convergence as regards patenting in the EU are 

presented. In Section 3, the methodological approaches are presented, with four concepts of 

convergence: -convergence, -convergence, distributional convergence, and -convergence. 

Section 4 presents the data used, and discusses the use of patents as a proxy for inventions.

Section 5 synthesises the empirical findings and discusses the results. Finally, Section 6 

concludes the paper and highlights some key implications and a few suggestions for future 

research.

3 During the period 2000–2007, The EU implemented the Objective 1 Programme with the aim of promoting the 
development and structural adjustment of countries and regions which were lagging behind. Objective 1 was 
later replaced by the Convergence Objective, which prioritises human and physical capital, innovation, a 
knowledge society, the environment, and administrative efficiency (Panara and De Becker, 2010).
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2. Previous Convergence Research and Two Possible Scenarios for the 

Convergence Direction of Patenting Activities in EU

2.1 Previous Convergence Research

Convergence is a widely discussed subject in macroeconomic theory and empirical research 

(e.g., Barro, 1991b; Islam, 1995; Quah, 1993a), and traces its heritage to the classical Solow 

Growth Model (Solow, 1956). Some of the economic debate has hinged on the importance of 

technological change as one of the causes of growth. In the neoclassical growth model, 

technological change is assumed to be exogenous and technology is treated as a public good 

(Maurseth, 2001). Hence, long-run economic growth also essentially becomes exogenous. 

Theoretically then, convergence is a natural outcome of exogenous technological change 

migrating across countries with similar microeconomic prerequisites (e.g., Bernard and 

Durlauf, 1995). However, endogenous growth theorists (e.g., Barro and Sala-i-Martin, 1992; 

Islam, 2003; Lucas, 1988; Romer, 1986) have argued against this hypothesis. The latter 

theorists have attempted to incorporate some of the atypical characteristics of technology and 

knowledge, and where knowledge is assumed to be a non-rival and only partially excludable 

good (Romer, 1990). Empirical research has also addressed the EU convergence issue in 

terms of income, productivity and, more recently, technological capabilities. 4 Numerous 

papers have focused on GDP per-capita convergence, but less work has been done regarding 

technological progress in general and patenting granting outcomes in particular.

High invention and innovation rates – for which patents granted are used as a proxy, in this 

paper – have been found to lead to higher rates of economic growth (e.g., Fagerberg, 1988; 

Jungmittag, 2004; Jungmittag and Welfens, 2002). Invention can be defined as “the creation 

of new products and processes through the development of new knowledge or from new 

combinations of existing knowledge”, (Grant, 2002:333). Most inventions are the result of 

novel applications of existing knowledge. 5 Innovation, which is often treated as being 

synony- mous with invention, is defined by Grant (2002:334) as “[t]he initial commer-

cialization of invention by producing and marketing a new good or service or by using a new 

4 The convergence approach has been applied to new aspects of economics where there has been an interest in 
seeing whether a specified variable such as environmental performance (e.g., Aldy, 2006; Romero-Ávila, 2008) 
or regional economic development (Kangasharju, 1998) showed convergence or divergence among countries. 
5 Soete (1981) distinguishes between technology output measures, such as patents granted, and input measures, 
such as research and development (R&D) spending. The former is often regarded as a better proxy for inventive 
activity than the latter, which is more, but not exclusively, oriented towards inventive activity (Fagerberg and 
Verspagen, 1996; Paci and Usai, 2000). 
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method of production”. However, innovations do not necessarily have to constitute new 

inventions per se.

As was noted above, two other papers specifically address the convergence of inventive 

capability among EU Member States. In his paper, Jungmittag (2006) uses data of

grantedpatents to investigate the convergence of inventive capabilities. The research question 

was motivated by the claim that its answer permits immediate conclusions regarding the 

prospects of convergence of per-capita incomes and labour productivities within the EU. The 

investigation looked at the EU-15 countries in the period 1963–1998 by means of unit root 

tests for time series and panel data. The results showed mixed evidence of granted-patent 

convergence, thus finding support for both -convergence and stochastic convergence – but 

not for all Member States in the sample.

Archibugi and Filippetti (2011) investigate how the global financial crisis of 2008 affected 

convergence in research and development (R&D) investment in the EU. The motivation for 

their study was that growing inequalities in innovative capabilities might also lead to 

divergence in income and well-being. In their research, the authors used the European Inno-

vation Scoreboard (EIS), a European Commission initiative, which provides a comparative 

analysis of the innovation performance of EU Member States. Using the -convergence 

approach on data spanning the period 2004–2008, they found slow convergence in terms of 

the EIS indicators. The authors also looked at R&D investments at the level of the firm, and 

revealed that laggard countries had cut spending due to the 2008 crisis while firms in the 

leading countries had done so to a much lesser extent.

Other papers touch on technological convergence issues. In a regional study of some EU 

countries, for example, Martin et al. (2005) found that, as the distribution of patents granted 

and public R&D converged, income per capita converged along with it. In a study of 

technological convergence among the EU-15 Member States and eight that joined after them, 

Žižmond and Novak (2007) found significant evidence of convergence at the level of 

investments, i.e., gross fixed capital formation. Jungmittag (2004) looked at convergence in 

labour productivity between 1969 and 1998 in Europe using - and -convergence panel data 

models. His results showed that, besides capital accumulation, transferable technical 

knowledge had been a driving force of growth for catching-up EU countries. Fagerberg et al. 

(1996) found that there was convergence in Europe in terms of income and productivity after 

World War II, but it slowed down and gradually ended during the 1980s. Their results were 

partly explained by diverging factors such as a decreased ability to diffuse new knowledge.
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However, Archibugi and Coco (2005) remarked that, within the EU, the level of R&D 

investment was so heterogeneous that a homogeneous continental innovation system would 

not emerge with respect to science and technological development

2.2 Two Possible Scenarios for the Direction of Convergence as Regards Patent 

Granting in the EU

In respect of the EU, we see two possible scenarios for the future pathway of patents granted

per capita. The first scenario has its roots in the most basic form of economic convergence 

theory (e.g., Barro, 1991a, 1991b; Islam 1995; Quah, 1993a). According to this theory, it can 

be assumed that countries that are laggard in respect of technological development can grow 

faster (because, in percentage terms, growing from something small will show large growth 

rates) than their more technologically developed counterparts; in this way, laggard countries 

will catch up with more developed ones, at least in the long run (Keefer and Knack, 1997). 

The reasons for such convergence could be that, due to intensifying cross-country 

interactions, better opportunities present themselves to make use of knowledge spillovers 

from abroad. Thus, in this scenario, even though laggard countries might not produce 

breakthrough patents, there is room for incremental improvement.

Technological cluster theory argues against the above scenario where per-capita production of 

technology converges. The latter theory predicts a scenario where knowledge production 

clusters around certain geographical areas,6 in turn suggesting that a good deal of competitive 

advantage lies outside companies and even outside their industries (Porter, 2000). Thus, 

technology companies will locate to places where other innovative companies are found, and 

researchers will leave laggard countries to work in countries where they can be paid more for 

their ideas. Over time, technologically laggard countries will find themselves confined to an

economic specialisation, in low-technology industries where little capital and technology is 

required, while the most developed countries will probably strengthen their innovation 

leadership (Rodriguez-Pose, 1999). For the EU, this scenario entails failing to reach 

convergence in invention capability across its Member States.

If the latter clustering scenario materialises, then underdeveloped countries may be stuck in a 

low-invention trap where no inventions are produced and there is a struggle to implement 

6 In the technological research example, this implies increasing returns to investments in areas where other 
research already exists. The most commonly used example of an industry cluster is Silicon Valley, where in tech 
firms have established themselves even though operating costs there are significantly higher than, for example,
rural Idaho.
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frontier technology. This is conceptually comparable to the low-level equilibrium trap of 

economic prosperity,7 which is believed to exist in some poor countries (Desdoigts, 1999). 

One explanation as to why some countries are stuck in this low-level equilibrium trap is 

associated with the properties of absorptive capacity. For our purpose absorptive capacity

concerns a country’s ability to absorb knowledge developed abroad; the effect of international 

technology flows crucially depends on the destination country’s ability to comprehend and 

make use of external knowledge (Mancusi, 2008). According to Antonelli et al. (2011) and 

Boschma and Iammarino (2009), such a diffusion of knowledge is more likely when the 

competences and knowledge stocks of the inventors and adopters are closely related, i.e.,

when there is high technological proximity (Fischer et al. 2006).

3. Methodological Approaches

3.1 Parametric analysis 1: The Neoclassical Beta Convergence Model

Beta convergence ( -convergence) refers to a process where one entity, like a firm or a 

country, that has less of something than another grows faster in percentage terms, and catches 

up over time. There are two concepts of -convergence: absolute and conditional -

convergence. Absolute -convergence assumes that all countries will exhibit the same steady-

state level of patents granted per capita. In contrast, conditional -convergence assumes 

possible differences in such steady states among countries. Thus, conditional -convergence 

can be said to be conditional on similarities in country characteristics.

This study investigats the convergence of patent applications granted per capita across 

inventor countries, and employs a panel data approach in doing so. The main usefulness of the 

panel data approach lies in its ability to allow for heterogeneity in the aggregated production 

function across economies.

Absolute -convergence ( a) can be examined by estimating the following reduced-form 

equation for pooled data (Chumacero, 2002):

= + ( ) + (1)

7 Until a certain level of per capita income is reached, all income will be spent on the necessities of life, with the 
consequence that adequate investments for the future, i.e., inventions, etc., are not made (Nelson, 1956).
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where  denotes the growth rate of initial logged per-capita patents granted for country 

i at time t, and is computed as the patents granted per capita of country i at time t divided by 

the sample average. Furthermore, is the constant term and is the error term.  represents patents granted per capita in the previous period, t – 1, and is utilised as an 

initial invention level to endogenise varying steady states of yit. If the estimated a is negative 

and statistically different from 0, then the absolute a-convergence hypothesis is supported. 

Countries with a low initial invention level are then growing faster than those with a high 

level, while they are all converging to the same steady state.

The speed of convergence ( ), defined as the speed at which an EU Member State moves from 

its initial invention level to the balanced invention growth or a steady state, can be computed 

as = (1 ) where is the length of the period (Islam, 1995). The half-life (the 

time needed to reach the halfway point of the steady state) can be estimated from the -

convergence equation as follows:8

1 = 12 = 12 = 2 (2)

Next, we test for conditional c-convergence ( ), i.e., convergence after controlling for 

differences in the steady states across countries. This is tested by regressing average growth 

rates on the initial level while controlling for other exogenous factors. Controlling for the 

differences in the steady states across countries is achieved by adding a set of exogenous 

variables to Equation (1) (e.g., Barro 1991a, 2015; Barro and Sala-i-Martin, 1992). In a panel 

data setting, conditional convergence is tested through a transformed Barro growth equation:

= + ( ) + + + + (3)

where y = ln(y /y , ) is the growth rate in the number of patents granted per capita 

between time period and t; is the lagged value of the patents per capita the 

previous year; i addresses country-specific fixed effects; t represents period-specific effects; 

8 The delta ( ) method is utilised to compute standard errors of and half-life, respectively (see Greene, 
1993:297).
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and it is the error term. A vector of additional explanatory variables, including: (a) a 

human capital variable consisting of the number of researchers per 1,000 in the country’s 

labour force; (b) public R&D-based knowledge stock9 to account for historical spending and 

proxying a country’s general R&D policy engagement; (c)final government expenditure per 

capita; and (d) GDP per capita. The non-knowledge stock control variables are lagged by two 

years. For example, public R&D expenditures taking place in period t may lead to a patent 

application and, eventually, to a patent being granted no earlier than in period t + x (x = 2)

(Nicolli et al., 2012). The speed of convergence and the half-life for the conditional c-

convergence models were also calculated.

However, conventional panel data models may yield biased estimates due to the correlation 

and endogeneity issues arising from the used of the lagged dependent variable. As a remedy, 

Kiviet (1995) proposes the use of a least squares dummy variable (LSDV) estimator that has 

been corrected for bias (hence, LSDVC), which is found to be rather accurate even when

sample size (N) and time (T) are small.10 Another issue is that the use of a lagged dependent 

variable as a regressor with a fixed time dimension can give rise to severe bias issues, 

especially if T is small (Judson and Owen, 1999). However, in a two-step procedure, Kiviet 

(1995) tackles this problem by starting off with estimating a small bias for the LSDV 

estimator and then estimating proposing an LSDVC version of the previous estimator. Thus, 

the LSDVC approach is used in the conditional c-convergence regression to cater for bias.11

3.2 Parametric Analysis 2: The Sigma Convergence Model

Over time, it has been noted that the concept of -convergence is a necessary but not a

sufficient condition for cross-country convergence.12 For this reason, the notion of si

convergence, i.e., where represents the coefficient of variation, has been put forth as a 

complementing measure of convergence (Quah, 1993b; Sala-i-Martin, 1996; Young et al., 

2008). Friedman (1992) and Quah (1993b) also suggest that -convergence is important 

because it addresses the issue of whether or not a distribution is becoming more balanced.

9 For details of the construction of the R&D-based knowledge stock, see Section 4.
10 In this paper, N = 13 and T = 21. For more details, see Section 4.
11 We used the Standard BB (Blundell and Bond, 1998) estimator with no intercept, as implemented by Stata 
routine xtlsdvc. In addition, 100 and 200 bootstrap iterations were tested for robustness.
12 For an early presentation of this idea, see Barro and Sala-i-Martin (1992:227–228).
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While -convergence focuses on discovering a catching-up process among dissimilar 

countries in terms of patents granted per capita, -convergence refers to a reduction of their 

dispersion in those terms. In our case, -convergence would imply that the dispersion of 

patents granted per capita is decreasing over time, something that would probably mean that 

countries are moving towards a common granted-patents per-capita level. In this context then, 

the advantage of additionally investigating the -measure is twofold. Firstly, it produces an 

unbiased measure of -convergence: by observing a process over time (as we can do when the 

sample dispersion is plotted graphically for each year), one can see if there have been any 

periods with significant breaks in the development. Secondly, it allows for the identification 

of visible peaks in the distribution.

We estimate the annual standard deviation of the natural logarithm of patent applications 

granted per capita. If the dispersion declines over time, then patents granted per capita are 

converging in a -sense (Barro and Sala-i-Martin, 1992). The is given by:13

= 1 1   (4)

where  represents the patents granted per capita for country i at time t, and ln y is the 

mean value of the number of patents granted per capita at time t. If t follows a downward 

trend towards 0, or if t+T < t, then -convergence of patents granted per capita is supported 

(e.g., Ezcurra, 2007; Liddle, 2009, 2010). It should be noted, however, that -convergence 

may fail to capture polarisation phenomena (i.e., if there are two groups forming where one is 

developing fast and the other is falling behind) in case of tendencies toward multimodality.

Hence, further distributional investigation is motivated (Ordás Criado and Grether, 2011). 

3.3 Non-parametric Analysis 1: The Distributional Convergence Model

While the -convergence approach described previously (e.g., Barro and Sala-i-Martin, 1992) 

reveals whether the variance in patents granted per capita has decreased or increased, aspects 

of the distribution remain unknown. It has been argued that the dynamics for the full 

distribution of the studied variable need to be taken into account, and not only the conditional 

13 For small samples such as the present one, the denominator is replaced with (n-1) instead of n.
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mean ( -convergence) or the variance ( -convergence) (Quah, 1993a, 1993b, 1996a, 1996b, 

1997). In line with Quah (1997), therefore, we also employ the distributional convergence 

approach to analyse the various countries’ intra-distribution mobility. This allows us to 

determine the degree of convergence. Intra-distributional mobility refers to moving within the 

cross-sectional distribution of the variable studied (Jaunky, 2010).

Using the methodology proposed by Quah (1993a, 1997) offers some benefits: unlike the -

plot, employment of the Distributional Convergence Model can reveal distributional dynamics

such as twin peaks, stratification and polarisation. The twin peaks phenomenon refers to a 

distribution moving towards a binominal state, where inventive countries cluster together, and 

non-inventive countries cluster together. The formation of two or more peaks indicates 

stratification of the distribution. Polarisation is two peaks concentrated at both ends of the 

distribution. The occurrence of convergence involves a progressive budge towards a single-

peak distribution in which the probability mass will be concentrated around a certain value, 

i.e., the countries in the sample move towards the same value. In contrast, within the concept 

of the convergence club, a twin-peak or multiple-peak distribution is tantamount to 

divergence. The probability mass is spread out over a range of the distribution, or moves to 

more than one centre (Jaunky, 2013).

We apply the methodology proposed by Quah (1993a, b, 1997) for estimating kernel density 

functions for the relative patents granted per capita, denoted as .14 The sum of relative 

patents granted per capita are calculated as the log of one country’s i.e., of a cross-section of 

countries at time and with > 0) patents granted per capita relative to the yearly sample 

average : = (5)

which gives the kernel function:

( ) = (6)

where K(.) is a bivariate kernel function and is assumed to follow the Epanechnikov kernel 

function; and ( ) = (1 ) ( 1), where I(.) is the indicator function, h is the 

14 In Equation (1), we have ln ( ) , which is somewhat different from Equation (5) and, hence, an R is added.
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bandwidth. Equation (6) describes the transition over a period – in our case, the beginning and 

the end of the sample years – from a given country’s granted-patent level in period t. Equation 

(6) explains how the cross-sectional distribution of the patents granted per capita at time t

evolves into the next period, e.g. t+1. A large sample size is arguably preferred for a reliable 

estimation of multivariate kernel densities; hence, the extent to which we can draw 

conclusions from the distribution plot is somewhat restricted by the small sample size (e.g.,

Ahamada and Flachaire, 2010). Nonetheless, for our purposes, the main usefulness of the 

distribution plot is to determine whether or not the distribution is twin-peaked.

Even though the distributional dynamics approach offers information about the distribution of 

patents granted per capita, it does not give us sufficient information about (a) substantial intra-

distributional dynamics, i.e., if countries’ growth paths are crossing each other; or (b) if 

inventive and non-inventive countries maintain their respective statuses.

3.4 Non-parametric Analysis 2: The Gamma-convergence Model

Boyle and McCarthy (1997) argue that the kernel approach has its own weaknesses, including 

the fact that there is a lack in generality for the -convergence when testing for -

convergence. They therefore suggest a supplement by way of an index of rank concordance. 

The index of rank concordance is referred to as gamma ( ) convergence, and it measures the 

intra-distributional mobility over time, i.e., entities’ relative positions. The motivation in this 

study for calculating -convergence as well is that, even if the dispersion of patents granted 

per capita declines over time, it is possible that such dispersion for individual countries with 

the highest and lowest intensities does not decline (Liddle, 2009).

To measure the inter-temporal distribution of the sample countries’ granted-patent output, the 

change of ordinal ranking is examined. This is done to improve our understanding of changes 

in the complete distributions over time. This, in turn, can shed additional light on the intra-

distributional dynamics not captured by a single parameter that characterises the variance of 

the cross-section ( -convergence). A single country’s patents granted per capita are expressed 

as the ratio of its patents granted per capita to the EU average for that year, i.e., the relative 

patents granted per capita. Normalising a country’s patents granted per capita against the EU 

average allows us to discern country-specific movements from overall EU growth or trends in 

patents granted. A binary version of the Kendall’s index of rank concordance is computed to 

reveal the -convergence development over time. We employ the following equation as 

suggested by Boyle and McCarthy (1997):
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= ( ( ) ( ) )( ( ) ) (7)

Where AR(y)it is the actual rank of country i’s patent granted per capita output in year t; and 

AR(y)ot is the actual rank of country i’s patent granted per capita in the initial year (i.e., t = 0). 

A change in a countries relative position (ranking) will lead a < 1 after summing all 

countries we get a value for how much the countries changed position relatively to 

each other. In addition, captures the evolution of the ordinal ranking over a time interval and 

assumes a value between 0 and 1. The closer this value is to 0, the greater the extent of the 

mobility within the distribution.

In our empirical context, a significant movement among the sample countries between two 

years only is not expected. Our data are aggregates of the countries’ entire granted-patent 

output. Hence, a major breakthrough in one technology field does not affect the rankings as 

overwhelmingly as it might if a separate and narrower technological field were at stake. Over 

time, however, the rankings can change considerably; but for a single year, that is not 

expected. This less dramatic result is because a country with a granted-patent output that is 

growing faster than the rest would probably not advance in terms of that many ranks in a 

single year.

4. Data Sources and Definitions

The data set consists of a balanced panel including 13 of the EU-15 Member States during the 

period 1990–2011. 15 The selection of the period and countries is based on several 

considerations that took into account the global technological milieu, the EU’s expansion, and 

the historical development of the dependent variable, namely the change in granted patents by 

inventor country per capita. 

The early 1990s saw the dawn of the information technology age and the reunification of 

Germany, both of which had a fundamental impact on the EU. Austria, Finland and Sweden, 

who had not been part of the initial 12 Member States, joined the EU in 1995. These three 

countries are included in the sample because they were members of the EU for most of the 

15 The 13 included countries are Austria, Belgium, Denmark, Finland, France, Germany, Ireland, Italy, Portugal, 
Spain, Sweden, The Netherlands and the United Kingdom. Greece and Luxemburg were omitted because of data 
availability issues; this is in line with several other papers that have also had problems obtaining quality data for 
these two countries (e.g., Hussler, 2004). 
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period studied.16 The sample total of 13 countries excludes Greece and Luxembourg owing to 

insufficient quality data being available on them.

4.1 The Dependent Variable

The dependent variable ( y = ln(y /y , )) is the growth rate in granted patents (claimed 

priorities date) by inventor country per capita.17 The dependent variable is based on data from 

the European Patent Office (EPO) as obtained from the Organisation for Economic Co-

operation and Development (OECD) statistical database. The advantage of using EPO-granted 

patents as a data source is that they are in a standardised format, i.e., all patents are applied for 

and accepted under the same rules (Rübbelke and Weiss, 2011).18 The priority date refers to 

the date when the patent was filed. Only patents filed under the Patent Cooperation Treaty 

were included in order to approximate innovations in line with OECD (2009). Figure 1 shows 

that patents granted per million inhabitants in the EU in 1990 were far lower than in 2011.

Figure 1: Granted patents (claimed priorities date) per million inhabitants in 13 EU Member 
States by inventor country, 1990 and 2011.Source: EPO

16 Several more countries joined in 2004 and thereafter The motivation for not including the post-2004 Member 
States is because they have (pree-2004) been exposed less to the convergence efforts before they entered the 
Union, and the Eastern European countries did not become a member of the EPO until 2002.
17 For more descriptive statistics on the dependent variable, see Appendices B1 and B2.
18 There is a significant difference in the level of patent applications submitted to the EPO by the various 
Member States; see Appendices B1 and B2.
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The geographic location of the inventor rather than the formal patent applicant is considered 

for the data analysis, since the latter can be a company registered in a country other than that 

in which the knowledge was initially produced (e.g., Fischer et al., 2006).19

Using patents granted to represent technological output has a solid foundation in much of the 

previous empirical work in this regard (e.g., Griliches 1987; Hall and Ziedonis 2001; 

Johnstone et al., 2010; Popp, 2002). 20 Being awarded a patent is by no means easy; 

fundamentally, the inventor must disclose to the public something that is a “novel”, “useful” 

and “non-obvious” invention. If the invention does not meet these criteria, then a patent 

cannot be awarded (Griliches, 1987; Hall and Ziedonis, 2001).

Nonetheless, the methodology of using patents granted as a variable when doing research on 

inventive outputs has been criticised from an econometric and conceptual perspective. The 

main arguments are that not all new inventions are patented, and patents may differ greatly in 

their economic significance (Adams, 2005; Cohen et al., 2000; Pakes, 1985; Pakes and 

Griliches, 1980; Schankerman and Pakes, 1987; Trajtenberg, 2001).21 Despite these and other 

shortcomings, however, using patents granted as a proxy for inventions is valuable since, as 

Griliches (1998:336) states, “nothing else comes close in quantity of available data, 

accessibility and the potential industrial organizational and technological details”.

4.2 The Independent Variables

In the -convergence Model, several control variables were used. These variables included (a)

the number of research personnel per 1,000 employees; (b) the knowledge stock of public 

R&D expenditure in the country concerned in million US Dollars; (c) final government

consumption expenditures per capita; and (d) GDP per capita.

Summary statistics for both the dependent and all independent variables are presented in 

Table 1. In the econometric model, the control variables were run in natural logarithmic form 

and are lagged by two years; in the descriptive statistics, they are presented in their non-

19 When a patent is awarded to multiple inventors from different countries, the count has been divided equally 
among those countries.
20 In these studies and others, the number of patents granted was used as a variable to measure a country’s 
inventive and innovative output. For example, Popp (2002) and Johnstone et al. (2010) used the variable to 
empirically investigate different aspects of policies that drive innovation. For instance in Popp’s (2002) study, 
US granted-patent data from 1970 to 1994 were used to estimate the effect of energy prices on innovations that 
improved energy efficiency. 
21 A large portion of patents are without economic value when granted, or become worthless within a short 
period (Pakes, 1985; Schankerman and Pakes, 1987). The top 10% of patents granted capture between 48% and 
93% of total monetary returns (Scherer and Harhoff, 2000).
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logarithmic form to convey more information about the state of the technological 

development.22

Table 1: Definitions of variables and descriptive statistics

Variable Definition Mean S.D. Minimum Maximum

Dependent variable:
The growth rate in
patents per capita
(ln( / , )).

Growth rate in granted patents
per capita in country i at time 
t

0.02 0.16 -0.65 0.58

The c-convergence 
parameter (yit-1)

The one period lag of the 
granted patents per capita for 
country i at time t–1

118,75 83,2 0,52.30 310,3

Research personnel Number of researchers per 
1,000 employees in the labour 
force in the country

10.73 4.02 2.43 22

Stock of public R&D 
in the country

Accumulated public spending 
on R&D from 1990, adjusted 
for depreciation, time lags and 
expenditure in all sectors in 
million USD, see Equation (8)
for details (in 2005 prices, 
adjusted for PPP*)

2,984 2,285 52 10,596

Final government 
consumption 
expenditure per capita

Final government
consumption expenditure per 
capita in USD (in 2005 prices, 
adjusted for PPP)

17,139 28,445 2,120 100,293

GDP per capita Gross domestic product per 
capita, based on PPP (per 
capita in USD (in 2005 prices, 
adjusted for PPP)

5,281 1,446 2,120 9,004

* PPP = purchasing power parity

In the panel data setting c-convergence parameter (yit-1) is the one period lag granted patents 

per capita in country i at time t, allowing us to see whether or not there is convergence in the 

data (e.g., Barro, 2015; Wang et al., 2014).

The independent variables were mostly gathered from OECD’s R&D statistics database, as 

will be detailed below. According to economic theory, the invention capabilities of a country 

are considered to depend fundamentally on three factors: (a) its common invention 

22For example, R&D and the number of researchers can, in many cases, be suspected to be related; if there is a 
strong correlation between them, biased results will be generated. When we checked these variables, no such 
high correlation rates were found (see the correlation matrix, Appendix C (Table C1).
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infrastructure, such as R&D employees or R&D expenditure, as well as its stock of previous 

innovations (e.g., Grossman and Helpman, 1991; Romer, 1990); (b) its technological and 

economic specialisation; and (c) the quality of the linkages between its common invention 

infrastructure and the industries that engage in inventive efforts (Jungmittag, 2006).

Through R&D investments in human capital, individuals acquire knowledge and skills that 

can be transferred to certain goods and services of commercial value (Romer, 1990).

Therefore, the variable Research personnel is included in the model to capture the human 

capital input in the knowledge production function. This input is approximated using data on 

the number of researchers per 1,000 employees in the respective countries in the sample. 

These data were derived from the Main Science Technology Indicators database published by 

the OECD.

Different types of R&D inputs is commonly used as a variable for analysing a country’s 

inventive capacity (e.g., Dechezleprêtre et al., 2013; Furman et al., 2002).The knowledge 

stock in a country is expected to be a major determinant of innovation, hence the variable 

Stock of public R&D in the country is constructed (Klaassen et al., 2005; Krammer, 2009; 

Söderholm and Klaassen, 2007). We constructed the knowledge stock for our study by using 

the perpetual inventory method, which is commonly employed for such constructions (Coe 

and Helpman, 1995; Ek and Söderholm, 2010). Specifically, the Stock of public R&D in the 

country is constructed according to the following equation, namely –

= (1 ) ( ) + & ( ) (8)

where, Kit is the knowledge stock in country i during period t. The knowledge stock is 

determined by public R&D spending in the same period, & ; and x is the number of years 

(lag) it takes before the new spending adds to the knowledge stock. In this case, the time lag is 

assumed to be two years (Klaassen et al., 2005). Moreover, Ki(t-1) is the knowledge stock 

inherited from the previous period, taking into account a depreciation rate 

and Scobie, 2006). The depreciation rate is set to 10%, but other levels were also tested (see 

Appendix A). We need to allow for the possibility that there was some public expenditure 

before the period specified for our study; hence, the knowledge stock was not 0 in 1990, our 

first sample year. Thus, the initial public R&D stock (Ko )is calculated as:
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= &  (9)

where, & is the public R&D expenditure dedicated to renewable energy in the first year 

for which public R&D data were available (1974); and is the average geometric growth rate 

for R&D spending by country over the first ten years (e.g., Hall and Scobie, 2006; Madsen 

and Farhadi, 2016). .

The explanatory variable Final government consumption expenditure per capita takes its cue 

from other convergence research that has employed it as such (Carmela et al., 2005). For 

instance, Barro (1991a) found that the ratio of real government consumption expenditure to 

real GDP had a negative correlation with overall growth and investment. Arguably, 

government consumption should have no direct effect on private productivity, although it 

would lead indirectly to lower private savings and growth through the distorting effects of 

taxation (Barro, 1991b). The data for this variable were retrieved from the OECD’s Economic 

Outlook – Annual Projections.

Finally, GDP per capita was also included as an explanatory variable. The data for this 

variable were retrieved from the International Monetary Fund’s World Economic Outlook 

Database.

5. Results

5.1 The -convergence Model

As a first step, -convergence was tested. Table 2 presents the empirical results from 

the specification in Equation 1, and here the a coefficient was found to be negative and 

statistically significant at conventional levels. The results also reveal that countries with low 

levels of invention intensity tended to evolve faster than those with high levels. This implies 

that the sample countries were in the process of converging towards a common steady-state 

level of invention.

To determine the statistical significance of and half-life, respectively, standard errors were 

computed via the delta method. In these calculations, was found to be statistically 

significant. The and half-life range were equal to 0.04, meaning that it would take 4% per 

year and 25 years, respectively, to reach the sample mean. Absolute -convergence in terms 

of inventive capabilities across the EU seems to be a slow process, therefore.
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Table 2: Absolute -Convergence Model

Coefficients Estimates
a Patents per capitait -0.027

(0.005)***
-0.0006
(0.006)

R2 0.081
Number of Observations 260
Number of Countries 13

0.027
(0.005)***

Half-Life 25.67
(5.216)***

Speed of convergence 0.04
Note: The standard errors are in parentheses.

***, ** and * denote statistical significant at the1%, 5% and 10% levels respectively

Secondly, our analysis of conditional -convergence, in which we control for the various 

countries’ structural characteristics, reveals statistically significant -convergence. Table 3 

shows that the estimated convergence coefficient c is negative and statistically significantly 

different from zero (0), thus indicating convergence rather than divergence. 

Table 3: Conditional -Convergence Model

Coefficients Estimates

c Convergence parameter -0.363***
(0.063)

1 Research personnel -0.203**
(0.05)

2 Stock of public R&D in the country 0.07*
(0.09)

3 Government final consumption expenditure per 
capita

0.104
(0.14)

4 GDP per capita -0.235
(0.235)

Country dummies Yes
Year dummies Yes

Number of observations 260

Number of countries 13
Number of Years 21

0.197
(0.047)***

Half-Life 1.53
(0.852)***

Speed of convergence 0.47

Note: The standard errors are in parentheses.
***, ** and * denote statistical significance at the 1%, 5% and 10% level, respectively.
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Since 0< c<1, conditional -convergence of invention is confirmed. The – the speed at 

which a country’s granted patents per capita approaches its own steady-state level – is 0.47 

years, while the half-life, i.e., the time needed to reach the halfway point in respect of the 

country’s final steady state, is equal to 1.53 years.

The need to control for steady-state determinants is necessary in international analysis using 

data from a large number of heterogenous countries. The EU countries are converging rapidly 

to their individual steady state levels. The need to control for steady-state determinants is 

necessary in international analysis using data from many heterogeneous countries. The EU 

countries are converging rapidly to their individual steady state levels. For additional 

robustness, different depreciation rates on the knowledge stock (5 and 15 %) were tested and 

the results for the convergence variable remained robust and the results are presented in 

Appendix A, (Table A1). Furthermore, some additional specifications were tested with fewer 

control variables and the results remained robust. The Research personnel variable was 

statistically significant and negative. The negative relationship between changes in renewable 

energy patents per capita was unexpected. 

5.2 The -convergence Model

We track the inter-temporal change, i.e., data normalised to the initial year, in the coefficient 

of variation (the standard deviation divided by the average) of the cross-country granted-

patent distribution. If this measure, termed -convergence in the economic growth literature, 

falls over time, it can be interpreted as evidencing convergence (Liddle, 2009). As noted 

above, -convergence is a stricter type of convergence than -convergence. Figure 2 shows 

that the coefficient of variation of patents granted per capita tends to exhibit an erratic 

convergence movement over most of the years of the period studied.

From 1997, the measure was greater than 0.95, indicating a slow -convergence phase. 

During some of the years before 2008, the distribution showed divergence. After 2008, the 

distribution started to converge again. Over longer periods, dispersions increased, especially 

from 1994 until 2007. However, from 2008 onwards, granted-patent dispersion per country 

decreased. Figure 2 indicates that granted-patent dispersion in the EU was at a reduced level 

for most of the 21 years analysed here.
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Figure 2: Coefficient of variation of granted patents per capita in EU countries, 1990-2011

A possible explanation for this pattern is that shocks might temporarily have increased the 

dispersion of patents granted per capita, even in the presence of -convergence, or that 

countries might be approaching their steady-state shares (conditional convergence), with 

higher dispersion towards the end in comparison with the beginning of the period studied. 

This would be in line with Archibugi and Filippetti’s (2011) finding, namely that the 

economic crisis in 2008 had a negative impact on innovative investment in almost all EU 

countries, but that the catch-up countries were the most affected, thus leading to increasing 

divergence during the period 2004–2008.

5.3 The Distributional Convergence Model

As shown in Figure 3, the surface plot of patents granted per capita shows characteristics of 

nascent multi-peakness and a tendency of club formations among the sampled EU countries. 

Over the 21 year horizon, a large portion of the probability mass remains clustered around the 

main diagonal. However, along that principal ridge, a dip in the middle portion is apparent. 

The implication of such clustering is a tendency for the countries to remain in their initial 

positions regarding patent-granting intensity. In many other cases, the existence of these 

multiple-peak distributions could imply the occurrence of divergence among countries. 

However, it could also be a sign of a distribution that has not changed much over time.
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Figure 3: Surface plot of relative23 granted patents per capita in EU countries, 1990 to 2011.

A final – and perhaps the most likely – interpretation is that the technologically developed 

countries in our sample tended to have more stable growth rates in their patents granted per 

capita than those of the less-developed counties. This interpretation is based on studies by 

Archibugi and Filippetti (2011), who found that economic shock affected less-developed 

countries’ R&D spending. However, there is no compelling reason to think that the very long-

run growth rates of technological capabilities vary across EU Member States. Instead, it is 

possible that we are leaving a situation where we have an underlying ‘majority club’ among 

EU Member States, and that we are now seeing a ‘minority club’ evolving into the majority 

part of the distribution.

In Figure 4, the contour plot represents a bird’s-eye view of the surface plot and indicates 

various levels of iso-probability, i.e., the probability of a country i moving its relative position 

compared to the rest of the sample between period t and t+1, where the first period is 1990 

and the second is 2011. A peak along the 45° line suggests that that point acts as a basin of 

attraction. A peak along the 45° line implies persistence properties and illustrates the position 

of country i in the distribution, which does not change from its initial location.

23 Patents granted per capita relative to the yearly sample average (see Section 3.3).
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Figure 4: Contour of the conditional distribution of relative patents granted per capita.

A peak above the 45° line means that relative patents granted per capita tend to increase, 

while a peak below the line indicates a decrease in relative patents granted per capita. A major 

part of the probability mass is clustered along this line. The contour plot shows two distinct 

probability masses from a bird’s-eye view of the surface plot. The plot indicates a stable 

distribution. We observe that the peaks in the upper tail of the distribution, i.e., patents 

granted per capita higher than 3, are somewhat different from the 45° diagonal. Additional 

prominent peaks can be observed, while Figure 4 also shows several portions of the density 

probability mass are clustered along the 45° diagonal. However, the mass for the high-level 

group are cluster somewhat under the 45o diagonal, something that indicate that they are 

relatively to the other distribution, not as dominant in in patent production. 

Thus, Figure 4 displays that the distribution is stratified into roughly 3 groups, which implies 

that all 13 countries studied have not (as yet) converged to the same level of inventive 

capabilities over time, i.e., countries with low levels of inventive capabilities show little 

tendency to catch up with their high-level counterparts. There are local maxima in both the 

low and high parts of the granted-patent production range. Moreover, the low level of intra-

distribution mobility (see confirmation thereof below in section 5.4) and, could indicate a 

move towards an EU where per-capita invention rates is rather static over time.

5.4 The -convergence Model

Our finding that the number of patents granted per capita in each country is rather stable 

across the period studied is confirmed in Figure 5, which shows the change in the 
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distribution. Here, a value of 1 indicates that there has been no change in the intra-

distributional ranking. If, for example, the value was 1 during the entire period in question, we 

would see a straight line, and this would indicate a static distribution. Similarly, in terms of 

their per-capita granted-patent counts, if all countries grew at the same rate, e.g. 2%, then no 

change would occur in the distribution pattern even though the differences among countries 

would increase. The results in our study showed that no years were without change in the 

distribution pattern, although the movements around 2003 were relatively small. Nonetheless, 

with a few exceptions, the value of the distribution remained at around 0.9 throughout the 

years of the study, indicating that less than 10% of the sample countries had changed their 

ranking during that time. Considering the size of the sample, this means that only two 

countries’ per-capita granted-patent counts their counts exceeded those of other countries in 

the sample. Exceptions to the low movement in the distribution occurred in the years 1995 

and 2009.

Figure 5: -convergence, the binary version of the non-parametric Kendall's index of rank 
concordance among the EU countries, 1990-2011.

In general, Figure 5 exhibits a rather stable trend for over time. The -indicator shows that, 

although there were changes in the distribution, they were rather moderate. This result is 

much like that seen in the -convergence case, i.e., where countries with high and low 

granted-patent intensity in 1990 and are largely the same in 2011. In terms of -convergence, 

the result tells us that most countries maintained their ranking, but that some changes in 

distribution had occurred. A marked change would indicate that the sample countries were 

closer to the end of a convergence process; conversely, a low degree of change might indicate 

that they were beginning a long process towards convergence. Roughly speaking, from 1990 
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until 1996, tends to increase, implying higher mobility in the distribution. Similarly, tends 

to increase from 1997–2003 and around 2009. The non-parametric approaches such as 

distributional dynamics and -convergence techniques together suggest a lack of intra-

distributional mobility. It should be noted, however, that although some changes have 

occurred, they are not large enough to be captured at a significant level by the technique 

applied in this study.

5.5 A Summary of the Main Findings

Table 4 summarises the overall findings from the convergence tests, and the results of the 

tests points towards that we have convergence in inventive capabilities cross the 13 EU 

countries. 

Table 4: A Summary of the Main Findings by Convergence Concept

Convergence Approaches Results

-convergence -Absolute

-convergence - Conditional

-convergence

Distributional Dynamics

-convergence

Convergence

Convergence

Convergence

Convergence indication

Convergence indication

6. Conclusion and Implications for Policy

The purpose of this paper was to analyse whether or not there was convergence in the national 

inventive capabilities of the 13 EU Member States selected in the sample for the period under 

study, namely 1990–2011. Specifically, this analysis was achieved by econometrically 

investigating, by means of parametric and non-parametric techniques, the development of 

patents granted per capita in the 13 countries over the period concerned. The results indicate 

that, overall, there are tendencies towards convergence within the EU in respect of national 

inventive capacities. 

Neoclassical convergence is detected, firstly, via the -convergence tests. The speed of 

conditional -convergence was found to be greater than the corresponding speed for absolute 

-convergence. This implies that invention activities in the countries in question are 

converging faster in terms of their own efficiency steady-state than in terms of a common one. 
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On average, the half-life for conditional -convergence is 1.5 years, compared with that for 

absolute -convergence, which is equal to 25 years.

Thus, there is a slow but significant motion towards convergence but, with such a long period

(25-year half-life), the final outcome is in the realm of uncertainty. Over the 21 years 

examined, many of the countries in our study exhibited significant and rapid technological 

development. However, considering the rather low output some of these countries had in 

terms of per-capita patent-granting outcomes, there was a great opportunity to have a fast 

growth rate However, because some of these countries had rather low per-capita patent-

granting outputs, even a small increase in that output would constitute a relatively fast growth 

rate.

It should also be borne in mind that the results of all the convergence tests may reflect the 

period chosen. In other words, it is possible the results and, hence, our conclusions would 

have been different if we had investigated another period. For example, previous studies have 

shown that there have been periods with and without economic convergence. In times of 

economic crisis, there might be a tendency towards divergence (as indicated in the -measure)

when nations with weaker R&D support temporarily decrease or even halt such input.

In our study, the rather slow convergence evidenced via the absolute -convergence test was 

also borne out in the -convergence test. The evidence of slow convergence may be due to a 

mild form of so-called brain drain from less-developed countries in the south to more 

technologically advanced countries in the north. 

The results of this paper tend to imply that, in the long run, the convergence objective 

established for the EU is headed in the right direction. The priorities under this objective are 

enhancement of human and physical capital, inventiveness, a knowledge society, the 

environment, and administrative efficiency. The assumed and here, to some extent, 

statistically supported existence of a technological gap among EU Member States could be 

closed via national and EU policies that encourage and enable the cross-border diffusion and 

spillover of technology and other knowledge. In particular, it might be necessary to promote 

technologically laggard Member States through a selective EU research and technology policy 

that would encourage the establishment of efficient national innovation systems that link up 

with the gradually emerging European innovation system. In this way, less-developed EU 

Member States could close the gap between them and their more developed counterparts.
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From a policymaking perspective, the convergence findings are interesting. An EU with large 

differences in respect of its members’ levels of technological development can result in long-

term tension. Policy measures are needed, therefore, in order to promote long-lasting 

economic effects that aim to reduce not only the technology gap, but consequently also the 

economic gap between countries.

This paper has tried to answer the question of what is currently happening on a technological 

development front in the EU, and it has revealed that a slow converging process is emerging 

in this regard. A matter to be investigated via another platform would be to explain why this 

convergence is occurring.
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Appendix A

Table A1: Parameter estimates for the conditional convergence model different specifications 
and with a 5% and a 15% depreciation rate to the R&D-based knowledge stock.

Coefficients Estimates Estimates Estimates Estimates Estimates
c Convergence 

parameter -0.362 -0.324*** -0.359*** -0.363*** -0.363***

(0.062) (0.62) (0.065) (0.062) (0.063)
1 Research 

personnel -0.133 -0.162*** -0.161** -0.174*** -0.203***

(0.117) (0.05) (0.049) (0.05)
2 Stock of public 

R&D in the 
country 5 %

-0.0599 -0.009

(0.118) (0.167)
3 Stock of public 

R&D in the 
country 10 %

-0.055

(0.06)
3 Stock of public 

R&D in the 
country 15 %

-0.006 0.076

(0.201) (0.092)
3 Government 

final consumption 
expenditure per 
capita

0.08 0.104

(0.123) (0.140)
5 GDP per capita -0.131 -0.235

(0.212) 0.216
Country dummies Yes Yes Yes Yes Yes
Year dummies Yes Yes Yes Yes Yes
Number of 
observations 260 260 260 260 260

Number of 
countries 13 13 13 13 13

Number of years 21 21 21 21 21
0.196 0.182 0.191 0.197 0.197

(0.047)*** (0.047)*** (0.048)*** (0.047)*** (0.047)***
Half-Life 1.54 1.63 1.55 1.53 1.53

(0.851)*** (0.852)*** (0.845)*** (0.852)*** (0.852)***
Speed of 
convergence 0.48 0.51 0.47 0.47 0.47

Iterations 200 200 200 200 200
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Appendix B

Table B1: Descriptive statistics for the change in granted patents, by country

Country Mean S.D. Min Max

Austria 1.04 0.08 0.92 1.29

Belgium 1.04 0.12 0.78 1.29

Denmark 1.06 0.08 0.91 1.24

Finland 1.06 0.10 0.87 1.23

France 1.02 0.04 0.93 1.11

Germany 1.03 0.07 0.81 1.19

Ireland 1.07 0.14 0.82 1.34

Italy 1.02 0.07 0.85 1.13

Netherlands 1.03 0.10 0.84 1.20

Portugal 1.18 0.35 0.59 1.80

Spain 1.09 0.10 0.95 1.27

Sweden 1.04 0.08 0.87 1.18

United Kingdom 1.01 0.06 0.89 1.11

Total 1.05 0.13 0.59 1.80

Table B2: Descriptive statistics for the total number of granted patents, by country

Country Mean S.D Min Max

Austria 1121.8 404.6 616.6 1785

Belgium 1134.8 349.3 493.1 1581.4

Denmark 824.4 345.3 323.7 1373.7

Finland 1027.8 388.1 401.6 1504.84

France 6734.5 1513.2 4679.5 8759.8

Germany 18503.4 5155 10600.7 24687.7

Ireland 192.1 100.2 61.8 346

Italy 3559.6 1010.8 2136.3 5088.5

Portugal 48.6 39.2 5.2 125.1

Spain 812.8 441.7 252 1555.8

Sweden 1919.3 637.7 908.3 2861.6

The Netherlands 2688.6 960.7 1463.4 4056.4

United Kingdom 4800.7 1032.5 3225.2 6177.4

Total 3336 5018 5.25 24687.7
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Table B3: Descriptive statistics of granted patents per million inhabitants

Country Mean S.D. Min Max

Austria 137.87 46.81 77.99 215.04

Belgium 109.01 31.99 49.29 149.72

Denmark 152.972 61.56 62.97 250.05

Finland 197.16 72.71 80.55 290.06

France 112.3 22.25 81.42 140.60

Germany 225.81 61.58 132.48 300.09

Ireland 47.28 21.82 17.50 78.068

Italy 61.29 16.63 37.63 85.70

Portugal 4.651 3.69 0.525 11.87

Spain 19.09 9.36 6.48 33.77

Sweden 213.48 68.15 105.40 310.38

The Netherlands 167.69 56.42 96.38 247.62

United Kingdom 81.093 16.83 50.96 104.50

Total 117.66 82.33 0.52 310.38
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Appendix C

Table C1: Correlation matrix

Research 
personnel

Stock of 
public 

R&D in 
the 

country

Final 
government 
consumption 
expenditure 
per capita

GDP per 
capita

Research personnel 1.00

Stock of public R&D in the country 0.75 1.00
Final government consumption expenditure per 
capita 0.52 0.36 1.00

GDP per capita 0.13 0.27 -0.28 1.00
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1. Introduction

The Renewable Energy Directive (2009/28/EC) of the European Union (EU) establishes a

binding target to ensure at least a 20% share of energy consumption from renewable sources

by the year 2020. To achieve this overall target, the EU Member States have committed 

themselves to national renewables targets (European Commission, 2015a). In October 2014, 

the EU further enhanced the scope of its climate and energy targets for both 2020 and 2030;

its 2030 policy framework sets a minimum target of 27% in respect of renewable energy 

sources as well as energy savings by 2030 (European Commission, 2014).

At EU level, renewable energy’s share of the gross final energy consumption has grown over 

time, e.g., from about 9% in 2005 to roughly 16% in 2014 (European Commission, 2015b). 

Moreover, on the technological side the development is rapid. The number of renewable 

energy patent applications filed for at the European Patent Office (EPO) has increased 

annually by more than 20% in recent years, while the average increase for other technologies 

only was around 6% (EPO, 2016). However, the renewable energy outcomes in individual EU 

Member States are heterogeneous, with substantial capacity and patenting increases in some 

countries and far more modest developments in others (IEA, 2014a; Strömberg, 2013).1 These 

diverging pathways may give rise to concerns about an unfair burden-sharing among EU 

countries. Such concerns are likely to be a particularly thorny issue if they are accompanied 

by diverging efforts to develop the associated new technology, e.g., through private as well as

public research and development (R&D) activities.

The objective of this paper, therefore, is to investigate whether or not per capita renewable 

energy patent applications in the renewable energy field have converged (or diverged) across 

EU Member States. The econometric analyses rely on data on per capita patent applications in 

13 EU countries during 1990-2012. In this empirical context, convergence (Latin convergere 

– meet, unite) would imply that countries with lower initial per capita patent application 

production levels would experience relatively higher growth rates in patenting activity than 

other countries, thereby eventually closing in on the countries that have been forerunners in 

this field. Since the knowledge generated in one EU country is largely a public good from 

which several countries can benefit at the same time, one could argue that convergence among

1 Several EU countries are expected to accomplish their policy goals. However, EU Member States such as 
France, Luxembourg, Malta, the Netherlands and the United Kingdom face a need to assess whether the 
domestic efforts undertaken are sufficient for meeting their respective renewable energy objectives (European 
Commission, 2015b).
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the countries in terms of patenting outcomes is not important. However, there are both 

political and economic arguments for why such convergence may be desirable.

The political motives relate to the importance of maintaining public acceptance for the 

financial burdens that consumers in the EU carry when the energy system is transformed. This 

transformation largely derives from key EU directives, and it requires the participation of all 

Member States. For instance, evaluations of the prospects for wind power expansion have 

stressed the importance of public acceptance in combination with political stability and legal 

aspects (e.g. Söderholm et al., 2007). If some countries perceive that other countries are free-

riding on their development efforts, and that they therefore have to carry a disproportional 

part of such efforts, the overall EU energy and climate policy targets will potentially be more 

difficult and costly to achieve (Corradini et al., 2015). 2

The economic arguments for convergence in patenting outcomes are multifold. In order for a 

country to respond to changes in external constraints, it needs to be equipped with adequate 

scientific and technological knowledge, i.e. a country needs so-called absorptive capacity.

Here absorptive capacity concerns countries’ abilities to absorb knowledge developed abroad

(Antonelli, 2008; Antonelli and Quatraro, 2010; Costantini and Crespi, 2008a, 2008b; Dosi et 

al., 1988; Fagerberg et al., 2005; Rennings, 2000). Hence, international technology flows 

crucially depend on the destination country’s ability to comprehend – and make use of –

external knowledge (Mancusi, 2008). The ability to generate value from the presence of

technological spillovers, such as knowledge on how to adopt, adapt and implement new 

renewable energy technology, will in turn be a function of the country’s experience in 

relevant R&D (Cohen and Levinthal, 1989). The importance of absorptive capacity may 

therefore support a scenario of convergence of renewable energy development activities 

across countries. 

Bosetti et al. (2008) found that the strongest technological free-riding effects with regard to 

renewable energy occur among high-income countries. These countries are more able than 

low-income countries to expose themselves to the international exchange of new ideas and,

thus, gain greater benefits in terms of potential investment savings. Countries that are less 

developed economically and technologically often face barriers that prevent them from 

absorbing international knowledge spillovers. Furthermore, the speed of innovation in the 

renewable energy sector will be higher if more countries are engaged in R&D and invention 

2 For a theoretical foundation on why national governments could choose to reduce R&D spending in an open 
economy in the presence of international knowledge spillover, see e.g. Park (1998).
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activities (Costantini and Crespi, 2013; Costantini et al., 2015). Given the urgency of 

addressing the accumulation of greenhouse gases in the atmosphere, the relatively rapid 

development of low-cost, carbon-free technologies will be of great value.

The research question, namely whether or not renewable energy patent applications per capita 

have converged or diverged, is addressed empirically by performing several types of 

convergence tests. Conditional -convergence is tested first, i.e., convergence after the 

differences in the steady states across countries has been controlled for. This type of 

conditional convergence is tested by regressing average growth rates on the initial level (while 

controlling for other exogenous factors). Thereafter, a distributional dynamics approach is 

employed to test for so-called -convergence (the narrowing of the distribution), i.e., to show 

whether the dispersion of per capita renewable energy patent applications across the EU

countries tends to decline over time. In the next step, we analyse how the distribution changes 

over time. Finally, the -convergence (i.e., movement within the distribution) test results are

presented, revealing the changes in an index of rank concordance. 

The main contribution of this paper is its novelty – in terms of data, time period and 

estimation approach – with respect of investigating convergence in an important field of 

sustainable economic growth, i.e. the development of renewable energy technology. This 

issue has so far not been investigated in the form proposed.

The remainder of the paper is organised as follows. In Section 2 previous environmental 

convergence research and technological change literature are reviewed. Section 3 presents the 

methods applied. Section 4 presents the data used, and discusses the use of patent applications

as a proxy for invention activities. Section 5 synthesises the empirical findings from the 

various convergence models and discusses the results. The paper ends with Section 6, which 

summarises the key conclusions and outlines suggestions for future research.

2. Previous Convergence Research and the Case for (and Against)

Convergence of Invention Outcomes

In economics, the concept of convergence has its origins in the classic Solow growth model 

dating back to 1956. The initial historical empirical tests of the convergence hypothesis

focused on real gross domestic product (GDP) per capita, and the presence of so-called -

convergence. The reason we should expect convergence of per capita GDP, according to the 

historical test results and economic theory, is that there are decreasing returns to capital. One
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consequence of decreasing returns to capital is that poorer countries can be predicted to 

experience higher growth rates than the richer countries (Barro, 1991a, 1991b). Capital will 

flow to countries where the return to investment is larger, and this is usually where wages are 

low, at least if the country´s institutions are favourable for economic development (Maurseth, 

2001).3 In this way the initially poorer countries will tend to catch-up with the richer ones,

and we have -convergence.

However, without a minimum level of technological capability (know-how), it is essentially 

impossible for a firm or a country to achieve deeper capabilities and improve existing 

technologies; hence, there are incentives to allocate some resources to domestic R&D (e.g., 

Cohen and Levinthal, 1989; Hussler, 2004; Mancusi, 2008). Several researchers have 

emphasised the decisive role that technology plays in economic convergence in the long run.

For example, in a study by Žižmond and Novak (2007) on technological convergence 

(defined in terms of gross fixed capital formation) between the 15 initial and the 8 later EU 

Member States, the authors found significant technological convergence. In a regional study 

over a set of European countries, Martin et al. (2005) revealed that, as the distribution of 

patents and public R&D converged, income per capita converged too. Jungmittag (2004) 

showed that, if technologies varied across countries, convergence of per capita incomes and

labour productivities would only occur in the presence of a converging development of 

national innovation capabilities. In addition, Fagerberg et al. (2005) found that there had been 

a convergence of income and productivity levels in Europe after the Second World War, but 

that this convergence process slowed down and gradually ended during the 1980s.

The limited body of past research that addresses technological convergence has thus far 

concentrated on aggregates, such as all patents, or productivity in general. However, subfields

of technology, such as developments in renewable energy, have not been investigated to 

date.4Within the realm of technological convergence, two previous studies that have explored

convergence in respect of inventive capabilities in Europe have some relevance for the current 

paper. Archibugi and Filippetti (2011) used a -convergence panel test to investigate how the 

global financial crisis of 2008 affected R&D investment convergence in the EU, and found 

divergence in their sample of Member States. Jungmittag (2006) investigated the convergence 

3 Recent endogenous growth theorists (e.g., Barro and Sala-i-Martin, 1992; Islam, 2003; Lucas, 1988; Romer, 
1986) have criticised the convergence hypothesis by pointing out several instances where per capita income has 
failed to equalise across rich and poor countries over time.
4 However, the economic literature does address convergence in environmental performance, e.g., of per capita 
carbon dioxide emissions (Aldy, 2006; Brock and Taylor, 2010; Nguyen-Van, 2005; Romero-Ávila, 2008; 
Strazicich and List, 2003). See Pettersson et al (2014) for a review of the carbon convergence literature. 
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of inventive capabilities using general patent data during the period 1963-1998. The current 

paper differs from these two studies (besides focusing on a narrower technological field) in 

that: (a) it applies multiple econometric approaches, it uses more recent data; and (b) it

provides a more in-depth discussion on the potential underlying causes of both convergence 

and divergence.

Overall, there is a case to be made for both convergence and divergence in terms of invention 

efforts and outcomes. Arguments for finding convergence are: (a) from a pure mathematical 

perspective, it can be assumed that laggard countries can grow faster (in percentage terms) 

than the more technologically developed countries (since growing from something small will 

give large growth rates). This relatively fast growth will lead to a catch-up with the more 

developed countries, at least in the long-run (Keefer and Knack, 1997); (b) disruptive 

inventions can render a country´s lead less valuable if they are looked-into a stagnant 

technology; (c) public policy can push countries to reach certain goals, disregarding costs; and 

(d) the emergence of better opportunities to make use of knowledge spillovers from abroad 

may arise due to intensifying cross-country interactions; even though the laggard countries 

might not generate breakthrough patents, there could be room for incremental improvements.

Divergence may occur because the knowledge generated is a public good5, which implies that 

some countries may free-ride on other countries’ development efforts. Furthermore, speaking 

against converging per capita renewable energy patent levels is, for instance, technological 

cluster theory. This is in turn in line with theories of economic geography, which suggest that

clustering occurs in the same industry because proximity generates positive externalities or 

“agglomeration effects” (Head et al., 1995; Rosenthal and Strange, 2001). In the case of 

technological research, this theory implies there will be increasing returns on investments in 

areas where other research activities already exist (e.g. Porter, 2000). In other words, 

inventive firms in a particular industry will establish themselves geographically in countries 

and regions where other inventive firms in the same industry can be found. Researchers will,

in turn, leave laggard countries and instead take up employment in countries where there are 

larger economic returns on new ideas. The most commonly used example of a cluster in an 

industry is Silicon Valley; here high-tech firms have established despite production costs 

5 Knowledge is typically a public good. A pure public good has defining characteristics; the consumption of it by 
one individual does not actually or potentially reduce the amount available to be consumed by another 
individual, and no one can be excluded from consumption. However, not all knowledge constitutes pure public 
goods. If renewable energy technologies are improved but the new knowledge cannot be appropriated at no (or a 
low) cost, then the public good is an impure public good.
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being significantly higher than, for example, in rural Idaho. Positive spillovers across 

complementary R&D activities provide stimulus for agglomeration; thus, the growth rate of a 

technology within a country may increase according to the ‘strength’ (i.e. relative presence) of 

related R&D activities (Delgado et al., 2014).

In sum, the above indicates rationales for the presence of both convergence and divergence in 

terms of renewable energy development activities across countries. The notion that the new 

knowledge generated has important public good characteristics in combination with 

technological cluster theory support the divergence hypothesis. In contrast, the importance of 

absorptive capacity, and the subsequent need to promote domestic R&D in order to make use 

of the knowledge develop abroad, tends to support the convergence hypothesis (or at least a

lower speed of divergence). 

3. Methodological Approaches

3.1 The Neoclassical Convergence Model

For our purposes, -convergence occurs when the per capita renewable energy patent 

applications of laggard countries, i.e., those with lower initial levels of renewable energy 

patent applications per capita, grow faster than the more patent-intensive countries. The 

conditional -convergence model in turn assumes the presence of different steady-state levels 

for the various countries.6

Conditional -convergence can be examined by adding a set of exogenous variables to 

equation (1), where differences in the steady states across countries are controlled for (Barro 

and Sala-i-Martin, 1991, 1992; Barro, 2015). Specifically, in a panel data setting conditional 

-convergence can be tested through a transformed Barro growth equation. We thus have:

= + ( ) + + + + (1)

where = ( / , ) is the growth rate in the number of per capita renewable energy 

patents between time period and t. The first term on the right hand side of the equation 

(1) is the logarithm of the initial level of renewable energy patent applications per capita, i.e., . Furthermore, t addresses country-specific fixed effects, t represents period-specific 

6 There are two concepts of -convergence, absolute and conditional. In this paper, conditional convergence is 
investigated. In our case, -convergence is absolute if countries with a low level of patent production and those 
with a high level have the same steady-state or long-run level of produced patents per capita.



7

effects, and it, is the error term. A vector consisting of the additional explanatory 

variables, including including human capital, is also added to the equation (see further below).

The estimation of equation (1) is straightforward. An estimate of c < 0 implies -

convergence.7 The baseline specification of the conditional -convergence model is presented 

in equation (2):

= + + +   +  + + + + (2)

Kit is an R&D-based knowledge stock taking into account the accumulated public 

expenditures to support renewable energy R&D in the respective countries; RESit is a variable 

measuring the number of researchers per 1,000 in the labour force; OPit is the oil price; and

EIit represents energy import dependence (all variable definitions and sources are presented in 

detail in Section 4). The non-stock control variables are lagged two years. For example, public 

R&D expenditures taking place in period t are assumed to lead to a patent application no 

earlier than in period +  ( = 2) (Nicolli et al., 2012).

Following Brännlund et al. (2015), the specification in equation (2) can be developed further 

by allowing c to vary across countries. Hence, we allow the speed of convergence to vary. 

We introduce interaction effects to allow for these different convergence speeds, and specify 

the following alternative model:

= + + +  +  + + IEI+ IKS + + + (3)

In Equation (3), the parameters IETit and IKSit represents the variables that are interacting – in 

this paper, Interaction – Energy import dependence and Interaction – Knowledge stock. Both 

these variables are expected to affect the growth path of renewable energy patent applications.

The hypothesis regarding the Interaction – Energy import dependence variable is that 

countries that are energy import dependent are dependent on externally supplied fossil fuels:

they are therefore incentivised to consider energy security and develop domestic renewable 

energy production. In general a higher knowledge stock should have a positive effect on a 

7 The speed of convergence and the half-life for the conditional -convergence models can also be calculated. 
Following Islam (1995), we have expc

, where per capita patent 
applications approaches its own steady-state level.
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countries patent production, however, according to Acemogul et al. (2012) path dependence 

can arise since the knowledge accumulation processes are sector specific. Substantial 

investments previously in a specific field can give increasing returns to future investments in 

the same field, but when the field reach maturity the new patent development can stall. Gawel 

et al. (2016) argues that even though a technology neutral renewable energy support scheme 

might be cost effective, it is not certain that it arises due to the political economy of the 

energy sector in different countries. Hence there might be a large knowledge stock but it 

might not have as big effect as expected.8

The main usefulness of a panel approach lies in it allowing for heterogeneity across countries 

in the sample (Islam, 1995). However, if one uses lagged dependent variables in traditional 

models such as pooled Ordinary Least Squares (OLS) Models, or Fixed- or Random-effects 

Models, there is a substantial risk that the model will yield biased results due to endogeneity 

issues. Kiviet (1995) therefore proposes the use of the least squares with dummy variables 

bias-corrected estimation (LSDVC estimation), which has been found to be quite accurate 

even when sample size (N) and time (T) are small. The LSDVC estimation is also more 

efficient than the various instrumental variables (IVs) and generalised method of moments 

(GMM) estimators that Kiviet tried. One example of a GMM approach was presented by 

Arellano and Bond (1991), who outlined a two-step method in which lags of explanatory 

variables in levels were used as instruments. Still, the GMM estimators were originally 

designed for large N and small T. In our paper, N = 13 and T = 22, i.e., both are small. For the 

above reasons, the LSDVC approach is used in the conditional c-convergence regression.9

3.2 The Sigma-convergence ( ) Model

-convergence is tested based on a dispersion measure widely used in economic growth 

research. Quah (1993b) suggests a novel methodological approach for testing for -

convergence. This approach allows the complex dynamics of evolving cross-country

distributions to be discovered.10 The measure of -convergence is but a subset of Quah’s 

approach; however, it is a good starting point. The advantage of using the -measure is 

twofold. The first advantage is that it is an unbiased measure of -convergence. By looking at 

8 On a technical note: if we choose not to apply these interaction terms, represents an average over all sectors-
Alternatively, it assumes that there is no heterogeneity across countries. Allowing for heterogeneity – i.e., that 
depends on country characteristics – is a more general model specification (Brännlund et al., 2015).
9 In the paper the standard Blundell and Bond (1998) estimator with no intercept, is implemented by the Stata 
routine xtlsdvc.
10 As noted by Boyle and McCarthy (1997, 1999), both Sala-i-Martin (1996) and Quah (1993b) argue that -
convergence is a necessary but not a sufficient condition for -convergence.
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the process over time, one can see if it is possible to detect significant periods during which 

some sort of break in the development occurred. Secondly, the measure of -convergence 

allows us to track the evolution of the convergence process over time. Following the -

convergence over time enables the identification of visible peaks in the distribution, e.g.,

shocks that have affected the development process around a specific period.

We use the -model to estimate the annual standard deviation of the natural logarithm of 

renewable energy patent applications per capita. If the dispersion declines over time, then 

renewable energy patent applications per capita are converging in a -sense (Barro and Sala-i-

Martin, 1992). Thus, -convergence can be tested by investigating the cross-sectional 

standard deviation, (coefficient of variation), over time and trend. The can in turn be 

formulated as follows: 11

 =   (4)

In equation (4),  is the renewable energy patent applications per capita for country i at 

time t, and  is the corresponding mean value of the number of patent applications. If t is 

trending downward towards zero, or if t+T < t, then -convergence of per capita patent 

applications is supported (e.g., Ezcurra, 2007; Liddle, 2009, 2010). 

3.3 The Distributional Convergence Model

In line with Liddle (2009, 2010), in order to determine whether the shape of the distribution of 

renewable energy patent applications has changed and converged over time, the kernel of the 

density estimates of the distribution is can be calculated. The kernel approach is meant to 

complement the previously addressed -approach, and it offers more information on how the 

distribution has developed over time. 

Some researchers (e.g., Desdoigts, 1999; Quah, 1997) have suggested that interpreting 

measures of dispersion as -convergence may not be straightforward if the distributions are 

not uni-modal. This is because outliers can be an important driver of -convergence (e.g., if 

one or more countries are developing rapidly, this can be driving what appears as overall 

divergence).

11 For small samples such as the one used in this paper, the denominator (N-1) replaces the usual n.
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To some extent, the kernel can reveal distributional dynamics movements, such as the 

formation of twin peaks, polarisation, and stratification. One easy option to detect such 

movements would be to use histograms, the oldest and best-known non-parametric density 

function estimator. Histograms would be useful to describe certain data characteristics, but for 

our purposes there are drawbacks, such as having to make more or less arbitrary decisions

about the size of intervals. This makes histograms unsuitable for the estimation of the density 

function of the distribution under study (Ezcurra, 2007).

Instead the kernel method is used to provide the density of renewable energy patents

applications per capita during the period 1990-2012. For this, we use the relative renewable 

energy patent applications per capita (In Equation (5) denoted Ry, to differentiate it from 

previous estimations), i.e. renewable energy patent applications per capita of each country i at 

time t divided by the sample average at t.12 Specifically, the density of y at point is given 

by:

 ( ) = (5)

where ( ) is the smoothed parameter used in the graphic representation; is the 

density of renewable energy patent applications per capita in country i at time t; N is the 

sample size (e.g., the number of countries); K(.) is a univariate kernel function; and h is the 

bandwidth, also called the smoothing parameter. For our purposes, the Epanechnikov kernel 

is used. This kernel is optimal in a mean square error sense, although the loss of efficiency is 

small for other kernel specifications as well.

3.4 The -convergence Model

As a complementary measure, the intra-distribution mobility, i.e. the -convergence, is

investigated. The use of this complementary measure was proposed by Boyle and McCarthy’s

(1997), based on the argument that the kernel approach has weaknesses and that there is a lack 

in generality for the -convergence when testing for -convergence. Therefore, they suggest a 

supplement; an index of rank concordance. The index of rank concordance is referred to as -

convergence, and it measures the intra-distributional mobility over time (the position of 

entities relative to each other). In the context of the current study intra-distribution mobility

shows whether the countries’ per capita patent application intensities have remained the same 

12 This relative measure allows us to avoid some common trends (e.g., overall patenting propensity over time) in 
patenting activity (Van, 2005).
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over the years in relation to each other. Constructing the -convergence measure in addition to 

the other models in this study offers the possibility that, even if the dispersion of renewable 

energy patent applications per capita declines over time, the individual countries with the 

highest and lowest intensities could remain the same (Liddle, 2009).

In order to measure the intertemporal distribution of the countries’ patenting application

output, we examine the change in their ordinal ranking. To this end, we present distributions 

of patent applications per capita over time. This is done to improve our understanding of 

changes in the complete distributions over time, which in turn can shed additional light on the 

intra-distributional dynamics that may not be captured by a single parameter characterising

the variance of the cross-section (i.e., -convergence). For a single country we find the ratio 

of its renewable energy patent applications per capita to the selected EU country average for 

each year, i.e., the so-called relative renewable energy patent applications per capita. 

Normalising a country’s renewable energy patent applications against the EU average allows 

us to discern country-specific movements from global growth or trends in patent applications.

An index was constructed ranging from zero (0) to unity (1). The denominator of the index is 

the maximum sum of ranks focusing on the concordance between the ranks in year t and year 

0. The closer this index value is to 0, the greater the extent of mobility has been within the 

distribution. This index value for each country, as constructed by Boyle and McCarthy 

(1997), can be calculated as:

= ( ( ) ( ) )( ( ) ) (6)

where variance ( ) is the actual rank of country i’s patent applications per-capita output

in year t; and ( )  is the actual rank of country i’s renewable energy patent applications

per capita in the initial year (i.e., t = 0). A change in a countries relative position (ranking) 

will lead a < 1 after summing all countries we get a value for how much the 

countries changed position relatively to each other.

This -convergence index has two distinct advantages: it builds on simplicity and the lack of 

imposed structure on the data (Liddle, 2010). 13 Moreover, it provides a single number traced 

13 For example, stochastic kernels (e.g., Ezcurra, 2007) have been used to generate contour plots of the 
distribution. However, these three-dimensional figures are not always straightforward to interpret. Alternatively, 
one can calculate a so-called transition probability matrix, i.e., calculating the probability of a country moving 
from one category – chosen by the researcher – to another, over a specified timeframe. A downside of this latter 
approach is that the structure and, hence, the interpretation of such matrices may depend on the discrete 
categories chosen.
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over time in two dimensions, making it rather easy to interpret compared to some other 

distribution dynamics plots. Hence, while -convergence does not capture all the potentially 

wide-ranging features of a changing renewable energy patent applications distribution, it

nonetheless provides an important additional summary indicator to -convergence regarding 

the nature of the evolving distribution. In our empirical context, a significant movement 

among the countries across the given time span should not be unexpected. Since the 

renewable energy field is a rather narrow technological field compared to the aggregate of all 

patents applied for in a country, a breakthrough could have a large effect on a country´s 

patenting propensity.

4. Data Sources and Definitions

To analyse the convergence pattern over time, a data set containing a balanced panel of 13 of 

the 15 first EU Member States over the period 1990–2012 was used.14 The selection of this

period and countries was based on considerations regarding both historical development of 

the dependent variable and the EU’s expansion pattern. The early 1990s also saw a lot of 

geopolitical changes, such as the reunification of Germany and the expansion of the EU. At 

the start of the period under study, three countries were not yet members of the EU: Austria, 

Finland and Sweden only joined in 1995. Several more countries joined in 2004 and in the 

years that followed. The motivation for not including the post-2004 Member States is because 

they have (pree-2004) been exposed less to the convergence efforts before they entered the 

Union, and the Eastern European countries did not become a member of the EPO until 2002.

For example, the EU’s Lisbon Strategy, which put the Knowledge Economy at the centre of 

economic policy from 2000, called on Member States to make a major effort to invest more in 

R&D and other innovation-related activities being performed in the EU.

4.1 The Dependent Variable

In the empirical analysis, the dependent variable ( y = ln(y /y , )) is the change in 

renewable energy patent applications per capita (claimed priorities date) by inventor country

(descriptive statics on the dependent variable and on renewable energy patenting in Europe is 

presented in Appendix B, Tables B1-B3). These data were extracted from the statistical 

14 The omission of Greece and Luxembourg is due to an insufficient reporting of the needed data. Also, 
Luxembourg has had minimal public support to renewable energy R&D.
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database of the Organisation for Economic Co-operation and Development (OECD).15 The 

counts are based on the number of patent applications at the European Patent Office (EPO), 

and categorised by the inventor’s country of origin and counted on priority date.16 These types

of data have been in used in several other econometric studies as approximations of the 

impact of technological change and invention (e.g. Budd and Hobbis, 1989a, 1989b; 

Fagerberg, 1988; Jungmittag, 2004; Jungmittag and Welfens, 2002; Jungmittag et al., 1999).

EPO patents have an internationally standardised format, which is of great advantage when 

comparing and using them in empirical analyses (Rübbelke and Weiss, 2011). As expressed 

by Griliches (1990), “In this desert of data, patent statistics loom up as a mirage of wonderful 

plenitude and objectivity” (p. 287). Not all patents carry the same value, though. A downside 

of using patent counts as a measure of innovative output is that the patents’ commercial value 

is not normally distributed. Using a set of German patents, for example, Harhoff et al. (2003)

showed that the top 25% of patents accounted for more than 90% of overall patent economic 

value. Nonetheless, even with all potential flaws, patenting records remain a good source for 

assessing technological change. As Griliches (1998) puts it, “Nothing else even comes close 

in the quantity of available data, accessibility, and the potential industrial, organizational, and 

technological detail,” (p. 336).

Figure 1 displays the development of total renewable energy patent applications by country. It 

displays that Germany and Denmark have the most significant total renewable energy patent

application output of all the countries in the sample.17

15 The data cover the patent application counts in the following renewable energy categories: wind energy, solar 
thermal energy, solar photovoltaic energy photovoltaic/thermal hybrid solar systems (PVT systems), geothermal 
energy, marine energy, hydro energy (tidal, stream or dam), hydro energy (conventional), fuel from waste, and 
bioenergy.
16 The priority date refers to the date when the patent was filed. Only patents filed under the Patent Cooperation 
Treaty (PCT) were included to approximate innovations in line with OECD recommendations (Hascic et al., 
2009). The geographical location of the inventor is considered, and thus not the formal applicant since the 
applicant can be a company registered in a different country than where the knowledge was produced in the first 
place (e.g., Fischer et al., 2006).
17 Appendix A, FigureA1 contains the total number of patents by country.
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Figure 1: Renewable energy patent applications per capita by country, 1990-2012.
Source: OECD (2014).

Figure 2 displays the number of renewable energy patent applications in the 13 EU Member 

States by technology. The last ten years, i.e., 2002 to 2012 saw a rapid growth in wind and 

solar energy inventions, while other renewable energy sources seemed to have gained only 

moderate momentum during the same period.

Figure 2: Renewable energy patent applications in 13 EU Member States by technology, 
1990-2012. Source: OECD (2014).
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4.2 The Independent Variables

The control variables that were used when the -convergence model was run were in parts 

gathered from the OECD’s Research and Development Statistics database. Several country-

specific macroeconomic conditions may be expected to affect the rate and the direction of 

invention with respect to renewable energy sources. The variable definitions and descriptive 

statistics for each of the variables can be found in Table 1.18

Table 1: Definitions of variables and descriptive statistics

Variable Definition Mean S.D. Min. Max.

Dependent variable:
Growth rate in renewable 
energy patent applications 
counts per capita ( ) Growth rate in patent 

application counts per capita in 
country i at time t.

0.15 0.63 -2.89 2.29

(yit-1)
The one period lag of the patent 
application counts per capita for 
country i at time t - 1

1.85 4.52 0.01 39.99

Knowledge stock (Kit) Accumulated public spending 
on renewable energy R&D,
adjusted for depreciation and 
time lags (see Equation (7) for 
details)

63 25.02 0,00 101.89

Research personnel 
(RESit)

Number of researchers per 
1,000 employees in the labor 
force in the country

10.80 4.03 2.43 22.28

Oil price (OPit) Real petroleum prices in 2005 
US$ (deflated using the 
Consumer Price Index)

47.14 24.15 17.60 102.26

Energy import 
dependence (EIit)

Energy use less production,
both measured in tons of oil 
equivalents

50.17 33.65 -65.74 90.32

Interaction – Energy 
import dependence (IETit)

The one period lag of the 
dependent variable multiplied 
with the energy import 
dependence variable

1.87 7.57 -36.39 30.75

Interaction – Public R&D 
(IKSit)

The one period lag of the 
dependent variable multiplied 
with the R&D-based knowledge 
stock

0.48 2.56 -8.20 9.83

18 R&D and the number of researchers can, in many cases, be suspected to be related; if there is a strong 
correlation between them, biased results will be generated. When checking these independent variables, no such 
high correlation rates were found. A correlation matrix is provided in Appendix C (Table C1).
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The invention capabilities19 of a given country are assumed to depend on three factors: (a) its 

common invention infrastructure such as R&D-focused employees and/or R&D expenditures 

as well as the stock of previous inventions (e.g., Romer, 1990; Grossman and Helpman, 

1991); (b) its technological and economic specialization, and (c) the quality of the linkages 

between its common infrastructure and industries that engage in inventive efforts (Jungmittag, 

2006).

Public R&D spending is commonly considered and used as a variable when analysing 

countries’ innovative capacity (e.g., Dechezleprêtre and Glachant, 2013; Furman et al., 2002). 

In general, public R&D spending is assumed to add to the innovative process in a country by 

reinforcing the common innovation infrastructure. For the current study, data on public 

renewable energy R&D support were collected from the OECD’s Science and technology 

indicators database. We assume that public R&D expenditures add to a stock of R&D-based 

knowledge in the renewable energy field (Kit) (Klaassen et al., 2005; Krammer, 2009; 

Söderholm and Klaassen, 2007). This knowledge stock is constructed using the so-called 

perpetual inventory method (Ek and Söderholm, 2010). Specifically, the knowledge stock is 

defined as follows:

= (1 ) ( ) + & ( ) (7)

where &  represents the annual public R&D spending on renewable energy, x is the 

number of years before the R&D expenditures add to the knowledge stock. The time lag was 

set to two years (Klaassen et al., 2005). Furthermore, the knowledge generated is assumed to 

depreciate over time; thus, is the annual depreciation rate of the knowledge stock 

(Hall and Scobie, 2006). A depreciation rate of 15% was used. This is in line with Griliches 

(1998) and Corradini et al. (2014), but alternative assumptions were also tested (see Appendix 

A).

We also need to account for the fact that there was some accumulation of public spending on 

R&D for renewable energy sources before the period under study; there was spending in most 

countries in the first available year in the OECD’s stats database, namely 1974. The initial 

spending level was low in most countries in 1974. The initial stock ( ) was calculated as = &  (8)

19 According to Stern et al. (2000), the national innovation capability of a country can be defined as the potential 
to produce a stream of commercially relevant innovations.
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where & is the amount of public expenditure on renewable energy R&D in the first year 

available (1974), and g is the average geometric growth rate for such R&D spending by 

country over the first ten years (e.g., Hall and Scobie, 2006; Madsen and Farhadi, 2016).20

Investment in human capital is necessary for the development of advanced products and new 

inventions (Romer, 1990). The variable Research personnel (RESit) is included in the model 

to capture the extent of human capital formation. This variable consists of data on the number 

of researchers per 1,000 employees in the respective countries. These data were obtained from 

the Main Science Technology Indicators published by the OECD.

The return on investing in the development of renewable energy technologies depends on the 

price of energy substitutes. If the price of oil soars, then the hunt for renewable substitutes is 

intensified. The Oil price (OPit) variable represents proxies for the price of alternatives to 

renewable energy sources. For example, Bürer and Wüstenhagen (2009) found that US-based 

investors were sceptical towards general governmental clean energy support schemes, instead

stating that the power of market signals such as high oil prices were the key drivers for their 

investment. The data for the Oil price series were obtained from the International Energy 

Agency (IEA, 2014b). These data cover real petroleum prices, and were computed by 

dividing the nominal price in a given month by the ratio of the Consumer Price Index (CPI) in 

that month to the CPI in some ‘base’ period. Based on this computation, yearly averages were

calculated.

The variable Energy import dependence (EIit) represents energy use minus energy production,

both measured in oil equivalents. Energy imports are likely to affect a country’s strategic 

decisions regarding any renewable energy policy. Thus, a country with a high level of energy 

imports has reason to invest in renewables since this would reduce its exposure to 

international fuel price fluctuations and, possibly, supply shock interruptions caused by 

political instability or future resource constraints (e.g., Neuhoff, 2005). The data used to 

construct the Energy import dependence variable were obtained from the IEA data series on

total primary energy supply (IEA, 2014c). A negative value indicates that the country is a net 

exporter.

20 For some countries, the application of the average geometric growth rate did not matter as minimal R&D 
activity was observed in the initial year and, indeed, for some years after that. Formally, we added 1 to each 
number (to avoid any problems with negative percentages). We then multiplied all the numbers together, and 
raised their product to the power of 1, divided by the count of the numbers in the series, and subtracted 1from the 
result.



18

Two interaction variables are also included. These include the one period lag of the dependent 

variable multiplied by Energy import dependence and public R&D knowledge stock,

respectively. As was noted above, these interaction variables permit us to test whether the 

speed of convergence tends to differ across countries with varying characteristics.

5. Empirical Results

5.1 Results from the -convergence Test

Table 2 contains the empirical results of Equation (2) and Equation (3) for the cross-country 

panel estimation, i.e., the one testing for conditional -convergence. 21 Model I concern a 

baseline regression for Equation (2) while in Model II and III interaction variables are added.

Model II contains the variable Interaction – Energy import dependence and Model III 

contains the variable Interaction – Public R&D.

The results show that c is statistically significant and has a positive sign in all Models I-III.

For instance, the c coefficient in Model I has a positive sign (0.371) and is statistically 

significant, thus suggesting that the per- capita renewable energy patent applications counts 

are diverging.

The coefficient c is large in this study when compared to the corresponding coefficients that 

usually appear in other convergence research (e.g., addressing changes in GDP per capita).

One explanation for this large coefficient is that the patent application production in the 

renewable energy field does not resemble many other fields in which convergence research 

has been conducted (e.g. GDP or carbon dioxide). For example, a country that produced 

twenty patents in one year and twenty-four in the next will have experienced a large growth 

rate (20%). Hence, we cannot expect to see a pattern that resembles a country’s general 

economic growth path where the annual growth rate of the economy is within a 1–3% range 

for most developed countries.

21 Table A1 and A2 in the Appendix presents the results when assuming the presence of different depreciation 
rates (5% and 10%) of the knowledge stock for Model 1. Table A1 shows that the results remained robust, i.e. 
we find statistically insignificant impacts even when assuming lower or higher depreciation rates. The results for 
the other variables also remained robust in these different depreciation settings, furthermore 100 and 200 
iterations were run with little difference in the coefficient results.



19

Table 2: Results from the Conditional -Convergence Model

Coefficients Model I Model II Model III

Convergence parameter 0.371*** 0.225*** 0.228***
(0.06) (0.03) (0.02)

1 Knowledge stock 0.024 -0.011 0.002
(0.05) (0.02) (0.01)

2 Research personnel -0.063 -0.097 0.059
(0.272) (0.120) (0.053)

3 Oil price 0.248* -0.048 0.031*
(0.134 (0.05) (0.02)

4 Energy import dependence -0.0482* -0.063*** -0.000
(0.04) (0.01) (0.292)

5 Interaction – Energy import 
dependence  -0.236***

(0.004)

6 Interaction – Knowledge stock -0.08***
(0.006)

Country dummies Yes Yes Yes
Year dummies Yes Yes Yes
Number of Observations 273 273 273
Number of Countries 13 13 13
Number of Years 22 22 22
Iterations 200 200 200

Note: The standard errors are in parentheses. ***, ** and * denote statistical significance at the 1%, 
5% and 10% levels, respectively.

The empirical results further reveal that the Knowledge stock was not statistically significant.

In the case of the Oil price variable, the results indicate a statistically significant and positive 

impact (in models I and III), thus suggesting that higher oil prices imply higher growth rates 

in renewable energy patenting activity.

Moreover, the level of Energy import dependence for a country is found to have a negative

and statistically significant impact on the growth rate in the per capita renewable energy 

patent applications. The result were unexpected since one could expect that if a countries 

dependence on something is high then there should be incentives to research alternatives.

The c coefficients in Models II and III also point to diverging renewable energy patenting 

activities. Models II and III include the respective interaction effects. In both models the 

interaction variables were found to be statistically significant and negative. Firstly, the 

significance of the interaction effect involving energy import dependence implies that the 

speed of divergence will be lower the higher is the energy import dependence for a country. A

possible explanation is that countries that are heavily import dependent have less incentives to 
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only free-ride on renewable energy development efforts. These countries will engage in some 

R&D so the rate of divergence does not increase as fast as it would have.

Secondly, the statistical significance of the second interaction variable implies that the speed 

of divergence from the steady-state level will be lower where the R&D-based knowledge 

stock for a country is higher (i.e., the patent propensity diverge slower between countries that 

have invested much in public R&D).

The divergence result obtained in Model I-III can be due to that agglomeration effects are in 

play, to some extent, where industries are clustering together because of the presence of 

positive externalities (knowledge spillovers), but free-riding may also play a part (Head et al., 

1995; Rosenthal and Strange, 2001). Divergence is consistent with agglomeration effects and 

free riding. But the results obtained shows that the divergence occur slower if a country have 

high energy imports and a high knowledge stock, under those circumstances it seems less 

rational to free ride. 

When it comes to divergence, the best-case scenario in respect of renewable energy 

development is that the knowledge generated is to some extent a public good: some countries 

can free-ride on other countries’ development efforts. However, free-riding might not be 

sustainable in the long run because political motives will begin to play a role when it comes to 

the public continuing to accept that citizens in some EU countries carry the financial burden 

for others. Furthermore, as was noted previously, spillovers are dependent on the destination 

country’s technological capabilities (e.g., Cohen and Levinthal, 1989; Hussler, 2004; 

Mancusi, 2008); so, if countries’ growth rates are too diverging, the development might be 

threatened and the divergence increase; the laggard countries will no longer have the capacity 

to benefit from international knowledge spillovers and the future development of the 

technological field might be threatened.

Nevertheless, the concept of -convergence alone will not help to predict (inconclusively)

whether laggard countries will diverge from the most invention-intensive ones. Thus, further 

investigation of the data is warranted.

5.2 Results from the Complementary Convergence Tests

Figure 3 shows the -convergence results, all normalised to the initial year. A value below 

one and going towards zero (0) would indicate movement towards convergence during that 

period, while a number above one (1) indicates divergence. Our data analysis reveals the latter 

divergent path. The values of the coefficient of variation increased between 1990 and 2012,
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indicating an increase in the cross-sectional spread of renewable energy patent applications

per-capita over time. Thus, for our sample of EU Member States, -divergence occurred from 

1990 until 2012. To complement the findings of the -measure, and to further determine if 

the shape of the distribution in per capita renewable energy patent application counts has 

changed over time, it is useful to investigate the kernel density estimates of the distribution. 

Figure 3: - (coefficient of variation) divergence in renewable energy patent applications per 
capita, 1990-2012.

Figure 4 illustrates a comparison of the kernel density functions of the first and last year of the 

data set. Each country’s per capita patent application-count levels were normalised to the 

sample average of the year in the graph. Figure 4 highlights that the initial distribution is 

different from the one two decades later, although the distribution over the period (1990-

2012) is similar, i.e., it exhibits a single-modal pattern. The major mode corresponds with 

countries that have relative renewable energy patent applications per capita lower than 2.

Between the years 1990 and 2012, there was a decrease in the mass concentrated around the 

average in the main mode, as a result of the increased weight by the end of the distributions. 

In addition, the second mode tended to withdraw from the average during the period 

considered. Accordingly, the results suggest the presence of a divergence process in the levels 

of renewable energy patent applications per capita across the sample countries over the 

period.
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Figure 4: Kernel density estimates of renewable energy patent applications per capita, 1990
and 2012.

Figure 5 shows the -convergence or intra-distribution mobility for the sample, normalised to 

the initial year. Since 1990 is the starting year, the value is normalised to 1. The -measure 

allows us to see whether there was a large change in the distribution for each year in the 

period. A value of 1 indicates that there was no change in the intra-distributional ranking. The 

findings show that there was not one year without a change in the distribution. For most of the 

years, the value was above 0.8.

Figure 5: -divergence among the sample countries, 1990-2012.
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Figure 5 shows no significant changes in the country ranking of renewable energy patent

applications per capita occur in the early part of the time period, as evidenced by the small 

change in -distribution in the later part. It is interesting to note, therefore, that the year 2005

saw a larger distribution change from one year to the next. In the period after 2008 up to 

2012, the movement of the -measure gathers momentum again. The year 1995 seems to be

the one in which fewest countries changed rank in their per capita production of renewable 

energy patent applications. The period between 1999 and 2005 revealed more movements in 

the distribution. 

This result should therefore be interpreted as a moderate degree of internal change in the 

distribution, with some tendency towards a larger change of the ranking at the end of the time 

period. Overall, the lack of intra-distributional mobility indicates divergence, this since the 

countries roughly remain where they are ranked in relation to each other, despite the 

possibility of a larger variance between them (as the -measure suggests).

Thus, if the countries are on a similar path in terms of invention outcomes, then it is likely 

that they will change rankings more often. However, if they are on different levels in relation 

to each other, then there is less room for changes in the rankings – even if there is 

considerable change in the countries’ patenting application outcomes. In the case of patents, a 

rather large amount of ranking change could be expected during some years. For example, a

patent might lead to a significant technological breakthrough, which in turn may lead to 

several new follow-up patents and hence a rapid increase in the countries ranking.

6. Concluding Remarks and Implications

The objective of this was to investigate the presence of convergence (or divergence) in the per 

capita patenting activities in the renewable energy field across European countries. The 

analysis combined both cross-sectional and distributional measures to test for convergence, 

using data on renewable energy patent applications from 13 EU countries over the time period 

1990–2012. In both the conditional -convergence and -convergence tests, the results 

indicate the existence of divergence. In the case of -convergence, the movement in the 

ranking in a country’s relative ranking in terms of technological development in the context 

concerned is not particularly large over the years despite some exceptions, indicating a stable 
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distribution. In other words, countries who were leaders in the beginning of the period studied 

maintained their position over time.

The divergence begs the following question: what are the implications of this finding, and do 

the findings constitute a problem? The economic issue is probably less of a concern than any 

political ones that might arise. From the general perspective of economic growth, who 

develops technology and where it is developed is less important than the fact that it is being 

developed in the first place. For technological development and, hence, prosperity, 

specialisation in technologies will probably lead to higher economic growth – which is a 

policy goal for many governments. 

The reported divergence in renewable energy developments may also affect the economic 

costs of attaining the EU’s 2020 and 2030 goals. These diverging pathways raise concerns 

about the prospects for a transition to a more sustainable energy system for the EU as a whole;

there is a risk of a lower level of goal fulfilment regarding renewables in the energy mix. An 

unfair burden-sharing among its Member States could also undermine the EU’s efforts to 

address the problem of global warming jointly and efficiently due to free-rider issues and sub-

optimal investment levels. Given the urgency of addressing the accumulation of greenhouse 

gases in the atmosphere, for example, there is immense value in developing and expanding 

the use of low-cost carbon-free technologies relatively quickly.

The renewable energy development invention efforts in various EU countries are 

heterogeneous, with increases in some countries and modest developments in others. This 

heterogeneity is in many ways expected: the EU is a collection of different national and 

regional innovation systems in the renewable energy field development. Thus, some regions 

seem to be strongly integrated in knowledge transmission, while others continue to be 

peripheral. One reason why a country is unable to make use of new technology is if it has not 

built up an absorptive capacity of sufficient magnitude. For instance, a low level of own R&D 

compromises the potential for making use of knowledge spillovers from abroad, and this can

in turn hamper the deployment of new technology. Therefore, some amount of divergence is 

not a major issue; rather, the problem lies in the possibility that the divergence becomes too 

great. 

The renewable energy case is but one of many technological fields. Nonetheless, it is of some 

general interest when it comes to the issue of technological development. We know that 

technological convergence in general plays a key role in general economic convergence. This 

paper has illustrated that a sub-field of technology in a number of EU Member States is on a 
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divergent path, and this may have implications for general convergence. The results of this 

study also point to the need for further research on the driving forces behind divergence in 

technological development efforts. Without such knowledge, it will be hard to identify

suitable strategies to ensure an efficient transition to a carbon-free energy system.
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Appendix A

Table A1: Parameter estimates for the conditional convergence model with a 5 and a 15% 
depreciation rate to the R&D-based knowledge stock.

Coefficients 5% 10%

Convergence parameter 0.371*** 0.371***

(0.062) (0.061)

1 Knowledge stock 5 0.027

(0.06)

1 Knowledge stock 10 0.024

(0.058)

2Research personnel -0.072 -0.063

(0.277) (0.272)
3 Oil price 0.250* 0.248*

(0.134) (0.279)

-0.047** -0.048**
4 Energy imports

  (0.041) (0.042)
Country dummies Yes Yes
Year dummies Yes Yes
Observations 273 273
Number of countries 13 13
Iterations 200 200
Note: The standard errors are in parentheses. ***, ** and * denote statistical significance at the 1%, 5% and 10% 
levels, respectively.
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Table A2: Parameter estimates for conditional convergence model with a 5 and 15% 
depreciation rate to the R&D knowledge stock and interaction variables.

5 % + 
interaction

5 % + 
interaction

5 % + 
interactions

10 % + 
interaction

10 % + 
interaction

10 % + 
interaction

c Convergence 
parameter 0.233 0.351*** 0.157* 0.234 0.352*** 0.151*

(0.020) (0.013) (0.008) (0.02) (0.013) (0.008)
1 Research personnel 0.039* 0.068* 0.026* 0.040* 0.068* 0.026*

(0.106) (0.078) (0.049) (0.108) (0.080) (0.050)
2 Oil price -0.00685 0.0275 0.00291 -0.00647 0.0273 0.00299

(0.0518) (0.0384) (0.0236) (0.0516) (0.0382) (0.0236)
3 Energy imports -0.004* 0.015 0.006 -0.004* 0.015 0.006

(0.031) (0.022) (0.014) (0.031) (0.022) (0.014)
4 Knowledge stock 5 -0.003 0.001 -0.002

(0.019) (0.014) (0.009)
4 Knowledge stock 10 -0.003 0.001 -0.001

(0.017) (0.013) (0.008)
5 Interaction –

Energy import 
dependence

-0.246*** -0.102*** -0.246*** -0.102***

(0.003) (0.00454) (0.003) (0.004)
6 Interaction –

Knowledge 
stock

-0.086*** -0.054*** -0.086*** -0.0540***

(0.00) (0.001) (0.000) (0.001)
Country dummies Yes Yes Yes Yes Yes Yes
Year dummies Yes Yes Yes Yes Yes Yes
Observations 273 273 273 273 273 273
Number of countries 13 13 13 13 13 13
Number of Years 22 22 22 22 22 22
Iterations 200 200 200 200 200 200

Note: The standard errors are in parentheses. ***, ** and * denote statistical significance at the 1%, 5% and 10% 
levels, respectively.
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Appendix B

Table B1: Descriptive statistics: dependent variable (not logged) growth (%) in renewable 
energy patent applications per capita, by country (note that in some cases the patent count 
went from 1 to 9 patents in a year, explaining the large changes).

Country Mean S.D. Min Max
Austria 142 101 -14 495
Belgium 136 92 -47 463
Denmark 168 156 -24 597
Finland 147 110 -24 498
France 121 189 -46 185
Germany 117 28 -58 174
Ireland 160 183 -21 888
Italy 150 130 -37 559
Netherlands 159 173 -5 895
Portugal 160 197 -16 934
Spain 145 96 -36 480
Sweden 156 162 -33 798
United Kingdom 127 74 -49 414

Total 148 133 -5 935

Table B2: Descriptive statistics: number of total renewable energy patents applications by 
country.

Country Mean S.D. Min Max
Austria 17.47 16.31 1 55.79
Belgium 12.21 12.46 1 38.87
Denmark 60.28 80.06 1 221.89
Finland 7.4 8.9 1 24.75
France 51.89 64.9 2.33 176.73
Germany 252.26 256.67 27.5 714.59
Ireland 4.85 7.97 0.5 37.8
Italy 37.3 44.98 1 125.24
Netherlands 30.75 30.17 0.33 83.97
Portugal 3.39 3.73 1 11.08
Spain 34.53 43.65 1 113.18
Sweden 13.89 14.23 1 52.78
United Kingdom 53.92 57.41 3.83 164.27
Total 44.63 101.3 0.33 714.59
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Table B3: Descriptive statistics: number of renewable energy patent applications per million 
inhabitants, by country.

Country Mean S.D. Min Max

Austria 2.45 2.35 0.13 8.13
Belgium 1.35 1.31 0.1 4.43
Denmark 12.2 15.98 0.19 51.62
Finland 2.43 2.79 0.19 9.82
France 3.73 10.07 0.09 36.72
Germany 3.33 3.52 0.46 10.54
Ireland 1.3 1.92 0.13 8.13
Italy 0.69 0.82 0.02 2.31
Netherlands 2.34 2.33 0.26 7.05
Portugal 0.29 0.3 0.06 1.12
Spain 0.77 1.01 0.03 2.89
Sweden 1.86 1.94 0.11 6.34
United Kingdom 0.99 1.07 0.09 3.4

Total 2.6 6.18 0.02 51.62

Figure B1: Renewable energy patent applications per capita by country, 1990-2012. Source: 
OECD (2014).
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Appendix C

Table C1: Correlation matrix

convergenc
e parameter

Knowledg
e stock

Research 
personnel Oil price Energy 

imports

Interaction 
– Energy 
import 
dependenc
e

Interactio
n – Public 
R&D

onvergence 
parameter 1

Knowledge stock 0.04 1

Research personnel 0.03 0.36 1

Oil price -0.01 -0.21 -0.27 1

Energy imports 0.08 0.24 0.32 0.05 1
Interaction – Energy 
import dependence 0.81 0.02 0.00 0.13 0.10 1

Interaction – Public 
R&D 0.78 0.06 0.04 -0.02 0.08 0.86 1
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Abstract 

The overall objective of this paper is to analyse the development of government support to 

renewable energy R&D across EU countries over time. The empirical analysis departs from 

the construction of country-specific R&D-based knowledge stocks, and investigates whether 

the developments of these stocks tend to converge or diverge across EU countries. A data set 

covering 12 EU Member States over the time period 1990-2012 is employed to test for the 

presence of conditional β-convergence using a bias-corrected dynamic panel data estimator.  

The empirical results are overall robust and suggest divergence in terms of public R&D-based 

knowledge build-up in renewable energy technology; this finding is consistent with free-

riding behavior on the part of some Member States and the presence of agglomeration effects 

in the renewable energy sector. Energy import dependence and electricity regulation are found 

to influence the growth of the R&D-based knowledge stock, and the deregulation of the EU 

electricity markets has overall contributed to a lower speed of divergence.  
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1. Introduction 

Climate change is commonly regarded as one of the most pressing challenges of our time, and 

a number of policy instruments have been put in place to encourage the adoption of zero-

carbon energy technologies. These policies include carbon taxes, emissions trading schemes 

and deployment subsidies to renewable energy sources. For instance, in the European Union 

(EU) the Renewable Energy Directive (2009/28/EC) stipulates binding targets for its Member 

States in terms of the shares of energy consumption stemming from renewable energy sources 

(European Commission, 2015a). At the EU level the share of renewable energy out of gross 

final energy consumption has grown over time, e.g., from about 9 percent in 2005 to roughly 

15 percent in 2014 (European Commission, 2015b). Still, the renewable energy outcomes in 

the respective EU Member States are heterogeneous with substantial capacity increases in 

some countries and far more modest developments in others (IEA, 2014).  

However, a transition towards a zero-carbon energy system also requires the development of 

new energy technology; both policy makers and researchers have been calling for a significant 

increase in public R&D commitments in the renewable energy field (e.g., Witte, 2009; Del 

Río, 2004; Reichardt and Rogge, 2014). Without such commitments, the ambitions of the 

recent global agreement in Paris (in 2015) to limit global warming to 2 degrees Celsius above 

pre-industrial levels could be difficult to achieve. Over the last two decades public R&D 

support to renewable energy has increased rapidly in Europe and in the OECD area (IEA, 

2016a). Renewable energy R&D is prioritized by the EU, e.g., through the Commission´s 

Horizon 2020 program (IEA, 2016b).  

Nevertheless, while the EU has overall succeeded in developing and adopting new carbon-

free technology (e.g., wind power, solar PV etc.), the Member States have more or less full 

discretion when it comes to government spending on renewable energy R&D, including any 

support to pilot and demonstration projects. In practice, public R&D efforts and innovation in 

the renewable energy sector are typically concentrated to a few countries; new high-value 

technologies have been developed in a relatively limited number of advanced economies such 

as Germany, Denmark etc. (Dechezleprétre et al., 2011). Other countries (followers) can take 

advantage of – and thus free-ride on – the R&D efforts pursued by the pioneering countries. 

Close economic integration, through trade and geographical closeness, increase the likelihood 

that countries have access to more or less the same pool of knowledge, even considering the 

fact that technological knowledge is not always fully codified and remains tacit and informal.  
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The overall objective of this paper is to analyse the development of domestic public support to 

renewable energy R&D across EU countries and over time. Since public R&D expenditures 

may have long-term impacts on knowledge build-up and technological change, we construct 

country-specific R&D-based knowledge stocks, and investigate whether the developments of 

these stocks tend to converge or diverge across the EU countries. Specifically, the empirical 

analysis relies on a growth path approach and tests for so-called conditional β-convergence, 

i.e., stating that countries with lower initial R&D-based stocks will experience higher growth 

rates in this stock and therefore catch-up with the leading countries. The reverse relationship 

indicates divergence in terms of R&D-based knowledge build-up in the renewable energy 

field. Our focus on conditional convergence implies that we allow for heterogeneous steady 

state levels across countries; the influences of a number of exogenous variables are analyzed, 

including energy import dependence and electricity regulation.  

The econometric investigation relies on a panel data set covering 12 EU Member States over 

the time period 1990-2012, and the data are analyzed using a bias-corrected dynamic panel 

data approach. Several robustness tests are made, including expanding the country sample to 

include additional OECD (yet non-EU) countries.
1
 The time period is also extended (to 1980-

2012). Robustness tests are also performed with respect to the various ways in which the 

R&D-based knowledge stock is constructed.  

The motivation for investigating convergence/divergence of renewable energy R&D efforts 

within the EU (and the OECD) can be related to the political economy of imposing stricter 

targets for climate change mitigation and renewable energy development. If some countries 

perceive that other countries are free-riding on their R&D efforts, and that they therefore are 

carrying a disproportional part of these efforts, the overall energy and climate policy targets 

may be more difficult and costly to achieve (Corradini et al., 2015; Garrone and Grilli, 2010). 

In addition, maintaining public acceptance for the financial burdens that consumers in Europe 

must carry under a period of uncertainty regarding the energy system transformation could be 

more difficult in the presence of diverging government efforts. Our empirical analysis also 

identifies a few determinants of the speed of convergence or divergence; indeed, even if 

national governments’ engagements in renewable energy R&D appear to converge, this may 

take a long time making the transition towards a zero-carbon energy system more difficult and 

fueled with difficult political compromises and conflicts.  

                                                 
1 Breyer et al. (2010) report that up to 85-90 % of global energy R&D has been performed in OECD countries.  
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The remainder of the paper is organized as follows. In Section 2 we discuss the role of public 

energy R&D support, and elaborate on the arguments for and against convergence of public 

R&D efforts in the case of renewable energy. Section 3 outlines the methodological approach 

of the paper, and presents the details of the different model specification and the econometric 

issues that need to be addressed. In Section 4 we present and discuss the data used, i.e., key 

definitions, sources and descriptive statistics. Particular attention is devoted to the data needed 

to construct the R&D-based knowledge stock. Section 5 outlines the model estimation results 

and provides interpretations, while Section 6 concludes the paper and identifies a number of 

implications as well as proposals for future research. 

 

2. Public R&D Support to Renewable Energy: Divergence or Convergence? 

The basic rationale for public support to R&D is well-established. A large body of literature 

has argued and shown that the free market can fail when it comes to providing the socially 

efficient amount of resources aimed at generating new technological and scientific knowledge 

(e.g., Nelson, 1959; Arrow, 1962). This is a consequence of the positive externalities (i.e., 

spillovers) arising from new knowledge generation; this knowledge often has strong public 

good characteristics, and some countries may therefore free-ride on others’ development 

efforts (e.g., Mansfield et al., 1977). If countries cannot reap the total benefits of their R&D 

efforts, there will be underinvestment in R&D unless there are explicit public policies in place 

to support R&D.  

Previous research has also indicated that this underinvestment problem may be particularly 

prevalent in the case of R&D targeting environmental technology and clean energy, this due 

to the particularly strong presence of knowledge spillovers across firms and countries in these 

sectors (e.g., Popp, 2005; Fischer, 2008; Peters et al., 2012; Dechezleprêtre et al., 2013). 

Moreover, uncertainties about the future returns to environmental R&D tend to be especially 

high, e.g., because of policy inconsistencies (Jaffe et al., 2002). From a public economics 

perspective, a higher provision of dual types of public goods, i.e., a cleaner environment 

following pollution abatement and improvements in new clean energy technology, by some 

countries could lead to shrinking incentives for other countries to pursue similar efforts. 

However, the presence of knowledge spillovers cannot alone explain convergence/divergence 

in terms of public renewable energy R&D efforts. For instance, with greater international 

R&D spillovers domestic public R&D becomes more ‘efficient’ and can be optimally reduced 
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(Park, 1998). Free-riding reduces all countries’ incentives to pursue own R&D, but this does 

not necessarily explain why there may be convergence or divergence (e.g., why some become 

forerunners and others lag behind). Overall, there is a case to be made for both convergence 

and divergence in terms of R&D-based knowledge build-up in the renewable energy sector.  

One argument for convergence is that from a pure mathematical perspective it can be assumed 

that laggard countries can grow faster (in percentage terms) than the more technologically 

advanced countries since growing from something small will tend to result in comparatively 

large growth rates. This will in turn lead to a catch-up with the more developed countries, at 

least in the long-run (Keefer and Knack, 1997). Disruptive inventions and failed public R&D 

programs can contribute to convergence in that a former pioneering country could become 

looked into a stagnant technology, and thereafter face little incentives to pursue significant 

future R&D. Finally, policies and agreements at the supranational level can push countries to 

reach certain targets. Most notably, in the EU the Renewable Energy Directive (2009/28/EC) 

provides such an example; even though this Directive does not stipulate how much should be 

spent on domestic government renewable energy R&D support, it may provide incentives to 

undertake such investments in all EU Member States.  

Divergence in terms of public R&D-based knowledge build-up may in part be explained by 

some countries’ free-riding on others’ development efforts, thus benefiting from the presence 

of international R&D spillovers. An important reason why some countries choose to be 

forerunners may be found in green industrial policy motives (Rodrik, 2014), and in broader 

goals of economic development and job creation. Through public R&D the domestic industry 

is given a leg up in the international competition; a first-mover advantage in renewable energy 

technology development can perhaps even tilt the future path of technological development in 

a direction that is closer to a country’s initial comparative advantage. The laggard countries 

instead see their competitive advantages materializing in other (non-energy) sectors.  

The diverging path may be strengthened by the presence of so-called agglomeration effects. 

This means that clustering occurs in the same industry because proximity generates positive 

externalities (Head et al., 1995; Rosenthal and Strange, 2001). In the case of technological 

research, there will be increasing returns on investments in areas where other similar research 

activities already exist. Positive spillovers across complementary R&D activities also provide 

stimulus for agglomeration (e.g., Delgado et al., 2014). In other words, innovative firms in a 

particular industry will establish themselves geographically in countries and regions where 

other inventive companies in the same industry can be found. Researchers will, in turn, leave 
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laggard countries and instead take up employment in countries where there are larger 

economic returns on new ideas. Public R&D support to specific sectors or technologies may 

help to further support such self-reinforcing processes.  

However, the presence of forerunning and laggard countries does not necessarily mean that 

some countries will refrain from investing in renewable energy R&D support. Countries need 

a minimum level of technological capability to be able to appropriate on the knowledge 

primarily developed in other countries. This demand for so-called absorptive capacity arises 

due to the desire to improve existing technologies and adapt them to the local conditions 

(Cohen and Levinthal, 1989, 1990; Hussler, 2004; Mancusi, 2008). Government support to 

R&D may be needed to secure a country's ability to comprehend and make use of external 

knowledge.
2
 In a similar vein, Jovanovic and MacDonald (1994) suggest that innovations and 

imitations are only to some extent substitutes. The benefits derived from knowledge spillovers 

can increase with differences in know-how, but the catch-up of laggards is in most cases 

conditional on their absorptive capacity. In other words, knowledge spillovers are not equal 

for everyone and their magnitudes depend on domestic investments in R&D.  

In sum, the above indicates rationales for the presence of both convergence and divergence in 

terms of public R&D support to renewable energy knowledge build-up. The notion that the 

new knowledge generated has important public good characteristics in combination with 

technological cluster theory support the divergence hypothesis. Convergence may however 

result in the presence of, for instance, top-down policy targets at the supra-national (e.g., EU) 

level. In addition, the importance of absorptive capacity, and the subsequent need to promote 

domestic R&D in order to make use of the knowledge develop in other countries, tends to 

support the convergence hypothesis or at least a lower speed of divergence. 

 

3. Model Specification and Econometric Issues 

3.1 A Neoclassical Conditional Convergence Model 

The discussion in Section 2 suggests that the issue of divergence or convergence in terms of 

public R&D efforts to renewable energy remains an empirical question. In this paper, we 

specify a so-called conditional β-convergence model. β-convergence refers to a process were 

one entity, a country, that is less endowed with something (e.g., technological knowledge) 

                                                 
2 According to Antonelli et al. (2011) and Boschma and Lammarino (2009), diffusion of knowledge is more 

likely to occur when the competences and knowledge stocks of the inventors and the adopters are closely related, 

or in other words when there is a high level of technological proximity (Fischer et al., 2006). 
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grows faster, in relative terms, than the more well-endowed entities and therefore catches up 

with these over time. In addition, conditional β-convergence implies that we allow for entities 

(countries) to converge to different steady-state levels rather than to the same level.  

Since public R&D expenditures may have long-lasting impacts on knowledge build-up and on 

technological change it is useful to abstain from only addressing annual government support 

to renewable energy R&D. Instead we assume that previous R&D expenditures add to a per 

capita knowledge stock (e.g., Ek and Söderholm, 2010; Krammer, 2009), 𝑦𝑖𝑡. We have:  

 𝑦𝑖𝑡 = (1 − 𝛿)𝑦𝑖(𝑡−1) + 𝑅&𝐷𝑖(𝑡−𝑥) (1) 

where i indexes the sample countries, and t indexes time. This builds on a perpetual inventory 

model approach, where a certain share of the previous year’s stock adds to this year’s stock. 

This is in turn determined by the size of the depreciation rate of the stock, 𝛿 (where 0≤ 𝛿≤1). 

Moreover, 𝑅&𝐷𝑖(𝑡−𝑥) denotes the per capita annual government support to public renewable 

energy R&D, x is the number of years it takes before these expenditures generate results and 

thus add to the knowledge stock. In other words, this formulation builds on the reasonable 

assumptions that: (a) public R&D support to renewable energy sources does not have an 

instantaneous effect on the generation of new knowledge; and (b) the acquired knowledge 

depreciates in that the effects of previous public R&D expenditures become outdated (Hall 

and Scobie, 2006).  

For our purposes we are interested in the development of this R&D-based knowledge stock in 

per capita terms, and our test of β-convergence involves investigating how the initial level of 

this per capita stock is related to the growth rate of the same stock. Specifically, in a panel 

data setting, conditional β-convergence can be tested through a transformed Barro growth 

equation (e.g., Barro and Sala-I-Martin, 1995):  

 ln(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏) = 𝛼 + 𝛽𝑐ln(𝑦𝑖𝑡−1) + 𝛽𝑋𝑖𝑡 + 𝜌𝑖 + 𝜂𝑡 + 휀𝑖𝑡 (2) 

where 𝑙𝑛(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏) is the growth rate in the public renewable energy R&D stock per capita 

over the time period 𝑡 − 𝜏 (𝜏 = 1) and t. The first term on the right hand side of equation (2) 

is the logarithm of the initial level of the per capita knowledge stock, i.e., ln 𝑦𝑖,𝑡−𝜏. A negative 

– and statistically significant – estimate of c implies support for the conditional β-

convergence hypothesis (e.g., Strazicich and List, 2003), while a positive estimate suggests 

divergence in terms of R&D-based knowledge build-up in the renewable energy field. The 
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magnitude of c will in turn indicate the speed of convergence or divergence. Furthermore, 𝜌𝑖 

represents country-specific fixed effects, ηt represents period-specific fixed effects, while εit is 

the error term. 

The vector Xit contains three exogenous independent variables that may influence the growth 

rate of the stock, and help control for differences in steady states across countries (e.g., Barro 

and Sala-i-Martin, 1992; Barro, 2015). First, RIRit represents the opportunity cost of public 

R&D, here measured by the real rate of return on long-term treasury bonds. We anticipate that 

increases in this real interest rate will have a negative effect on annual government support to 

renewable energy R&D, and thus also on the growth rate of the corresponding knowledge 

stock, 𝑙𝑛(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏).  

Second, we also include a variable, EIit, indicating the degree of energy import dependence in 

country i and time period t. Energy imports into the EU and the OECD countries are heavily 

dominated by fossil fuels such as oil and natural gas. It could therefore be expected that 

increased energy import dependence should have a positive impact on the willingness of 

governments to invest in public R&D support to renewable energy sources that can substitute 

for fossil fuel imports. In this paper we focus on the aggregate support to all renewables, but it 

should be clear that individual countries may respond differently with respect to the specific 

energy sources receiving most support (e.g., biomass in northern Europe, solar PV in southern 

Europe) (see also Appendix B).  

Third, ERit is a variable measuring the degree of regulation of the electricity sector where high 

values indicate a more regulated sector, e.g., with respect to the presence of public ownership, 

entry barriers, vertical integration etc. (see Section 4 for details). Many of the most important 

renewable energy sources, e.g., wind power, solar PV etc., have increasingly been penetrating 

the electric power sector. Still, at the same time previous research indicates that as the OECD 

and EU countries have deregulated the electricity sector, the respective national governments 

have tended to reduce the budget appropriations for energy R&D (e.g., Nemet and Kammen, 

2007; Sanyal and Cohen, 2009). The rationale behind these findings is that the deregulation of 

the market makes electric utilities more cost conscious due to more intense competition and 

less abilities to pass on any cost increases to consumers. In addition, in the absence of direct 

government control, the utilities may have less incentive to internalize the social benefits of 

knowledge generation in their decision-making (see Section 2 and Smith and Urpelainen, 

2013).  
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The empirical analysis also involves two alternative and more general, model specifications in 

which we also include interaction effect. Specifically, we allow the speed of convergence (or 

divergence), i.e., c, to vary depending on the energy import dependencies and the electricity 

regulation, respectively (see also Brännlund et al., 2015). The following alternative model 

specifications are therefore introduced:  

 ln(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏) = 𝛼 + 𝛽𝑐ln(𝑦𝑖𝑡−1) + 𝛽𝑋𝑖𝑡 + 𝜇ln (𝑦𝑖𝑡−1)ln𝐸𝐼𝑖𝑡 + 𝜌𝑖 + 𝜂𝑡 + 휀𝑖𝑡 (3) 

 ln(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏) = 𝛼 + 𝛽𝑐ln(𝑦𝑖𝑡−1) + 𝛽𝑋𝑖𝑡 + 𝜇ln (𝑦𝑖𝑡−1)ln𝐸𝑅𝑖𝑡 + 𝜌𝑖 + 𝜂𝑡 + 휀𝑖𝑡 (4) 

where the speed of convergence will be determined by the terms 𝛽𝑐 + 𝜇𝐸𝐼𝑖𝑡 and 𝛽𝑐 + 𝜇𝐸𝑅𝑖𝑡, 

respectively. In the case of energy import dependence it can be hypothesized that countries 

with high energy import dependencies have stronger incentives to develop alternative energy 

sources relatively quickly; 𝜇 should therefore have a negative sign suggesting either a higher 

speed of convergence or, alternatively, a lower speed of divergence. The interaction variable 

between ln 𝑦𝑖,𝑡−𝜏 and 𝐸𝑅𝑖𝑡 permits us to answer the following question: how will a given 

move from a regulated to a less regulated electricity market in countries that have invested 

relatively much in public renewable energy R&D affect the knowledge stock growth rate 

compared to the case where a corresponding move takes place in countries with less 

ambitious track records in terms of public R&D support to renewables? 

Equations (2)-(4) represent our base specifications, i.e., models I-III, which are estimated 

using a panel data set comprising 12 EU countries over the time period 1990-2012. However, 

in order to test the robustness of the results we also consider an extended data sample in 

which five OECD but non-EU countries are included. These model specifications are labeled 

models IV-VI. Appendix A presents the results from a number of additional robustness tests. 

These include an extension of the data samples to also embrace a more extended time period, 

1980-2012. We also test whether the results are robust to different assumptions concerning 

the construction of the R&D-based knowledge stock, i.e., the time lag (x) and the depreciation 

rate (𝛿) (see Section 4 for details). 

3.2 Econometric Issues 

The main usefulness of a panel approach lies in it allowing for heterogeneity across countries 

in the sample (Islam, 1995). When using lagged dependent variables in traditional models, 

such as pooled OLS, fixed- or random-effects models, there is a substantial risk that these 

yield biased estimates due to correlation and endogeneity issues. Kiviet (1995) therefore 
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proposed the use of a least squares dummy variable approach (LSDV) that has been corrected 

for bias. The LSDVC has been found to be more efficient than the various instrumental 

variable (IV) and generalized method of moments (GMM) estimators, such as Arellano and 

Bond (1991) who adopt a two-step method in which lags of explanatory variables in levels are 

used as instruments. Moreover, the GMM estimators were originally designed for large cross-

sectional units N and long time periods T. Kiviet (1995) however demonstrated that the bias-

corrected LSDV approach has a relatively small variance compared to most IV and GMM 

estimators. In our case N is either 12 or 17 while T equals 22 or 32.  

For the above reasons our dynamic panel data models are estimated using the bias-corrected 

LSDV approach. Specifically, we build on Bruno (2005a) in which the bias approximations 

are extended to accommodate unbalanced panels, and on Bruno (2005b) who introduces the 

routine xtlsdvc that implements this approach in the Stata statistical software. 200 bootstrap 

iterations were employed.  

 

4. Data Sources, Definitions and Descriptive Statistics 

The main data set consists of a balanced panel including 12 of the 15 first EU Member States 

during the period 1990–2012.
3
 The early 1990s involved a number of important geopolitical 

changes, such as the reunification of Germany and the expansion of the EU. Sweden, Finland 

and Austria who all joined the EU in 1995 were not members from the starting year of the 

period. The early 1990s was also characterized by an increased focus on climate change, and 

many of the early support schemes to renewable energy was introduced (e.g., the German 

feed-in tariff for wind power). With the introduction of two renewable energy directives in 

2001 and 2009, all EU Member States have implemented support schemes to promote the 

adoption of various renewable energy sources (e.g., feed-in tariffs, quota schemes, tendering 

procedures etc.). However, while this has led to some amount of policy convergence in terms 

of renewable energy shares and policy instrument choices (Strunz et al., 2017), EU Member 

States still have full discretion when it comes to deciding how much government expenditures 

should be spent on encouraging R&D in the renewable energy sector.  

                                                 
3 These countries include Austria, Belgium, Denmark, Finland, France, Germany, Italy, Netherlands, Portugal, 

Spain, Sweden, and the United Kingdom (UK). Greece, Ireland and Luxembourg are not included due to a lack 

of data on renewable energy R&D expenditures prior to the year 2000.  
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As was noted above, in order test the robustness of the empirical results we also extend the 

data set to include five OECD countries that are not EU Member States; these are Canada, 

Japan, Switzerland, Norway and the USA (see Models IV-VI). Moreover, for both country 

samples we also consider the results when relying on an extended time period, i.e., 1980-2012 

(Table A3 in Appendix A).  

4.1 The Calculation of the R&D-based Knowledge Stock 

The dependent variable, ln(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏), is the growth rate in the per capita knowledge stock of  

Publicly funded renewable energy R&D,
4
 and the initial (lagged) level of this stock is one of 

the independent variables. The data needed to calculate this stock in line with equation (1) 

were collected from the Energy Technology RD&D Statistics database of the International 

Energy Agency (IEA). These IEA data are known as possibly the best available data source of 

public R&D expenditures in the energy sector (Garrone and Grilli, 2010). It also permits us to 

distinguish between R&D support to renewable energy sources and other energy R&D (e.g., 

energy efficiency, nuclear, fossil fuels etc.). However, this does not mean that the data are 

free from problems (e.g., Bointner, 2014). For instance, some authors argue that the database 

represents an incomplete representation of public support to energy R&D (e.g., Arundel and 

Kemp, 2009). There are also issues with respect to geographical coverage over time. For 

instance, Germany who was reunified in 1991 have some missing data for the New Länder 

before 1992. Also, not all countries provide R&D data funded by regional governments (IEA, 

2012).  

Furthermore, in order to construct the knowledge stock variables, in the baseline case we 

assume a time lag of two years (x=2) and a depreciation rate of 10 percent (𝛿=0.10). Our 

choice of time lag is constrained by the limited data set. However, since Popp (2015) shows 

that the time lag between public R&D expenses and private energy patents can be extended, 

up to 5-6 years, we also consider an alternative estimation based on a five-year time lag (see 

Appendix A). Our choice of a ten percent knowledge depreciation rate builds on Griliches 

(1998) and Nordhaus (2002), and in part this reflects the relatively rapid development of 

renewable energy technology since the oil crises in the 1970s. Griliches (1998) suggests that 

an appropriate depreciation rate for private R&D spending would be higher, basically leaving 

                                                 
4 While the analysis in this paper focuses on the development of the R&D-based knowledge stock per capita, we 

also tested alternatives where the size of the stock (and its growth) was related to GDP unit as well as to total 

energy use. However, using these alternative specifications of the dependent variable generated similar results to 

those presented using the per capita approach.  
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hardly any of the R&D spent 10 years ago to the present day. Also the size of this parameter 

is, however, likely to be uncertain. For this reason we also employ alternative assumptions, 

and estimated models based on a 5 and 10 % depreciation rate, respectively (Appendix A).  

The IEA provides public R&D data for renewable energy source from the year 1974 and 

onwards. Although respective domestic R&D expenditures were low in this year, we need to 

account for the fact that there was some accumulation of public R&D spending also before 

1974. In order to account for previous R&D expenditures an initial knowledge stock, 𝐾0, is 

estimated as: 

 𝐾0 =
𝑅&𝐷0

𝑔 + 𝛿
 (5) 

where 𝑅&𝐷0 is the amount of public renewable energy R&D spending per capita in the first 

year available (1974), and g is the average geometric growth rate for each country´s R&D 

spending by country over the first ten-year period (e.g., Hall and Scobie, 2006; Madsen and 

Farhadi, 2016). 

Figure 1 illustrates the results of the calculation of the public renewable energy R&D-based 

knowledge stock (per capita). The stock is reported for the time period 1990-2012 and for all 

the 12 EU Member States. It is evident from Figure 1 that in per capita terms the R&D-based 

knowledge stock differs across countries as well as over time.  

 

Figure 1: Renewable energy R&D support stock per capita, 1990-2012 (USD in 2014 prices 

and exchange rates). Source: IEA Energy Technology RD&D Statistics database.  
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For some of the countries (e.g., Sweden) we see periods of decline, thus indicating that new 

spending on public R&D has not been able to offset the depreciation of the stock as well as 

any increases in the country’s total population. Germany and Denmark represent the two 

countries that have the highest knowledge stock per capita since 2000, in part reflecting their 

promotion of wind power and later on solar PV. Overall there appears to be an increased 

focus on government support of renewable energy R&D over time in most countries. This 

reflects in large parts a shift away from support to other energy sources (e.g., nuclear). In total 

for our 12 EU countries, the public R&D budgets for renewables increased from 7 % of the 

total energy R&D expenses in 1980 to 25 % in 2012.  

Appendix B provides more detailed information on how different countries prioritize among 

the different renewable energy sources, on average over the time period 2000-2012 (Figure 

B1) as well as in the single year 2012 (Figure B2). These figures show, for instance, that in 

the Nordic area (e.g., Finland and Sweden) a big share of the R&D support is spent on 

bioenergy, while Denmark and Germany have tended to prioritize wind power R&D. Solar 

PV tends to dominate public R&D support to renewables in southern Europe, e.g., in Italy.  

4.2 The Independent Variables 

Table 1 provides variable definitions and descriptive statistics for the per capita knowledge 

stock variables and the remaining independent variables used in the empirical investigation. 

The initial R&D-based knowledge stock enters the regression models in logarithmic form, but 

the descriptive statistics reported in Table 1 build on the original data. The real interest rate on 

government bonds (RIRit) is used as a proxy for the opportunity cost of public R&D expenses. 

These rates were collected from the Statistical Data warehouse at European Central Bank 

(2016) and from the OECD statistical database (2016).  

The variable addressing energy import dependence (EIit) is defined as total primary energy 

use less domestic production, both measured in oil equivalents. The information needed was 

obtained by examining the IEA’s data series on total primary energy supply.
5
 A negative 

value indicates that the country is a net exporter, and high positive values therefore suggest 

high energy import dependence. As was noted above, a country with a high level of energy 

imports is incentivized to invest in the development of renewables since this would reduce its 

                                                 
5 Energy use here refers to use of primary energy before transformation to other end-use fuels, which is equal to 

indigenous production plus imports and stock changes, minus exports and fuels supplied to ships and aircraft 

engaged in international transport.  
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exposure to international fuel price fluctuations and, possibly, supply shock interruptions 

caused by political instability or future resource constraints (e.g., Neuhoff, 2005; Rübbelke 

and Weiss, 2011).  

Table 1: Variable Definitions and Descriptive Statistics 

Variables Definitions Mean S.D. Min Max 

Dependent variable: 
The growth rate in the 

knowledge stock of 

renewable energy R&D 

support per capita 

(ln(𝑦𝑖𝑡/𝑦𝑖,𝑡−𝜏)). 

 

Knowledge stock calculated 

based on equation (1) and the 

parameter assumptions that are 

outlined in Section 4.1.  

 

0.06 

 

0.13 

 

-0.10 

 

0.99 

Independent variables      

The initial public 

R&D-based stock (yit-1) 

The one period lag of the 

knowledge stock, calculated 

based on equation (1) and the 

parameter assumptions that are 

outlined in Section 4.1.  

12.13 1.34 8.15 15.45 

Real interest rate 

(RIRit) 

Rate-of-return in % on 

government bonds with 10-year 

maturity. Inflation adjusted 

4.53 2.99 -2.77 16.75 

Energy import 

dependence (EIit) 

Energy use less production, 

both measured in tons of oil 

equivalents 

9.36 152.87 -842.43 95.02 

Electricity regulation 

(ERit) 

The OECD PMR index of 

regulation in the electricity 

sector. Scaled between 6, the 

highest, and zero (0) the lowest. 

4.01 1.78 0.87 6.02 

 

Electricity regulation (ERit) refers to the level of regulation of the sector in terms of public 

ownership, entry restrictions, vertical integration, price regulation of the wholesale market etc. 

We here employ OECD data on product market regulation (PMR) in the electricity sector. 

The electricity PMR contains annual data for several countries, and it ranges from 1 to 6. 

High values indicate the presence of a highly regulated sector while low values indicate 

liberalization. Since 1990 there has been a trend towards deregulation of electricity markets, 

and this has coincided with a significant decline in long-term R&D investment in the energy 

field (see also Jamasb and Pollitt, 2008). 
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5. Empirical Results  

Table 2 presents the estimated coefficients for models I-VI, i.e., the models building on the 

time period 1990-2012, and where models I-III involve the EU 12 countries and models IV-

VI the 17 OECD countries. For the EU 12 sample the results are overall robust and show a 

positive relationship between the initial levels of the R&D-based knowledge stock and the 

growth rate in this stock. This therefore indicates evidence of divergence across these EU 

countries in terms of public R&D knowledge build-up in the renewable energy sector. As 

noted above, the presence of agglomeration effects may explain this result. Renewable energy 

industries tend to cluster in certain industries; this generates positive externalities (knowledge 

spillovers) due to geographical proximity (Head et al., 1995; Rosenthal and Strange, 2001). 

Governments are keen to support these industries, e.g., through public R&D support, as they 

may be viewed as essential vehicles for further economic growth and job creation.  

The results also display that positive growth in the R&D-based knowledge stock is induced by 

higher energy import dependence. In other words, countries with high energy use levels and 

low levels of domestic production of energy generally have a stronger focus on public support 

to renewable energy R&D. However, we find no evidence of an interaction effect suggesting 

that the speed of β-divergence is affected by the magnitude of energy import dependence. In 

addition, in the EU 12 sample we find no statistically significant impact of changes in the real 

interest rate on the knowledge stock growth rate.  

The results however illustrate a positive relationship between increases in electricity market 

regulations and the growth rate of the R&D-based knowledge stock. This effect is manifested 

in the interaction with the initial knowledge stock, i.e., the β5 coefficient. For a given positive 

level of the knowledge stock, a more regulated electricity sector implies a higher growth rate 

in the stock made up of public expenditures to support renewable energy R&D. This result is 

consistent with previous research concluding that the deregulation of electricity markets has 

led to a decline in public energy R&D (e.g., Smith and Urpelainen, 2013). A higher degree of 

competition and less state control of operations will imply lower profit margins and less room 

for investments in long-term energy technology innovation. Furthermore, the model results 

also show that the higher is the initial R&D-based knowledge stock, the higher is the marginal 

impact of electricity regulation on the growth rate of this stock. Put differently, in countries 

that have invested a lot in public renewable energy R&D, a given move from a regulated to a 

less regulated electricity market would imply a larger decrease in the knowledge stock growth 
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rate compared to a country with a less ambitious track record in terms of public R&D support. 

This also means, though, that the deregulation of European electricity markets has helped 

slow down the speed of divergence in terms of the accumulation of government-funded R&D 

knowledge in the renewable energy field.   

Table 2: Conditional β-Convergence Model Results 

Models I II III IV V VI 

Coefficients 12 EU countries 17 OECD countries 

βc Initial public 

R&D-based stock 

0.394*** 0.383*** 0.167** 0.409*** 0.409*** 0.083 

(0.068) (0.0685) (0.065) (0.06) (0.0616) (0.056) 

β1 Real interest 

rate 

0.005 0.0058 0.0054 0.0053** 0.0055** 0.0056** 

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002) 

β2 Energy import 

dependence 

0.0008** 0.0008** 0.0007* 0.0005*** 0.0006*** 0.0005*** 

(0.0004) (0.0004) (0.0004) (0.0001) (0.00024) (0.0001) 

β3 Electricity 

regulation 

0.010 0.010 0.011 0.012** 0.012** 0.012** 

(0.007) (0.00800) (0.007) (0.006) (0.006) (0.006) 

β4 Interaction – 

energy import 

dependence 

 0.0001   0.0002  

 (0.001)   (0.0002)  

β5 Interaction – 

electricity 

regulation 

  0.068***   0.104*** 

  (0.019)   (0.016) 

      

Country dummies Yes Yes Yes Yes Yes Yes 

Year dummies Yes Yes Yes Yes Yes Yes 

Number of 

Observations 
252 252 252 362 362 362 

Number of 

Countries 
12 12 12 17 17 17 

Number of Years 23 23 23 23 23 23 

Iterations 200 200 200 200 200 200 

Note: The standard errors are in parenthesis. ***, ** and * denote 

statistical significant at the 1%, 5% and 10% levels respectively. 

 

The results from models IV-VI show the corresponding results when the country sample is 

expanded and now also covers an additional five OECD countries that are not EU Member 

States. Table 2 illustrate that the results are overall robust. Also in this case there is evidence 

of divergence in terms of public R&D knowledge build-up in the renewable energy sector 

(with the exception of model VI where no statistically significant impact is reported). We also 

find positive relationships between both energy import dependence as well as electricity 

regulation on the one hand and the growth rate in the knowledge stock on the other. The 
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electricity regulation effect is even more profound in the enlarged country sample, and also 

here we find evidence of an interaction with the initial level of the knowledge stock. The 

results from models IV-VI indicate a positive relationship between the real interest rate and 

the growth in the R&D-based knowledge stock; this is however unexpected since an increase 

in the opportunity cost of public R&D funds should imply that national governments would 

be assumed to (ceteris paribus) be less willing to allocate funds to renewable energy R&D.  

Appendix A contains a number of alternative model estimations testing whether the results are 

sensitive to different parameter assumptions and data samples. As was indicated above, there 

are uncertainties with respect to the construction of the R&D-based knowledge stock. First, 

while we assume a two-year time lag between public R&D expenditures and their addition to 

the domestic knowledge stock, Popp (2015) shows that this lag may be more extended. For 

this reason we estimate six new models where this longer time lag has been used to construct 

the stock. The results are displayed in Table A1 and they indicate strong support for our 

finding of divergence in terms of public R&D knowledge build-up in the renewable energy 

field. Still, in these estimations there is only meagre evidence of a positive relationship 

between energy import dependence as well as electricity regulation on the one hand and 

growth in the R&D-based stock on the other. On the other hand the results show the expected 

negative – and statistically significant – impacts of increases in the real interest rate.  

Second, the size of the knowledge stock and any changes in it over time will also be affected 

by the assumed depreciation rate. Table A2 in Appendix A therefore reports results when the 

depreciation rate is assumed to be 5 and 15 %, respectively (in contrast to our base 

assumption of 10 %). These results are very similar to those reported in Table 3. For instance, 

there is clear evidence of divergence in all model specifications, and we find a positive and 

statistically significant impact of energy import dependence on the knowledge stock growth 

rate. The results also illustrate a positive relationship between electricity regulation and this 

growth rate, also here suggesting that the deregulation of the electricity markets has implied a 

slower speed of divergence.  

Finally, Table A3 in Appendix A shows how our results in Table 3 are affected by expanding 

the data sample to cover the time period 1980-2012, i.e., also covering a period during which 

EU cohesion policies and renewable energy directives are likely to have had only modest 

influences on many of the countries in the sample. Also in this case there is strong evidence of 

divergence in terms of public R&D knowledge build-up in renewable energy technology. 

However, few of the other variables appear to have had any profound impact on the growth 
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rate of the R&D-based knowledge stock, including energy import dependence and electricity 

regulation.  

 

6. Concluding Remarks and Implications 

This paper analysed the development of government support to renewable energy R&D across 

EU countries over time, and particular attention was devoted to the issue of whether domestic 

public renewable energy R&D efforts tend to converge or diverge across countries in terms of 

conditional β-convergence. The empirical results concerning this question were overall robust 

to various model specifications, variable constructions, and data samples. These suggest 

divergence in terms of public R&D-based knowledge build-up in the renewable energy sector. 

This finding is consistent with free-riding behavior on the part of some EU Member States in 

combination with industrial policy motives and agglomeration effects in other countries’ 

renewable energy sectors. Furthermore, energy import dependence and electricity regulation 

were found to influence the growth of the R&D-based knowledge stock; the deregulation of 

the EU electricity markets has also implied a lower speed of divergence in government 

support to renewable energy R&D.  

The diverging trends may have important implications for the future EU energy policies, in 

worst case making it more cumbersome and costly to achieve a smooth – and legitimate – 

transition to a zero-carbon energy system. In the presence of intense free-riding due to 

international R&D spillovers, it could be motivated to promote international agreements on 

domestic renewable energy R&D funding, i.e., analogous to internationally agreed emission 

targets for each country. Such an agreement could, for instance, target an aggregate level of 

renewable energy R&D as a percentage increase from existing levels, and then impose a 

reasonable burden-sharing of R&D efforts across countries.  

It should be noted, however, that in the presence of strong green industrial policy motives, 

there is likely to be continued investment in public R&D support to renewable energy sources. 

Even if these efforts may be highly biased towards a few selected countries, there may be 

little concerns about free-riding and unfair burden-sharing already in a baseline scenario. For 

some countries promoting renewable energy is simply not a burden that need to be shared 

with other countries. In such cases the main challenges are instead in designing institutional 

frameworks that can help counter the informational and political risks associated with green 

industrial policies (Rodrik, 2014).  
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The above suggests that future research on public R&D to environmental and green R&D 

should in more detail address and investigate the complex – and sometimes conflicting – 

forces behind national governments’ decision to allocate funding to such R&D. 
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Appendix A 

 

Table A1: Conditional β-Convergence Model Results: 5-year Knowledge Stock Time Lag 

Models I  

(5-year lag) 

II 

(5-year lag) 

III 

(5-year lag) 

IV 

(5-year lag) 

V 

(5-year lag) 

VI 

(5-year lag) 

Coefficients 12 EU countries 17 OECD countries 

βc Initial public 

R&D-based stock 

0.447*** 0.458*** 0.451*** 0.531*** 0.533*** 0.517*** 

(0.047) (0.049) (0.046) (0.043) (0.044) (0.043) 

β1 Real interest rate 
-0.007** -0.007** -0.008** -0.005*** -0.006*** -0.006*** 

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002) 

β2 Energy imports  
0.0006** 0.0011** 0.0003 -0.000 -0.000 -0.0001 

(0.0002) (0.0003) (0.0003) (0.00021) (0.0002) (0.0002) 

β3 Electricity 

regulation 

0.0027 0.0001 0.0019 -0.0013 -0.0018 -0.0021 

(0.008) (0.009) (0.008) (0.006) (0.006) (0.006) 

β4 Interaction – 

Energy import 

dependence 

 -0.000   -0.000  

 (0.000)   (0.000)  

β5 Interaction – 

Electricity regulation 

  0.023   0.033* 

  (0.016)   (0.018) 

Country dummies Yes Yes Yes Yes Yes Yes 

Year dummies Yes Yes Yes Yes Yes Yes 

Number of 

observations 
252 252 252 362 362 362 

Number of Countries 12 12 12 17 17 17 

Number of Years 22 22 22 22 22 22 

Iterations 200 200 200 200 200 200 
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Table A2: Conditional β-Convergence Model Results for the EU 12 Sample: 5 and 15 % 

Knowledge Stock Depreciation Rates   

Models I (5 %) II (5 %) III (5 %) I (15 %) II (15 %) III (15 %) 

Coefficients 12 EU countries 12 EU countries 

βc Initial public 

R&D-based stock 

0.432*** 0.381*** 0.151** 0.338*** 0.390*** 0.173** 

(0.06) (0.06) (0.06) (0.07) (0.07) (0.06) 

β1 Real interest 

rate 

0.003 0.003 0.003 0.008* 0.009* 0.008* 

(0.002) (0.002) (0.002) (0.004) (0.005) (0.004) 

β2 Energy imports  
0.0006** 0.0006** 0.0005* 0.001* 0.001* 0.001 

(0.0003) (0.0003) (0.0003) (0.0005) (0.0006) (0.0006) 

β3 Electricity 

regulation 

0.007 0.007 0.007 0.014 0.013 0.015 

(0.005) (0.005) (0.005) (0.01) (0.01) (0.01) 

β4 Interaction – 

Energy import 

dependence 

 0.0007   -0.0009  

 (0.001)   (0.001)  

β5 Interaction – 

Electricity 

regulation 

  0.062***   0.066** 

  (0.013)   (0.028) 

      

Country dummies Yes Yes Yes Yes Yes Yes 

Year dummies Yes Yes Yes Yes Yes Yes 

Number of 

Observations 
252 252 252 252 252 252 

Number of 

Countries 
12 12 12 12 12 12 

Number of Years 22 22 22 22 22 22 

Iterations 200 200 200 200 200 200 
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Table A3: Conditional β-Convergence Model Results: 1980-2012 Time Period 

Models I  

(1980-2012) 

II  

(1980-2012) 

III  

(1980-2012) 

I  

(1980-2012) 

II  

(1980-2012) 

III  

(1980-2012) 

Coefficients 12 EU countries 12 EU countries 

βc Initial public 

R&D-based stock 

0.463*** 0.377*** 0.429*** 0.488*** 0.483*** 0.332*** 

(0.057) (0.061) (0.059) (0.047) (0.047) (0.048) 

β1 Real interest 

rate 

 

0.004 0.004 0.004 0.004 0.003 0.004* 

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002) 

β2 Energy imports 

 

0.0001 0.000 0.00012 0.000 0.000 0.000 

(0.0002) (0.0002) (0.0002) (0.000) (0.000) (0.000) 

β3 Electricity 

regulation 

 

0.003 0.005 0.003 0.003 0.003 0.002 

(0.006) (0.006) (0.006) (0.005) (0.005) (0.005) 

β4 Interaction – 

Energy import 

dependence 

 0.0014*   -0.0001  

 (0.0007)   (0.0001)  

β5 Interaction – 

Electricity 

regulation 

  0.008   0.039*** 

  (0.011)   (0.01) 

      

Country dummies Yes Yes Yes Yes Yes Yes 

Year dummies Yes Yes Yes Yes Yes Yes 

Number of 

Observations 
372 372 372 516 516 516 

Number of 

Countries 
12 12 12 17 17 17 

Number of Years 32 32 32 32 32 32 

Iterations 200 200 200 200 200 200 

Note: The standard errors are in parenthesis. ***, ** and * denote 

1%, 5% and 10% levels respectively. 
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Appendix B 

 

Figure B1: Per capita public R&D spending, average over the period 2000-2012 (USD in 

2014 prices and exchange rates). Source: IEA Energy Technology RD&D Statistics database. 

 

Figure B2: Per capita public R&D spending in 2012 (USD in 2014 prices and exchange 

rates). Source: IEA Energy Technology RD&D Statistics database. 
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