
 

 

 

Ratio Working Paper No. 295 

An Econometric Analysis of Divergence of Renewable 
Energy Invention Efforts in Europe 

 
 

Jonas Grafström* 
 
 
 
 
 
 
 
 

 

*  jonas.grafström@ratio.se, Ratio Institute, Box 3203, 103 64 Stockholm, Sweden. 



 
 

An Econometric Analysis of Divergence of Renewable Energy 
Invention Efforts in Europe * 

 
JONAS GRAFSTRÖM 

The Ratio Institute 
SE-113 59 Stockholm 

Sweden 
 

E-mail: jonas.grafstrom@ratio.se 
 

 

 

Abstract 
The objective of this paper is to investigate the presence of convergence (or divergence) of 
invention efforts per capita in the renewable energy field across European Union (EU) 
countries. Divergence may imply a risk of a lower level of goal fulfilment regarding the share 
of renewable energy in the EU energy mix. This is due to free-rider issues and sub-optimal 
investment levels, in turn making it more expensive and cumbersome to expand renewable 
energy production. Convergence suggests a possible faster renewable energy goal achievement. 
The econometric analysis is based on patent application counts per capita for 13 EU Member 
States over the time period 1990–2012. The methods used draw on the economic convergence 
literature. First, we rely on a panel data set to test for conditional β-convergence. Moreover, a 
distributional dynamics approach is employed to test for σ- and γ-convergence, and analyse the 
intra-distributional dynamics. The results indicate conditional β- and σ-divergence in renewable 
energy invention capabilities across the 13 countries, thus suggesting that some EU countries 
tend to free-ride on the development efforts of other Member States. 
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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 the 

                                                
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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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 activities 

                                                
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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(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 β-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 σ-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 γ-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 β-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 consequence of 
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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 β-

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 β-convergence panel test to investigate how the 

global financial crisis of 2008 affected R&D investment convergence in the EU, and found 

                                                
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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divergence in their sample of Member States. Jungmittag (2006) investigated the convergence 

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 

                                                
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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Valley; here high-tech firms have established despite production costs 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, β-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 

β-convergence model in turn assumes the presence of different steady-state levels for the 

various countries.6 

Conditional β-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 β-

convergence can be tested through a transformed Barro growth equation. We thus have: 

 ∆𝑦#$ = 𝛼 + 𝛽)𝑙𝑛 𝑦#$,- + 𝛽𝑋#$ + 𝛿# + 𝜂$ + 𝜀#$ (1) 

where ∆𝑦#$ = 𝑙𝑛(𝑦#$/𝑦#,$,5) is the growth rate in the number of per capita renewable energy 

patents between time period 𝑡 − 𝜏 and t, and; 𝑦#$,- is the lagged dependent variable. 

Furthermore, δt addresses country-specific fixed effects, ηt represents period-specific effects, 

                                                
6 There are two concepts of β-convergence, absolute and conditional. In this paper, conditional convergence is 
investigated. In our case, β-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. 
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and εit, is the error term. A vector 𝛽𝑋#$ 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 bc < 0 implies β-convergence.7 

The baseline specification of the conditional β-convergence model is presented in equation (2): 

 ∆𝑦#$ = 𝛼 + 𝛽)𝑦#$,- + 𝛽-𝐾#$ + 	𝛽<𝑅𝐸𝑆#$,< 	+ 𝛽@𝑂𝑃#$,< 	+ 𝛽C𝐸𝐼#$,< + 𝛿# + 𝜂$ + 𝜀#$ (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 𝑡 + 𝑥	(𝑥 = 2) (Nicolli et al., 2012). 

Following Brännlund et al. (2015), the specification in equation (2) can be developed further 

by allowing bc 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: 

 ∆𝑦#$ = 𝛼 + 𝛽)𝑦#$,- + 𝛽-𝐾#$ + 	𝛽<𝑅𝐸𝑆#$,< 	+ 𝛽@𝑂𝑃#$,< 	+ 𝛽C𝐸𝐼#$ + 𝛽G𝑦#$,-IEI#$
+ 𝛽J𝑦#$,-IKS#$ + 𝛿# + 𝜂$ + 𝜀#$ 

(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 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, 

                                                
7 The speed of convergence and the half-life for the conditional b-convergence models can also be calculated. 
Following Islam (1995), we have expc

ltb -= , where λ measures the speed at which the level of per capita patent 
applications approaches its own steady-state level. 
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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 and the 

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 bc-convergence regression.9 

3.2 The Sigma-convergence (σ) Model 

σ-convergence is tested based on a dispersion measure widely used in economic growth 

research. Quah (1993b) suggests a novel methodological approach for testing for σ-

convergence. This approach allows the complex dynamics of evolving cross-country 

distributions to be discovered.10 The measure of σ-convergence is but a subset of Quah’s 

approach; however, it is a good starting point. The advantage of using the σ-measure is twofold. 

The first advantage is that it is an unbiased measure of β-convergence. By looking at 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 σ-convergence allows us to track 

the evolution of the convergence process over time. Following the σ-convergence over time 

                                                
8 On a technical note: if we choose not to apply these interaction terms, β represents an average over all sectors- 
Alternatively, it assumes that there is no heterogeneity across countries. Allowing for heterogeneity – i.e., that β 
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 β-
convergence is a necessary but not a sufficient condition for σ-convergence. 
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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 σ-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 σ-sense (Barro and Sala-i-

Martin, 1992). Thus, σ-convergence can be tested by investigating the cross-sectional standard 

deviation, σ (coefficient of variation), over time and trend. The σ can in turn be formulated as 

follows: 11 

 

𝜎$ =
1

𝑁 − 1
𝑙𝑛	𝑦#$ − 𝑙𝑛	𝑦$

<
P

#Q-

 

 

(4) 

In equation (4), 𝑙𝑛	𝑦#$ is the renewable energy patent applications per capita for country i at 

time t, and 𝑙𝑛	𝑦$ is the corresponding mean value of the number of patent applications. If σt is 

trending downward towards zero, or if σt+T < σt, then σ-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 σ-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 σ-convergence may not be straightforward if the distributions are not 

uni-modal. This is because outliers can be an important driver of σ-convergence (e.g., if one or 

more countries are developing rapidly, this can be driving what appears as overall divergence).  

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 

                                                
11 For small samples such as the one used in this paper, the denominator (N-1) replaces the usual n. 
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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 𝑦$ is given by: 

 

𝑓 𝑅𝑦S =
1
𝑁ℎ$

𝐾
P

#Q-

𝑅𝑦$ − 𝑅𝑦#$
ℎ$

 (5) 

where 𝑓 𝑅𝑦S  is the smoothed parameter used in the graphic representation; 𝑅𝑦#$ 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 γ-convergence Model 

As a complementary measure, the intra-distribution mobility, i.e. the γ-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 σ-convergence when testing for β-convergence. Therefore, they suggest a 

supplement; an index of rank concordance. The index of rank concordance is referred to as γ-

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 over the 

years in relation to each other. Constructing the γ-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). 

                                                
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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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., σ-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: 

 
𝜸𝒊𝒕 =

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒(𝐴𝑅 𝑦)#$ + 𝐴𝑅(𝑦)#S
𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒(2𝐴𝑅 𝑦)#S

 (6) 

where variance𝐴𝑅(𝑦#$) is the actual rank of country i’s patent applications per-capita output in 

year t; and 𝐴𝑅(𝑦)#S	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 𝜸𝒊𝒕 < 1 after summing all countries 𝜸𝒊𝒕
P
`Q-  we get a value for how much the countries changed 

position relatively to each other. 

This γ-convergence index has two distinct advantages: it builds on simplicity and the lack of 

imposed structure on the data (Liddle, 2010). Moreover, it provides a single number traced over 

time in two dimensions, making it rather easy to interpret compared to some other distribution 

dynamics plots.13 Hence, while γ-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 σ-convergence regarding the nature of 

                                                
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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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 (∆ybc = ln(ybc/yb,c,f)) 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 

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 

                                                
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.  
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). 
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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 (Appendix A, FigureA1 contains the total 

number of patents by country).  

 

                                                
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). 
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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 β-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 invention capabilities17 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). 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 (∆𝑦#$) 

Growth rate in patent 
application counts per capita in 
country i at time t.  

0.15 0.63 -2.89 2.29 

Lagged dependent 
variable (𝑦#$,-) 

The one period lag of the 
dependent variable for country i 
at time t - 1 

0.16 0.68 -2.89 2.23 

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 

                                                
17 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. 
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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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 

 

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: 

 𝐾#$ = 1 − 𝛿 𝐾# $,- + 𝑅&𝐷#($,i) (7) 

where 𝑅&𝐷#$	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, δ is the annual depreciation rate of the knowledge stock (0 ≤ δ ≤ 1) (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 (𝐾S) was calculated as  

 𝐾S =
j&kl
m	n	o

   (8) 
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where 𝑅&𝐷S 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).19 

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. 

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, 

                                                
19 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. 
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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 β-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 β-convergence. 20 Model I concern a 

baseline regression for Equation (2) while Model II and III ads interaction variables. Model II 

adds the variable Interaction – Energy import dependence and Model III adds the variable 

Interaction – Public R&D.  

The results show that βc is statistically significant and has a positive sign in all Models I-III. 

For instance, the βc 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 βc 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.  

 

Table 2: Results from the Conditional β-Convergence Model 

Coefficients Model I Model II Model III 

βc Lagged dependent variable 0.371*** 0.225*** 0.228*** 
 (0.06) (0.03) (0.02) 
β1 Knowledge stock 
 

0.024 -0.011 0.002 

                                                
20 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. 
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 (0.05) (0.02) (0.01) 
β2 Research personnel 
 

-0.063 -0.097 0.059 
 (0.272) (0.120) (0.053) 
β3 Oil price  
 

0.248* -0.048 0.031* 
 (0.134 (0.05) (0.02) 
β4 Energy import dependence 
 

-0.0482* -0.063*** -0.000 
 (0.04) (0.01) (0.292) 
β5 Interaction – Energy import 
dependence   
 

 -0.236***  
   (0.004)  
β6 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 1 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 βc coefficients in Models II and III also point to diverging renewable energy patenting 

activities. Models II and III in Table 2 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 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. 
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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 β-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 σ-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, 

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, σ-divergence occurred from 1990 

until 2012.  
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To complement the findings of the σ-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: σ- (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 γ-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 γ-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: γ-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 γ-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 γ-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 σ-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 β-convergence and σ-convergence tests, the results indicate the existence 

of divergence. In the case of γ-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 distribution. In other words, 
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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 

divergent path, and this may have implications for general convergence. The results of this 
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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% 

βc Lagged dependent variable 0.371*** 0.371*** 

 (0.062) (0.061) 

β1 Knowledge stock 5 0.027  

 (0.06)  

β1 Knowledge stock 10  0.024 

  (0.058) 

β2Research personnel  -0.072 -0.063 

 (0.277) (0.272) 
β3 Oil price  0.250* 0.248* 

 (0.134) (0.279) 
 

-0.047** -0.048**  β4 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 

βc Lagged dependent 
variable 0.233 0.351*** 0.157* 0.234 0.352*** 0.151* 

 (0.020) (0.013) (0.008) (0.02) (0.013) (0.008) 
β1 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) 
β2 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) 
β3 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) 
β4 Knowledge stock 5 -0.003 0.001 -0.002    
 (0.019) (0.014) (0.009)    
β4 Knowledge stock 
10    -0.003 0.001 -0.001 

    (0.017) (0.013) (0.008) 
β5 Interaction – 
Energy import 
dependence 
 

-0.246***  -0.102*** -0.246***  -0.102*** 

 (0.003)  (0.00454) (0.003)  (0.004) 
β6 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 

  

Lagged 
dependen
t variable 

Knowledg
e stock 

Research 
personnel Oil price  Energy 

imports 

Interaction 
– Energy 
import 
dependenc
e 

Interactio
n – Public 
R&D 

Lagged dependent 
variable 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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