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Abstract

This thesis consists of an introduction and five self-contained papers addressing the issues of 
renewable energy technology development and voluntary carbon offsets, respectively. Paper 
I presents the results from a semi-experimental study of Swedish students’ stated willingness 
to purchase emission allowances for carbon dioxide within the European emissions trading 
scheme. Methodologically the analysis draws on recent developments in the literature on 
integrating norm-motivated behaviour into neoclassical consumer theory. The results indicate 
that students’ willingness to purchase emission allowances is determined by both price and 
the presence of norms; people who feel personally responsible for contributing to reduced 
climate damages are also the ones who appear more inclined to purchase emission 
allowances. The empirical findings are also consistent with the notion that perceptions about 
others’ stated willingness to purchase emission allowances imply improvements in people’s
self-image and ultimately behavioural change. In paper II we conduct a conceptual review
and a meta-analysis of wind power learning rates, including an assessment of a number of
important model specification and data issues that influence these learning rates. The 
econometric analysis in this paper relies on over 100 learning rate estimates presented in 35
studies. The results indicate that the choice of the geographical domain of learning, and thus 
implicitly of the assumed presence of learning spillovers, is an important determinant of wind 
power learning rates. We also find that the use of extended learning curve concepts, thus 
integrating, most notably, public R&D effects into the analysis, tends to result in lower 
learning rates than those generated by the so-called single-factor learning curve model 
specification. In paper III a critical analysis of the choice of model specification in learning 
curve analyses of wind power costs is presented. Special attention is devoted to the choice of 
either national or global cumulative capacities as learning indicators, as well as the inclusion 
of other independent variables such as public R&D, scale effects and a time trend. A data set 
of pooled annual time series over eight European countries is used. The empirical results 
indicate that the estimates of the learning rates may differ considerably across different model
specifications. The presence of global learning for wind power appears more important than 
that of national learning. Moreover, the use of extended learning curve concepts, thus 
integrating either scale effects or public R&D (or both) into the analysis, adds to our 
understanding of cost decreases in wind power technology. In paper IV we examine how 
effective different public policies have been in encouraging innovation in the wind energy 
sector. The analysis is conducted using patent counts data on a panel of European countries 
over the time period 1977-2009. The contribution of the paper lies primarily in its in-depth 
empirical efforts to address the innovation impacts of different public policies, including tests
of different model specifications and important policy interaction effects. An important result 
is that the marginal impact of public R&D support to wind power has a more profound effect 
on patenting activity when implemented jointly with a feed-in tariff scheme. Finally, paper V
provides an econometric analysis of the technology development patterns in the European 
wind power sector. The invention, innovation and diffusion phases of wind power 
development are brought together to assess important interaction effects. The dataset covers 
the time period 1991-2008 for eight western European wind power countries. We find 
evidence of national and international knowledge spillovers in the invention model. The 
results from the innovation models show that there exists global learning, but also that the 
world market price of steel has been an important determinant of wind power investment 
costs. The diffusion model results indicate that investment cost is an important determinant of
the development of installed wind power capacity. The results also identify natural gas prices 
and feed-in tariffs as vital factors behind the observed wind power diffusion patterns.
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Preface

1. Policy Background and Research Focus

In the most recent report by the Intergovernmental panel on climate change (IPCC) it is made 

clear that collective and significant global action is needed to reduce greenhouse gas 

emissions such as carbon dioxide in order to keep global warming below 2°C. The pressure of 

action is strong, since the longer we wait, the more money it is likely to cost us and the more 

challenging it will be to reach this goal (IPCC, 2014). In the light of these climate challenges,

issues related to technological change have increasingly come to the forefront of public 

deliberations concerning climate policy and environmental policy in general. The environ-

mental consequences of economic and social activity are in many ways affected by the rate 

and the direction of technological change, and climate policy instruments can both constrain 

and induce technological progress (e.g., Jaffe et al., 2003). 

The technological progress of renewable energy technologies is commonly viewed as a 

key in the process towards a more sustainable and less carbon intensive energy sector. In

order to avoid the threat of climate change the development of new carbon-free energy 

technology should, it is frequently argued, be prioritised (Stern, 2007). At present the 

generation shares of renewable energy sources, although increasing over time, remain limited. 

Given that the society demands it, the implementation of sufficient technology support 

policies is needed; renewable generation shares can then increase substantially over time, and 

thereby contribute to a less carbon intense energy use.

However, it is often argued that energy system modelers and other energy sector 

analysts do not possess enough knowledge about the sources of technological progress to 

properly inform policy-makers in technology-dependent domains such as energy and climate 

change (e.g., Gillingham et al., 2008). Technological change has often previously been 

considered a non-economic, exogenous variable, where economic incentives and policies are 

presumed to have no or little impact on technological development. Specifically, in 

exogenous energy-environment-economy model representations technological change is often 

reflected through autonomous assumptions about, for instance, cost developments over time 

and/or efficiency improvements (Löschel, 2002).
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Even though most energy system models build on exogenous characterizations of 

technological change, the literature has increasingly stressed the fact that technological

progress is endogenously determined following considerable development efforts, some 

spurred by public R&D but much of it also done by private firms. Energy researchers and 

economists have therefore shown an increased interest in introducing endogenous (induced) 

technological change into energy system models and other impact assessment models, often

with the purpose of analyzing explicitly the impact of technological change on energy system

costs and pathways (Gillingham et al., 2008). In such representations technological change is 

allowed to be influenced over time by energy market conditions, public policies along with

expectations about the future. 

Endogenous technological change has been investigated by researchers in a variety of 

ways. Inventions are often approximated by the number (counts) of patents (granted or 

applied), and patenting activity is often assumed to be a function of, for instance, R&D 

support and deployment policies (e.g., Popp, 2002; Johnstone et al., 2010). Innovations are 

often empirically quantified through the use of learning curves specifying the investment 

costs as a function of installed cumulative capacity (e.g., Isoard and Soria, 2001; Junginger et 

al., 2010). Other studies have focused on the diffusion of new technology, where the gradual 

adoption of a technology is assumed to be influenced by, for instance, policy instruments, cost 

developments, market size etc. (e.g., Stoneman and Diederen, 1994; Söderholm and Klaassen, 

2007).

Given that climate change sets high demands on future investments in new and existing 

energy technologies, the design of policy instruments that provide clear and effective 

incentives to implement these investments are crucial, in order to achieve the target of 

contributing to a less carbon intense energy use. We need to encourage the technological 

development through all stages of its process. Not only do we need to stimulate the 

introduction of new technologies through R&D, which provide us with the basic knowledge 

development that enables certain technical breakthrough, but we also need to encourage the 

optimization and further development of the technology, including the diffusion and 

utilization of new technologies on the market. The latter provides important learning 

feedbacks and may spur additional R&D. Therefore, the overall theme and research focus of 

this thesis is to understand the technological development process in the renewable energy 

sector more closely, and identify some of the key drives behind it. A simple framework to 
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facilitate the understanding of technological change is presented in the next section; this 

permits us to pinpoint some of the more specific research questions addressed in the thesis.

2. An Integrated Technological Development Approach in the Presence of

Climate Policy

In order to model technological change, the three development steps; invention, innovation 

and diffusion are recognized as the foundations for the gradual development of new 

technology (Jaffe and Stavins, 1995). The concepts of invention and innovation are often 

somewhat erroneously used synonymously today,1 and with the diffusion concept treated 

separately. The first step, invention, can be defined as: “[t]he creation of new products and 

processes through the development of the new knowledge or from new combinations of 

existing knowledge. Most inventions are the result of novel applications of existing 

knowledge,” (Grant, 2002, p. 333). Basically, this first step usually consists of fundamental

research and development (R&D), and it results in increased knowledge about technological

solutions that actually will work.

The second step, innovation, is defined by Grant (2002, p. 334) as: “[t]he initial 

commercialization 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. Hence, in the second step, the technology is improved and adjusted for given 

purposes and conditions. Cost reductions are considered a product of an innovation process 

where existing knowledge put together can create more efficient use or production of existing 

technology. 

The third step, 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. In previous research these steps have sometimes been 

modeled separately without much interaction. In this thesis, the technological development 

process is defined as described above with its possible interactions as defined in Figure 1.

There are possible interactions and feedback effects among the three steps of 

technological development. Technological development is not a linear process. For example, 

if further development and improvement in the second step become successful, the technology 

1 Schumpeter himself had a strong opinion regarding the importance of the separation of the concepts.
“Innovation is possible without anything we should identify as invention, and invention does not necessarily 
induce innovation, but produces of itself ... no economically relevant effect at all,” (Schumpeter, 1939, p. 81). 
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diffuses on the market, and the new experiences that market expansion in itself generates 

(through learning-by-doing and learning-by-using), can in turn lead to further innovations as 

technological improvements and improved performance (e.g. cost reductions) or even to new 

inventions. 

Figure 1: The integrated technological development approach and climate policy. 

To better understand what type of policy instrument we should use, we must first address

some basic concepts of how the market for renewable energy works. From an economic 

theory perspective, we could expect the output from the market for renewable energy, in 

terms of installed capacity, to be lower than what would be optimal from an economic 

efficiency point of view. There are, at least, two basic types of market failures present,

negative externalities in terms of carbon dioxide emissions, and positive externalities in terms 

of the positive externalities of knowledge development. The negative external effect of 

emissions of greenhouse gases, such as carbon dioxide from carbon intense energy use, is 

according to the so-called Stern report "the greatest market failure the world has seen,” (Stern, 

2007). The economic agents that cause these emissions have normally no (or very limited) 

incentives to reduce them in the absence of any policy. Thus, the problem consists of 

predatory pricing of fossil-based production. It is important to find a way to successfully 

internalize the external environmental costs arising from such energy use (Jaffe et al., 2005).

The actors’ incentives to make economically efficient decisions are of great importance, and 

if we give them incentives to reduce emissions, for example through a tax on emissions, this 

first type of market failure can be internalized.

The second type of market failure is the presence of positive (knowledge) externalities,

which can be divided into spillovers from R&D as well as from the diffusion of technology 

through learning-by-doing, etc. This type of knowledge spillover also exists at the 

Technology push Market pull
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international level, e.g., research conducted in one country often spill over to actors in other 

countries. Relatively new and immature renewable energy technologies are often in need of 

public support when they are under development. In the energy sector extensive public 

information has been found to be generated, both through R&D as well as technological

learning (Neuhoff, 2005). The positive externality originates from the public good nature of 

new knowledge; knowledge generation is characterized by non-rivalry and non-excludability. 

Often no incentives exist to contribute to the public good, because when it is produced 

everyone can benefit from it (i.e., free-rider behavior), and for this reason the public good 

may be underprovided in the marketplace (Varian, 1992). Thus, when the knowledge actually 

is obtained, it can be used by several actors at a low cost, and the producer generates benefits 

that he/she cannot fully capture itself, although he/she, for example, carries the entire cost of 

the investment. From an economic perspective there is therefore a risk that investment in new 

knowledge will become too low because the individual innovator do not want to spend 

money, which is going to “spill over” and benefit someone else (Jaffe et al., 2005).

There is a need to internalize the positive externalities of information-generating 

measures. Positive knowledge spillovers can occur in all parts of the technology development 

process. Thus, it is important to support the market introduction of new technologies. For 

instance, when we do, we invest in technical learning, and we thereby accept higher cost 

today in order to get lower costs in the future.

However, the gradual learning effects that arise as a result of increased diffusion are 

expected to reduce the necessity for public support in the future. On the other hand, it is not 

the level of technological learning in itself that justifies the importance of government policies

that promote technological development, but whether learning activities cause significant 

knowledge spillovers or not. Moreover, it may be difficult to assess how significant the

learning effects actually are since it is far from easy to distinguish these from other sources of 

exogenous technological development (e.g., Borenstein, 2012; Jaffe et al., 2005; Nordhaus, 

2014).

In accordance with what has been discussed above, it is clear that we need to understand 

the technological development process more closely, and identify some of the key drivers

behind it. This is necessary for the identification of efficient policy instrument mixes that

encourage the development and diffusion of new renewable energy technologies. In general 

there is a need for "technology push" policies that promote technology development with 

support for fundamental R&D, as well as "market pull" policies aimed at establishing niche 
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markets for promising technologies. However, one specific policy may also affect all 

technology development stages, and these impacts may well differ regarding their magnitude 

and direction. 

The research topics covered in this thesis can be sub-divided into two parts. In part one 

(paper I) we present the results from a semi-experimental investigation of Swedish students’ 

stated willingness to purchase emission allowances for carbon dioxide within the European 

emissions trading system (EU ETS). Since the main purpose of these emission allowances is 

to reduce greenhouse gases and, consequently, reduce global warming, they can be seen as a 

(partial) solution to the large scale social dilemma of global warming. Hence, these emission 

allowances can be seen as one way of internalizing the negative external effects, the 

environmental costs, arising from carbon intense energy use. Normally we would not – at 

least when consulting conventional economic theory – expect people to care about 

contributing to carbon dioxide reduction. However, in this paper, we hypothesize that this 

may be the case because of the existence of personal norms. The analysis should contribute to 

our understanding of why some individuals are more willing to purchase emission allowances 

than others. This provides insights as on how to predict and understand pro-environmental 

behavior, and what policy measures that can be taken to promote and market emission 

allowances more effectively.

In part two of the thesis (papers II, III, IV and V) the focus is on the process of 

technological change in the renewable energy sector. In order to model technological change,

the three development steps; invention, innovation and diffusion, are addressed and 

operationalized in the context of different econometric models.

Innovation models are estimated using the concept of the learning curve. Endogenous 

technological change is often introduced into energy system models through so-called 

learning rates. The progress of renewable energy technologies will here depend on future cost 

development through further innovation and learning (Loiter and Norberg-Bohm, 1999; Neij, 

1997). In order to forecast the future cost developments of energy technologies, use is made 

of the above-mentioned learning curve concept. Learning curves and the estimation of 

learning rates is an approach to measure technical change in the form of cost improvements as 

a result of cumulative experience. Hence, in the innovation part of the thesis we estimate how 

investment costs are affected by, as in our example, the cumulative capacity of wind power.

The focus is thus on cost reductions driven by the cumulative experience of the production 

and use of the technology (e.g., Arrow, 1962; Isoard and Soria, 2001; Junginger et al., 2010).
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The estimates of the so-called technological learning rates are in turn used as inputs in 

energy system models (e.g. Grübler and Messner, 1998; Kouvaritakis et al., 2000; and Barreto 

and Kypreos, 2004), and in order to generate meaningful and policy-relevant results from 

these models, reliable estimates of the learning rates are needed. In paper II we therefore 

conduct a conceptual review and meta-analysis of wind power learning rates, thus permitting 

an assessment of some of the most important model specification and data issues that have 

influenced the estimated learning impacts in previous work. To our knowledge this is the first 

quantitative meta-analysis of energy technology learning rates, and in spite of the sole focus 

on wind power it should also generate important general insights into the determinants of 

energy technology learning rates in general. Moreover, in paper III the main purpose is to 

critically analyze the choice of model specifications in learning curve analyses of wind power. 

Special attention is devoted to the question of the choice of national or global learning, hence

whether the presence of positive (knowledge) externalities, the learning spillover, also exists 

at the international level. Furthermore, we also make an effort to separate these learning 

effects from other exogenous sources of technological development by including other 

variables in the learning curve models, such as R&D, scale effects and a time trend.

When studying the invention step, patent counts can be used as proxies for inventions. 

For example, in this line of research one specifies a number of independent variables, which 

are believed to affect the number of patent counts. These studies investigate the role of policy 

and market conditions, in this case for providing patenting incentives. Popp (2002) and 

Johnstone et al. (2010) used patent count data to empirically investigate different aspects of 

policies that drive technological development, and Brunnermeier and Cohen (2003) used 

patent count data to study how environmental innovations by US manufacturing industries 

responded to changes in pollution abatement expenditures and regulatory enforcement. In line 

with this field of research we examine, in paper IV, how effective different policies are in 

encouraging invention and patenting activities in the wind power sector. We use patent counts

data provided by the OECD. This paper addresses the impacts of both technology push and 

market pull policies (and the interaction of these). 

Finally, in the diffusion step, the gradual adoption of a technology can be assumed to be 

influenced by, for instance, policy instruments, cost developments, market size etc. For 

instance, Stoneman and Diederen (1994) analyzed the importance of policy intervention for 

technology diffusion. However, in paper V, the conclusion is drawn that relatively few 

previous quantitative studies address the interactions between the invention, innovation and 
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diffusion phases of technological development. Söderholm and Klaassen (2007) did a first 

attempt to combine two of the technological development steps by outlining and estimating an 

innovation (learning) model and a technology diffusion model in the empirical context of 

European wind power and taking into account the endogeneity issue. In paper V, we provide a 

quantitative analysis of the main determinants of technological change in the European wind 

power sector, and in the analysis we address important interactions and feedbacks throughout 

the entire technological development process. To our knowledge, no previous attempts to 

assemble all three development steps in a quantitative setting have been made. 

Empirically the focus of the thesis is on wind power in four out of five papers. 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. Furthermore, the 

wind power industry has had an outstanding development during the last decades, with 

declining costs and increasing electricity output. Wind power generation is currently

estimated to provide about 4% of the world’s electricity demand operating in 100 countries 

(WWEA, 2014). In 2013, the world added 14 Gigawatt (GW) of wind power generation, 

bringing the total to more than 336 GW. However, in spite of the focus on wind power, the 

analyses should also be able to generate important general insights into the determinants of 

technological change in the energy sector as a whole.

The five papers included in the thesis are summarized in section 3, while section 4

provides some general conclusions from the thesis. 

3. Summary of Papers

Paper I: Voluntary Citizen Participation in Carbon Allowance Markets: The Role of 

Norm-based Motivation

In this paper we present the results from a semi-experimental study of Swedish students’ 

stated willingness to purchase emission allowances for carbon dioxide within the European 

emissions trading system (EU ETS). Methodologically we draw heavily on recent 

developments in the literature on integrating norm-motivated behaviour into neoclassical 

consumer theory, and assume that individuals have a preference for maintaining a self-image 

as a responsible and thus norm-compliant person. In Sweden, private purchases of carbon 

allowances within the EU ETS have been possible through a Web-based service provided by 
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the Swedish Society for Nature Conservation (SSNC). Given the global nature of the problem 

of carbon dioxide emissions, this empirical case is well suited for an investigation of norm-

based behaviour in a large-scale social dilemma. The results, which builds on a survey that 

was handed out to a total of 328 undergraduate students, indicate that students’ willingness to 

purchase emission allowances for carbon dioxide was determined by both price and the 

presence of norms; people who feel personally responsible for contributing to reduced climate 

damages are also the ones who appear more inclined to buy emission allowances. The 

empirical findings are also consistent with the notion that a person´s belief about others’ 

stated willingness to purchase carbon allowances implies improvements in their own self-

image and ultimately behavioural change. This suggests that information campaigns that 

attempt to influence beliefs about others’ intentions could promote “green” consumer 

behaviour in the carbon allowance market. Such (stated) behaviour also appears to be 

influenced by a person’s awareness of the problem of climate change and their beliefs about 

their own ability to solving it.

Paper II: Wind Power Learning Rates: A Conceptual Review and Meta-Analysis

In energy system models endogenous technological change is introduced by implementing so-

called technology learning rates, thus specifying the quantitative relationship between the 

cumulative experiences of a technology on the one hand and cost reductions on the other. The 

purpose of this paper is to conduct a meta-analysis of wind power learning rates, thus 

permitting an assessment of some of the most important model specification and data issues 

that influence the estimated learning coefficients. The econometric analysis in the paper relies 

on over 100 learning rate estimates presented in 35 studies, all conducted during the time 

period 1995-2010. The empirical results indicate that the choice of the geographical domain 

of learning, and thus implicitly of the assumed presence of learning spillovers, is an important 

determinant of wind power learning rates. We also find that that the use of extended learning 

curve concepts, thus integrating either scale or R&D effects into the analysis, tends to result in 

lower learning rates than those generated by so-called single-factor learning curve studies. 

The empirical findings suggest that increased attention should be devoted to the issue of 

learning and knowledge spillovers in the renewable energy field, as well as the interaction 

between technology learning and R&D efforts. 
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Paper III: Global and National Learning Energy Technology Learning: The Case of 

Wind Power in Europe

The purpose of this paper is to critically analyze the choice of model specifications in learning 

curve analyses of wind power costs. Special attention is paid to the question of the choice of 

national or global cumulative capacity, and the inclusion of other variables such as R&D, 

scale effects and the inclusion of a time trend. To illustrate the importance of these 

methodological choices, a data set of pooled annual time series data over five European 

countries – Denmark (1986-1999), Germany (1990-1999), Spain (1990-1999), Sweden (1991-

2002) and the United Kingdom (1991-2000) – is used. We compare the results from different 

types of model specifications, and the empirical results support the notion that the estimates 

of learning-by-doing rates may differ across these model specifications. In our data set the 

presence of global learning for wind power appears more important than that of national 

learning, and the estimates of the (global) learning rate are only marginally influenced by the 

introduction of public R&D and returns-to-scale effects. The results also show, though, that 

the impact of cumulative capacity on wind power costs appears to be sensitive to the inclusion 

of a time trend in the traditional learning curve model. 

Paper IV: Wind Power Innovation and Policy in Europe: A Patent Data Approach

This paper examines how effective different types of public policies are in encouraging 

innovation in the wind energy sector, and with a focus on both public R&D support and feed-

in tariffs. The analysis is conducted using patent counts data on a panel of four European 

countries over the time period 1977-2009, and count data regression techniques. The results 

are overall relatively robust to different model specifications, and indicate that both public 

R&D support and the level of feed-in tariffs induce wind power patenting activity. We also 

find evidence of the presence of policy interaction effects in the sense that the impact of 

public R&D support on patenting activity is greater at the margin if it is accompanied by the 

use of feed-in tariff schemes for wind power. This confirms the existence of important 

feedback effects between basic R&D and technology learning.

Paper V: 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. The three classic Schumpeterian steps of 

technological development, invention, innovation and diffusion are brought together to assess 

the relationship between these. Three econometric approaches are used, a Negative binomial 
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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. We 

suggest a perspective of the technological development process where possible interaction 

effects between these models 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 obvious 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 toward the importance of natural gas 

prices and feed-in tariffs as vital factors for wind power diffusion.

4. Conclusions and Implications

The current concerns about climate change, primarily caused by carbon intense energy use,

have led to an increased emphasis on technological progress in the renewable energy sector.

Policy makers worldwide give high hope that future technological development will solve the 

problem of global warming. In the light of this the contribution of the thesis lies in its 

attempts to understand the technological development process more closely, and identify 

some of the key drivers behind it. Such knowledge can provide insights as how to design 

public policy instruments – and policy mixes – that encourage the development and the 

diffusion of new technologies in the renewable energy sector.

Some of the general findings and implications of the analysis carried out in the five 

appended papers can be summarized as follows: 

The results from our hypothetical market experiment of Swedish students’ stated 

willingness to purchase emission allowances for carbon dioxide within the 

European emissions trading system (EU ETS) indicate that this willingness is 

determined by both price and the presence of personal norms. The empirical 

findings are also consistent with the notion that a person’s beliefs about others’ 

stated willingness to purchase carbon allowances imply improvements in self-

image and ultimately behavioural change. This research suggests therefore, for 

instance, that information campaigns that attempt to influence beliefs about 
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others’ intentions could promote ‘green’ consumer behaviour in carbon 

allowance markets. Publicly-provided information about the impacts of climate 

change and the ways in which these damages stem from individual choices could 

also induce this type of behaviour.

The empirical results from our meta-analysis of wind power learning rates, in 

paper II, and the empirical results from the analysis of the choice of modeling 

specification in learning curve analyses of wind power costs, in paper III, 

indicate that the choice of the geographical domain of learning, and thus 

implicitly of the assumed presence of learning spillovers, is an important 

determinant of wind power learning rates. We also find that that the use of 

extended learning curve concepts, thus integrating either scale or public R&D 

effects into the analysis supports the notion that the estimates of learning-by-

doing rates may differ across different model specifications. The empirical 

findings in paper II suggest that increased attention should be paid to the issue of 

learning and knowledge spillovers in the renewable energy field, as well as the 

interaction between technology learning and R&D efforts. Furthermore, the 

results from paper III indicate that the use of extended learning curve concepts, 

thus integrating either scale effect, or public R&D (or both) into the analysis also 

contributes to our understanding of cost decreases over time. Future research 

should devote more attention to improved causal models of the effect of R&D 

and learning-by-doing in technology innovation and diffusion. Technological 

learning and R&D are not independent processes, and the development of new 

technology requires both R&D and learning, and therefore R&D programs 

should not be designed separately from practical applications. Moreover, overall 

we need more detailed studies of learning curves in different renewable energy 

fields to investigate whether learning rates for other renewable energy sources 

are equally sensitive to the choice of model specifications, and if differences can 

be detected, what do then cause these?

The main contribution from the investigation on how effective different public 

policies have been in encouraging innovation in the wind power sector lies 

primarily in the paper’s empirical efforts to address the innovation impacts of 

different types of public policies, including tests of different model 

specifications and important policy interaction effects. Since, it is argued,
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technological progress requires both R&D and learning-by-doing, we anticipated

the presence of synergy effects between R&D and direct production support, and 

this notion gained support from our results. These results support the notion that 

we may need to combine different complementary policy instruments in our 

quest for a higher proportion of carbon-free energy technologies.

The empirical results from the analysis of the technology development patterns 

in the European wind power sector indicate the presence of national and 

international knowledge spillovers in the invention model. The results from the 

innovations models show 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 investment costs. The diffusion model results indicate that 

investment costs is an important determinant for the development of installed 

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

prices and feed-in tariffs as vital factors for wind power diffusion.

Overall, the implications from our five papers suggest that we can learn a lot by looking at 

one specific step of technological change, but, as shown in paper V, it is important to view 

technological development as a system of interdependent parts. Policy instruments aiming to 

provide clear and effective incentives to reduce carbon emissions or increasing the share of 

renewable energy in order to achieve the target of contributing to a less carbon intense energy

use, might not have any effect at some stages at the technological development process, but 

will have important effects on other stages. Hence, we need to encourage the technological 

development through all stages, and in order to perform a fair assessment of how a particular 

policy instruments works it becomes important to have this in mind.

Furthermore, the thesis has shown that the design of a renewable energy technology 

development is a complex task to come to grips with. Several different policies may be 

needed for us to internalize the various market failures related to the negative external effects 

of carbon dioxide emissions as well as those derived from the positive externalities of 

knowledge development. To achieve the emissions targets we want to achieve there can be 

strong reasons to complement a price on carbon with some supplementary policy instrument

which specifically favor technological development. Although it is fundamentally important 

that there is a price on carbon that will give us an underlying demand for emission-reducing 

technologies, these will also benefit from complementary investments in R&D and learning, 

especially when we have significant spill overs at the international level. Thus, an important 
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policy lesson is that when designing policies, one should carefully consider how different 

policies work together. Furthermore, given the presence of international spillovers, we may 

have to allocate more public investment in R&D, because private R&D spending might be 

less than desired, given that we want to promote renewable technological development.

Naturally, since this thesis does not attempt to provide any full-fledge answers for us to 

fully understand the technological development process, it should open the field for future 

research on these issues. If we want to predict and understand what one can do to stimulate 

the development and the diffusion of new renewable energy technologies, it is essential to

continue to improve our comprehension of this field.
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Voluntary citizen participation in carbon allowance
markets: the role of norm-based motivation
ÅSA LINDMAN, KRISTINA EK, PATRIK SÖDERHOLM*

Economics Unit, Luleå University of Technology, Luleå 971 87, Sweden

The results from a semi-experimental study of Swedish students’ stated willingness to purchase emission allowances for carbon
dioxide are presented. Drawing heavily on recent developments in the literature on integrating norm-motivated behaviour into
neoclassical consumer theory, it is assumed that individuals have a preference for maintaining a self-image as a responsible (and
thus norm-compliant) person. The results indicate that students’ willingness to purchase carbon allowances is determined by
both price and the presence of norms: those who feel personally responsible for contributing to reducing climate damages also
appear more inclined to buy allowances. The empirical findings are consistent with the notion that a person’s beliefs about
others’ stated willingness to purchase carbon allowances imply improvements in their own self-image and ultimately behavioural
change. This suggests that information campaigns that attempt to influence beliefs about others’ intentions could promote
‘green’ consumer behaviour in the carbon allowance market. Such (stated) behaviour also appears to be influenced by a
person’s awareness of the problem of climate change and their beliefs about their own ability to contribute to solving it.

Policy relevance
Although there is a concern that public goods such as reduced climate change may be under-provided in the free market,
individual concern for the environment occasionally has profound impacts on consumer choice and voluntary action. This
research suggests that information campaigns that attempt to influence beliefs about others’ intentions could promote ‘green’
consumer behaviour in carbon allowance markets. Publicly-provided information about the impacts of climate change and the
ways in which these damages stem from individual choices could also induce this type of behaviour.

Keywords: behaviour; carbon allowance; norms; voluntary action

1. Introduction

What is best for the individual is not always what is best for the collective. Many of the critical issues

associated with environmental degradation such as resource depletion, human overpopulation and

pollution give rise to situations in which individual interests are often at odds with those of the collec-

tive. In the economics literature, this is typically recognized bynoting that goods characterized bynon-

rivalry and non-excludability in consumption (i.e. public goods) tend to be under-provided in the

market place (Bergstrom, Blume, & Clotfelter, 1986). Strategies that are rational for the individual

can lead to outcomes that are irrational for the collective. This apparent paradox thus seems to chal-

lenge the commonly held view that rational beings can achieve rational outcomes (Ostrom, 1990).
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This has led scholars to formalize these types of situations in terms of the so-called ‘Prisoner’s Dilemma’

and as social dilemma games. In these settings, although the payoff to each individual for not contri-

buting to the production of the public good is higher than the payoff for voluntary public good pro-

vision (regardless of what others do), overall, everyone receives a lower payoff if each individual

chooses to defect (i.e. not contribute) than if each individual chooses to contribute (Dawes, 1980).

Such situations suggest that the frequently implemented information campaigns concerning global

warming, which assert that individuals and households should integrate climate-friendly behaviour

into their daily lives, may only have limited impacts on behaviour. Nevertheless, in many cases a

concern for the environment appears to have had significant impacts on consumer behaviour

(Garcı́a-Valinãs, Macintyre, & Torgler, 2012; Starr, 2009). This appears to be inconsistent with the

type of utility-maximizing behaviour assumed in standard economic models of the private provision

of public goods. For instance, in the social psychology literature it is suggested that the appeals to

norms could therefore lead to increased private provision of public goods – i.e. informal rules that

one should act in a given way in a given situation – may provide an important reason for a departure

from the social dilemma outcome (Biel & Thogersen, 2007; Von Borgstede, Dahlstrand, & Biel, 1999).

In this article, a semi-experimental investigation of Swedish students’ stated willingness to purchase

carbon allowances is presented. Drawing heavily on recent developments in the literature on integrat-

ing norm-motivated behaviour into neoclassical consumer theory (Brekke, Kverndokk, & Nyborg,

2003), it is assumed that individuals have a preference for maintaining a self-image as a responsible

and norm-compliant person. In Sweden, private purchases of carbon allowances within the EU Emis-

sions Trading Scheme (EU ETS) are possible through a Web-based service provided by the Swedish

Society for Nature Conservation (SSNC). Given the global nature of the problem of GHG emissions,

this empirical case is well suited for an investigation of norm-based behaviour in a large-scale social

dilemma.

Previous research has also addressed the willingness of citizens to pay for reductions in global

GHG emissions either through public or individual action. Much attention has been paid to the will-

ingness to make economic sacrifices for public programmes (Cai, Cameron, & Gerdes, 2010; Viscusi &

Zeckhauser, 2006), but the focus here is on individual voluntary action. A number of previous studies

have investigated citizens’ willingness to buy carbon offsets, typically in the empirical context of air

travel passengers (Akter, Brouwer, Brander, & van Beukering, 2009; Brouwer, Brander, &VanBeukering,

2008; Lu & Shon, 2012; MacKerron, Egerton, Gaskell, Parpia, & Mourato, 2009). These studies have

focused primarily on measuring average willingness-to-pay (WTP) and highlighted that stated WTP

tends to be influenced inter alia by different socio-economic variables and the respondents’ perception

of the carbon offset scheme.1 Other studies have investigated attitudes towards (and support for) per-

sonal carbon allowances (Nakamura & Kato, 2013), including the impacts of an individual’s carbon

footprint (e.g. Capstick & Lewis, 2010; Wallace, Irvine, Wright, & Fleming, 2010), pro-environmental

behaviour (Capstick & Lewis, 2010), and perceived fairness and trust in politicians (Jagers, Löfgren, &

Stripple, 2010). Capstick and Lewis (2010) have also presented results from a computer-based

simulation in which they investigated the effects of personal carbon allowances on individuals, and

have suggested that people tend to make more energy-saving decisions in the presence of a limited

personal carbon allowance.

In contrast to the above economic studies onWTP, more in-depth empirical attention is paid to the

determinants of an individual’s voluntary choice to pay a positive price for a carbon allowance,
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focusing on the role of norm-based motivation. Thus, no attempt is made to address overall market

potential and average WTP. An important contribution of the present article is an investigation of

the potential importance of others’ intended behaviour in influencing an individual’s willingness to

purchase carbon allowances.

Specifically, the hypothesis is that individuals have a preference for keeping a self-image as amorally

responsible person, and that their behaviour in the market for carbon allowances will therefore be

influenced by how purchases of this good affect their own self-image. It is hypothesized that others’

stated behaviour is an important determinant of this by providing a moral compass about the

perceived personal responsibility of the individual. This permits an analysis of how norm-motivated

behaviour in the voluntary carbon market can be promoted (e.g. through information campaigns).

For the purpose at hand, it is useful to distinguish between descriptive norms – norms that show how

people do act – and internalizednorms – those for which people sanction themselves, i.e. feel a personal

responsibility to comply with the norm and feel bad when this does not occur. The activation of inter-

nalized norms is likely to explain pro-environmental activities that are hard to observe for others, thus

making sanctions based on the approval or disapproval of others (i.e. the activation of social norms)

difficult (Ek & Söderholm, 2008). The purchase of carbon allowances clearly falls into this category.

Thogersen (2007) has suggested that generally there is a weak relationship between descriptive

norms and internalized norms. However, this may not necessarily be the case. People cannot contrib-

ute to the production of all public goods, and in specific cases they may therefore be genuinely uncer-

tain about whether they should take personal responsibility for it or not. In such a situation others’

behaviourmay serve as amoral guide (Nyborg,Howarth,&Brekke, 2006). It is therefore hypothesized –

in line with von Borgstede Dahlstrand, and Biel (1999) and Nyborg et al. (2006) – that the higher the

perceived contributions from others are, the more likely it is that an individual will say they will pur-

chase carbon allowances. It is important to note that in this investigation the presence of descriptive

norms is not explicitly addressed. The purchase of voluntary carbon allowances is, overall, a new

phenomenon, and it is difficult to convey a descriptive norm where none exists. For this reason it is

investigated how stated purchases of carbon allowances are affected by varying the information regard-

ing the extent towhich people in general express a willingness tomake such purchases (see Section 2).2

In the next section, a simple consumer choicemodel is developed that integrates norm-basedmotiv-

ation and economic incentives. This model is useful for identifying a number of potentially important

factors determining individuals’ voluntary provision of a global public good. In Section 3, the survey

and research design – as well some important variable definitions – are discussed and some descriptive

statistics arepresented. In Section4, theeconometric binary choicemodel used to analyse students’will-

ingness to purchase carbon allowance is introduced, and the empirical results from the estimations are

presented and discussed. Finally, Section 5 provides some brief concluding remarks and implications.

2. Norms and the private provision of a public good: a simple model

Themodel used here builds ononedeveloped byNyborg et al. (2006) that addresses the interdependen-

cies between norms and economic motivation (see also Ek & Söderholm, 2008). The integration of

social psychology theory into neoclassical models of consumer behaviour has become increasingly

common (Brekke et al., 2003; Brekke, Klipperberg, & Nyborg, 2010). In social psychology, various
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different models have been used to address the presence of pro-environmental behaviour. These

include, for instance, the ‘Theory of Planned Behaviour’ (Ajzen & Maddens, 1986), which builds on

the view that such behaviour is guided by intentional processes and beliefs about behavioural conse-

quences. In the present article, different components of the ‘Norm Activation Theory’ (Schwartz,

1977), which emphasizes the role of personal norms and the notion that morality guides behaviour,

are used. However, in contrast to this latter approach, the activation of norms is not explicitly mod-

elled. Instead, norms are integrated into an economic model of consumer behaviour by assuming

that people have a preference for maintaining a self-image as a morally responsible person (see below).

The analysis focuses on the presence of internalized social norms (i.e. personal norms) among indi-

viduals, which implies that individuals sanction themselves (e.g. by getting a bad conscience if the

norm is broken). It is also assumed that each individual’s perceived responsibility to contribute to

the provision of the public good is affected by her beliefs about others’ behaviour, in the sense that

this provides some kind of ‘moral compass’ as to whether she should take responsibility for the issue

or not. It is assumed that society consists of n identical individuals and that, in the carbon allowance

market, each of them can choose to purchase a ‘brown’ or ‘green’ good (where the latter represents a

carbon allowance). The ‘green’ alternative also incurs an incremental cost C, which is taken to be

the price of the carbon allowance.

No allowance boughtwithin the SSNC scheme can be exchanged in the carbonmarket, so there is no

capital gain to be made from a price increase. However, in the model, choosing the ‘green’ alternative

can nevertheless generate two types of benefit for the individual consumer. First, by choosing ‘green’,

the individual contributes to an environmental public good and therefore – due to the indivisibility

and non-excludability properties of this good – confers a non-market benefit b both on herself and

the other n–1 individuals in society. In the case of climate change it is reasonable to assume that the

personal environmental benefits of an individual’s choice are more or less negligible in a large-scale

social dilemma. In other words, the value of b is likely to be low (with b , C)3, and in a social

dilemma setting with nomoral considerations an individual will have no incentive to take these posi-

tive spillover effects into account in her decision-making (however, see below in this section). Never-

theless, the presence of spillover benefits on other individuals implies that it is reasonable to assume

that nb . C (Nyborg et al., 2006), which thus suggests that society as a whole would be better off if

everyone chooses the ‘green’ alternative.

Second, it is assumed that an individual has a preference for a positive self-image as amorally respon-

sible person, conceived of here as a person who conforms to certain norms of responsible behaviour

(Brekke et al., 2003). This builds on the assertion that the ‘green’ alternative is morally superior, and

that choosing it will yield a self-image improvement S. It is therefore implied that the individual’s

payoff pi for choosing ‘green’ (rather than the ‘brown’ alternative) can be expressed thus:

pi = (S+ b− C)yi (1)

where yi ¼ 1 if the individual chooses the ‘green’ alternative and yi ¼ 0 if she does not. As noted above, it

is reasonable to expect that b is very low (and close to zero), and that this term can be neglected.

Overall, it is assumed that an individual can choose ‘green’ not for traditional consumption purposes

but primarily for moral reasons, because an individual’s choice can affect overall environmental

outcomes.
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It is important to discuss the determinants of the self-image improvement S. Following Nyborg et al.

(2006), the change in self-image from choosing ‘green’ is reflected in the personal responsibility an

individual feels for the issue. The more willing an individual is to acknowledge his/her own personal

responsibility to choose ‘green’, the higher S is. However, some individualsmay be genuinely uncertain

about whether they ought to assume the responsibility to buy ‘green’, especially if there is no formal

sharing of responsibility through, for instance, laws. In addition, there are many good causes to

support; individuals’ voluntary efforts to contribute to the provision of public goods is a scarce resource

and no-one can be expected to contribute to all of them. In a specific case, therefore, an individual has

to decide if she should take responsibility or if she should contribute to some other good cause instead.

Following inter alia Schultz (2002), Nyborg et al. (2006, p. 354) have suggested that:

A natural thing to do, then, is to look around to see who carries this responsibility in practice. If she

observes that it is common for people like her to take responsibility (in our case, purchase the green

good), it is more likely that she will conclude that she does have some responsibility.

Based on this notion, it is assumed that beliefs about others’ behaviour have a positive impact on S.4

Specifically, a is defined as the share of the total population that chooses the ‘green’ alternative so

that a ¼ (
∑

xi/n).

It is also assumed that the impact on S of choosing ‘green’ is affected by the positive environmental

externalities that arise from an individual’s choice (which thus affect the n2 1 other individuals in

society). We define B ¼ b(n2 1) as an individual’s beliefs about the value of the total positive external

effects to which her purchase gives rise. The moral – self-image – relevance of purchasing ‘green’ is

assumed to depend positively onB. It should be clear that the size of Bwill largely reflect an individual’s

perception of her ability to affect the outcome in a positive way. In the literature on environmentally

benign consumer behaviour, this is often captured by the concept of perceived consumer effectiveness

(PCE) (Ellen,Wiener,&Cobb-Walgren, 1991; Laroche, Bergeron,&Barbaro-Forleo, 2001). For instance,

if an individual perceives that her choice to purchase carbon allowances will in fact lead to significant

reductions in carbon emissions, B will be comparatively large. Moreover, implicit in B is also some

valuation of the environmental benefits following the individual’s choice; even if an individual

believes that her choices imply greater environmental quality, various people may perceive the impor-

tance of this improvement differently. Thus, it is assumed that the more environmentally concerned

an individual is, the higher B will be.5

In summary, the self-image improvement S from choosing ‘green’ can be expressed as

S = s(B, a) (2)

where s is a concave and continuously differentiable function, which (in the presence of ‘green’ pur-

chases) increases in both a and B. This simple representation of S is inspired by the way in which

moral decision making is often modelled in Norm Activation Theory such that an awareness of an

action’s consequences and the ascription of responsibility determine, inter alia, moral decisions (e.g.

Schwartz, 1970, 1977). In the model used here, however, norm activation is not modelled in explicit
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terms. Instead, the maintained hypothesis is that norms influence behaviour through the individuals’

preferences for keeping a self-image as a norm-compliant person.

According to our simplemodel, an individualmaximizes her payoff by choosing ‘green’ (i.e. yi ¼ 1) if

and only if b + s(B, a) . C. Given that b is deemed to be close to zero in the case of climate change, it is

particularly important empirically to focus on the determinants of S. Given the above considerations, it

is hypothesized that the self-image improvement will be more pronounced the higher the perceived

positive environmental externalities are and the more willing the individual is to assume personal

responsibility. An improvement in self-image is also expected to be an increasing function of the

share of other people choosing the ‘green’ alternative.

Nyborg et al. (2006) have shown that this way of specifying preferences can produce multiple equi-

libria: ‘herd behaviour’ can promote either very high or very low public good provision levels. In prac-

tice, individuals typically do not observe a, and they must make ‘an imperfect assessment of a, for

example by drawing inferences based on a limited number of observations of others’ behaviour’

(Nyborg et al., 2006, p. 361). This provides room for the government and for private companies to influ-

ence individuals’ beliefs about others’ behaviour through information and advertising campaigns.

In the following sections, the case of citizens’ voluntary participation in the carbon allowance

market is studied to address the question of whether different information about the expressed contri-

bution of others’ can affect their stated willingness to contribute to reduced carbon dioxide emissions

through purchases of carbon allowances.

3. Survey design, choice scenario, and definitions of variables

3.1. Introduction to the survey and research design
In this semi-experimental study, a survey was handed out to a total of 328 undergraduate students at a

Swedish university who took a variety of classes. The classes were randomly selected from all types of

course given at the University (e.g. engineering, business administration, pedagogics) and, at the end

of each, about 30 minutes were allocated for the completion of the questionnaire. The students were

informed that the exercise was optional and that the survey was to be completed without consulting

anyone other than the researcher. All the students who were approached chose to answer the

questionnaire.

The first part of the questionnaire consisted of a number of background questions regarding age,

gender, and the scope of their current university studies. In the next section of the questionnaire

the global warming problem was briefly introduced, and the students were provided with information

about the functioning of the EU ETS in relation to carbon dioxide. Theywere informed that this system

involves a number of selected energy-intensive sectors and that, in the recent past, it was difficult (and

expensive) for individuals to purchase emission allowances directly within the EU ETS. However, in

2005 the SSNC opened up aWeb-based service enabling such private purchases (but with no possibility

for resale). At the time of our classroom investigation, the price of one allowance – corresponding to

one ton of carbon dioxide – was 350 kr (about US$50).6 The students were informed that the purchase

of one allowance implies that a plant within the EU ETS must reduce its carbon dioxide emissions by

one ton and hence that an individual’s decision to purchase emission allowances can contribute to

reducing climate damage.
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Based on the work of von Borgstede et al. (1999) andNyborg et al. (2006) the students were then pre-

sented with a simple hypothetical choice scenario in which the strength of a quasi-descriptive norm –

i.e. the expressed participation rate of others as evidenced through previous studies (see below) – was

varied across four subsamples (each consisting of 82 students). The expressed participation rates of

others chosen for the choice scenarios were 10%, 30%, 50%, and 70%. The choice scenario presented

in the questionnaire was as follows:

‘There exist previous studies, which show that about [10, 30, 50, 70] percent of the Swedish public can

seriously consider buying an emission allowance for carbon dioxide at about the price that prevails

today, that is SEK 350 per ton.We are now interested towhat extent you arewilling to purchase an emis-

sion allowance.

Would you be willing – within the next six months – to buy one emission allowance corresponding

to one ton of carbon dioxide at the price of SEK 350?

o Yes o No’

If a participant rejected this bid of 350 kr, she was asked the same question but this time with a lower

price of 150 kr (about US$21). If a participant accepted the 350 kr bid, she was asked the same question

but with an even higher bid of 450 kr (about US$64). Each student faced two choice sets with different

allowance prices, so the empirical analysis was based on a total of 656 observations.

The present investigationdoesnot constitute an explicitmarket experiment. It is sometimes claimed

that the deception of participants should generally be avoided because it could (1) bias the results

(because the link between an individual’s payoff and his incentive to act becomes weakened) and

(2) lead to a contamination of the subject pool, which in turn could lead to biased results in future

experiments (Croson, 2005). It is thus useful to comment on the issue of whether the split sample tech-

nique (presenting seemingly contradictory information) involves deceiving the respondent and, if so,

whether this constitutes a problem for the present investigation. Experimental economists define

‘deception’ as the explicit and intentional provision of false or misleading information about facts,

the purpose of the experiment itself, and/or about those involved in the experiment (Bonetti, 1998;

Barrera & Simpson, 2012; Hey, 1998). However, the omission of facts (i.e. withholding information)

does not necessarily constitute deception (Croson, 2005; Hey, 1998).

In the experiment under discussion, there are prima facie no good grounds for thinking that

participants were deceived. First, in the different scenarios, no assertion was made that was false.

The research design was inspired by the notion that there is clearly mixed evidence regarding the

extent to which Swedish lay people are willing to purchase carbon allowances. Some studies (e.g.

Svensson & Johansson, 2008) have shown that expressed participation rates are high (about 80%),

some that it is around 50% (e.g. Folksam, 2009), and others that very few (less than 10%) wish to

purchase carbon allowances (e.g. Pozdeeva, 2010). Thus, the design of the experiment primarily falls

into the category of withholding information rather than of outright deception.7

Second, and perhaps more importantly, the omission of information in the present case is not likely

to bias the results. The statement that ‘there exist previous studies, which show that. . .’ is not very

strong, and overall there is little reason to claim that participants thought that this information was

not true. Moreover, even if a respondent were to suspect deception, it is not clear why this would
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lead to a biased response. The natural outcome in this casewould simply be for the participant to ignore

this particular information.

The negative attitude towards deception in experimental economics rests on the idea that the link

between behaviour and payoffs is weakened, and that this in turnwill create biased results. However, in

the semi-experimental survey here, there is no payoff from the experiment as such, and there is no

incentive to make strategic decisions (e.g. decisions that depend on what the other participants in

the experiment choose to do).8

3.2. Variable definitions and descriptive statistics
The binary choice onwhether to pay for carbon allowances or not represents the dependent variable in

the econometric analysis (see Section 4.1). The independent variables can be divided into three main

categories: (1) the price of the emission allowance, (2) factors that influence the extent to which the

purchase of allowances gives rise to self-image improvements, and (3) other variables (including

socio-economic characteristics). It is expected that the willingness to purchase carbon allowances

will decrease with the price of the allowances.

A number of variables were assumed to influence the self-image improvement following the pur-

chase of carbon allowances, and some of the questions used to address these are summarized in

Table 1. First, as outlined above, it was assumed that the perceived potential contribution from

other people affects the inclination to acknowledge personal responsibility (and thus the degree of

self-image improvement associated with purchasing a carbon allowance). It was therefore expected

that the more a respondent expects that others will contribute, the more likely it is that she will

choose to contribute herself. The strength of the internalized norm towards contributing to carbon

dioxide reductions was also measured explicitly by asking the respondents the extent to which they

agreed with the statement ‘I feel a personal responsibility to contribute to the reduction of carbon

dioxide emissions’.

TABLE 1 Questions used to address the self-image improvement of allowance purchases

Variables Questions and statements used in the survey*

Personal responsibility I feel a personal responsibility to contribute to the reduction of carbon dioxide emissions.

Perceived ability to contribute

(reversed)

There is no use in me buying a carbon allowance because it has a minor impact on

environmental quality.

Problem awareness Carbon dioxide emissions are so hazardous that measures aimed at reducing them must be

introduced immediately.

Membership in environmental

organization

Are you a member of any environmental organization (e.g. Swedish Society for Nature

Conservation, World Wildlife Fund, Greenpeace, Nature and Youth Sweden, etc.)?

Economic incentives perceived

effectiveness

Economic policy incentives, such as taxes on emissions, are effective means to reduce the

negative impacts on the environment.

Note: *In the survey the respondents were asked about the extent to which they agreed with each statement. See Table 2 for the coding and
descriptive statistics of all variables used in the econometric analysis.
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As stated in Section 2, the improvement in self-image from choosing to contribute was assumed to

increase with the positive environmental effects associated with this choice. An individual’s percep-

tions about the size of these external effects are in turn determined by her perceived ability to affect

the outcome and the extent to which she considers climate change to be a serious environmental

threat. For this reason the respondents were first asked to agree or disagree with the following state-

ment: ‘There is no use in me buying a carbon allowance because it would have a minor impact on

environmental quality’.

In order to capture individual differences in problem awareness and concern for the climate change

issue, the respondents were asked to indicate the extent to which they agreed or disagreed with the

statement: ‘Carbon dioxide emissions are so hazardous that measures aimed at reducing them must

be introduced immediately’. Environmental concern was also addressed with the inclusion of a ques-

tion on whether the respondent was a member of any (non-governmental) environmental organiz-

ation. In addition, a question was also included that addressed the extent to which the respondents

believed that policy instruments based on economic incentives (e.g. emission taxes) represent effective

means for achieving environmental quality improvements (see Table 1). If this general attitude towards

incentive-based policies were positive, people could be more willing to support carbon allowance

schemes.

The carbon allowance scheme provided by the SNCC website also provides an opportunity for con-

sumers to receive a value certificate confirming the purchase.9 This certificate could be hung on the

wall or be given away as a personal gift. Such a certificate could thus affect the payoff for the individual

in at least twoways. First, itmay serve as an additional push to self-image in the sense that it permits the

individual to inform others of their responsible actions. Second, the ability to give away the certificate

also implies that the purchase may incur an economic value above that which could be attributed to

improvements in self-image. In both cases, however, it is tested in the hypothetical setting whether

knowledge about the certificate will, ceteris paribus, increase the likelihood of stating a willingness to

purchase. In order to test this hypothesis the total sample was split into two: half of the sample was

not given any information in the choice scenario about this certificate, and the other half of the

sample was informed about it in the questionnaire text. The latter group was also provided with a

small picture of a certificate.

All variables included in the econometricmodel, their coding, and somedescriptive statistics are pre-

sented in Table 2. The empirical results presented in Section 4.2 are based on the 656 observations that

were obtained from the survey responses of 328 students. Overall, 30% of the total sample (i.e. 98 stu-

dents) accepted the 350 kr price bid, 67% of which (i.e. 66 students) stated a willingness to purchase an

allowance at the high price of 450 kr. Of those who rejected the initial bid of 350 kr (230 students), 44%

(i.e. 102 students) accepted the lower bid of 150 kr. Thus, overall, 61% stated a willingness to purchase

emission allowances at SEK150/ton or more, while the corresponding participation rates at the 350 kr

and 450 kr bids were 30% and 20%, respectively.10

Table 2 shows that, on average, the students were generally supportive of the statement that they

have a personal responsibility to address the climate change problem, although they were less inclined

to agree that purchasing a carbon allowance would contribute to solving the problem. Overall,

however, there was a fairly large variation across students in terms of problem awareness, personal

responsibility, and perceived ability to contribute.
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The socio-economic variables included in the econometric model estimated were gender, age, and a

dummy variable regarding whether there were children in the household of the respondent. Because

the sample only comprised university students, it should not be expected to be representative of the

Swedish population. For this reason, one should also take care not to draw too strong policy impli-

cations based on the results. The average age was only 22 years (with a standard deviation of less

than 4), and respondents with children in the household were very few (4%). Finally, the proportion

of women was low in the sample (31%). This is in part explained by the fact that about 40% of the

sample were engineering students, and the remainder of the sample comprised students in business

administration and the social sciences (about 40%) and in teacher education classes (approximately

20%).

4. Specification and results of the econometric model

4.1. Econometric specification
The factors and underlying motives that affect the choice of whether or not to state a willingness to

purchase a carbon allowance are analysed in this section. In order to model this type of dichotomous

choice situation, the following latent payoff function for an individual i when choosing to buy the

TABLE 2 Variables, coding, and descriptive statistics

Variables Coding Mean

Standard

deviation Min Max

Dependent variable

Purchasing choice 1 if stated willingness to buy carbon allowance,

0 otherwise

0.40 0.49 0 1

Price variable

Allowance price Prices of carbon allowance, SEK 150, 350 or 450 297 111 150 450

Self-image variables

Personal responsibility 1 for ‘disagree entirely’ and 5 for ‘agree entirely’ 3.53 1.11 1 5

Problem awareness 1 for ‘disagree entirely’ and 5 for ‘agree entirely’ 4.24 0.77 1 5

Membership in environmental

organization

1 for membership, 0 otherwise 0.03 0.18 0 1

Perceived ability to contribute

(reversed)

1 for ‘disagree entirely’ and 5 for ‘agree entirely’ 2.72 1.23 1 5

Economic incentives perceived

effectiveness

1 for ‘disagree entirely’ and 5 for ‘agree entirely’ 3.77 1.04 1 5

Socio-economic variables

Gender 1 for Female, 0 otherwise 0.31 0.46 0 1

Age Age of respondent in years 22 3.56 18 54

Children in the household 1 for children, 0 otherwise 0.04 0.20 0 1
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allowance was defined here as alternative q (see also Hanemann, 1984; Louviere, Hensher, & Swait,

2000):

piq = Viq(bxiq)+ 1iq (3)

The payoff function consists of a deterministic component Viq (b xiq) and a random component e iq.

Here, xiq is a vector of variables that influence an individual’s willingness to pay a positive price for

reduced carbon emissions, while b is a vector of parameters. The binary variable, here defined as yiq,

is equal to 1 if the individual chooses alternative q (i.e. accepts the allowance price bid) and 0 otherwise.

The choice probability P can then be expressed as

P(yiq = 1) = P(1iq . −Viq(bxiq)) (4)

Owing to the fact that all respondents were asked tomake two choices, each associated with a differ-

ent allowance price, the assumption of statistical independence between observationsmay be violated.

Thus, the random component is likely to be correlated with individual choices. Following Butler and

Moffit (1982), the error term was thus specified as

1iq = ui + viq; ui�N(0, s2
u); viq�N(0, s2

v ) (5)

where ui is the unobservable individual-specific random effect, viq is the remainder disturbance

(assumed to be independent across alternatives and individuals), and s2
u and s2

v represent the variances

in u and v, respectively. The components of the error term are consequently independently distributed

across individuals as follows:

Corr(1iq, 1ip) = r = s2
u/s

2
u + s2

v (6)

This specification of the error term provides the random effects binary probit model, and assumes

equal correlation between the different choices of each individual. However, because each respondent

in the study faced only two simple choices, it was expected that this assumptionwas plausible. The null

hypothesis of no cross-period correlation was tested empirically by evaluating the statistical signifi-

cance of the estimated r (rho) (Greene, 2000).

4.2. Empirical results
The parameter estimates and the corresponding marginal effects of the random effects binary probit

model, pooled by individual, are reported in Table 3. When interpreting the parameter results, it is

important to consider the nature of this type of regression. The size of the coefficients is a probability,

so it is not a good indicator of the magnitude of the effect on stated willingness to purchase carbon

allowances in the case of a change in any of the independent variables. On the other hand, the signs

will have important economic interpretations. For instance, if the estimated coefficients have a posi-

tive sign, this implies that an increase in the corresponding independent variable will increase the

probability that the individual will state that theywill purchase a carbon allowance, whereas a negative

coefficient will imply the opposite relationship (Greene, 2000).
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To determine the magnitudes of these impacts, the so-called ‘marginal effects’ were calculated. The

marginal effect of a given independent variable was defined as the partial derivative of the event prob-

ability with respect to the variable of interest, i.e. the change in predicted probability for a unit change

in the independent variable. The marginal effects of the continuous variables could be interpreted as

the marginal change in the probability that the individual will report that they will purchase a

carbon allowance if there is a unit increase in the investigated independent variable. When analysing

these variables it is important to bear in mind that different variables could have different scales (see

Table 2). In the case of dummy variables, the marginal effects were calculated by comparing the prob-

abilities that will result when the dummy variable takes its two different values (0 and 1) and all other

independent values were held at their mean values. As a result, in the present case the marginal effect

could be interpreted as themarginal change in the probability that the individual will report that they

will purchase an emission allowance if the dummy goes from ‘off’ (0) to ‘on’ (1).

With a chi-square value of 24, the null hypothesis that all coefficients are equal to zero can be stat-

istically rejected at the 1% significance level. The estimated correlation between the error terms (r) was

close to 1 and highly statistically significant. Hence, the random effects model cannot be rejected in

favour of a more restrictive model that assumes no correlation between the error terms.

Themodel estimates show that the allowance price coefficientwas (as expected) negative and highly

statistically significant. The self-image determinants appear, overall, to be important for explaining the

students’ stated willingness to purchase emission allowances. The results support the notion that the

TABLE 3 Random effects binary probit model estimates and marginal effects

Variables Coefficients t-statistics Marginal effects t-statistics

Constant 2 1.659 2 0.879

Allowance price 2 0.014*** 2.794 2 0.002*** 2.746

Self-image determinants

Framing: public participation 0.032** 2.447 0.004** 2.435

Framing: certificate 0.311 0.798 0.042 0.793

Personal responsibility 0.728** 2.316 0.098** 2.283

Problem awareness 0.943** 2.296 0.127** 2.293

Membership in environmental organization 1.281 1.047 0.172 1.040

Perceived ability to contribute (reversed) 2 1.032*** 2 2.683 2 0.139*** 2 2.640

Economic incentives perceived effectiveness 0.198 0.986 0.027 0.980

Socio-economic variables

Gender 0.158 0.398 0.021 0.398

Age 2 0.053 2 0.913 2 0.007 2 0.906

Children in household 0.286 0.255 0.038 0.255

Rho (r) 0.874 10.389

Note: **, and *** indicate statistical significance at 10%, 5%, and 1% levels, respectively. No. of observations, 656; log-likelihood, 2 353; restricted
log-likelihood, 2 365; chi-squared, 24.
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more an individual acknowledges that she herself has personal responsibility for contributing to the

reduction of carbon dioxide emissions, the more likely she is to voluntarily purchase carbon allowan-

ces. The estimated coefficient was also highly significant from a statistical point of view.

The simple framing in the case of the potential participation rate of others (as evidenced by previous

survey-based studies) appears to have had a statistically significant impact on the likelihood of a stated

purchase. Thus, based on these results, the hypothesis that information about others’ expressed will-

ingness to purchase carbon allowances does not influence an individual’s willingness to do the same

can be rejected (with a confidence level of 95%). In order to gain a better understanding of the magni-

tude of the impact, the so-calledmarginal effects were calculated. Regarding themarginal effects froma

positive percentage change in the perceived participation rate of others, this positive relationship

could be interpreted in the following way: the probability that an individual will express a willingness

to purchase a carbon allowance increases by about 0.4% if the perceived participation rate of others

increases by 1%.

Thogersen (2007) has noted that there typically exists only a weak relationship between descriptive

norms (what others do) and felt responsibility (what one’s own personal responsibility is). Although

this was not explicitly tested, in part because the presence of descriptive norms per se was not investi-

gated (see Section 1), the results suggest that the influence of the stated willingness of others to act (i.e.

what others say they will do) may have a substantial impact on moral behaviour. People cannot gen-

erally contribute to all good causes, and in specific cases they may therefore be uncertain about

whether they should take personal responsibility or not. In such a situation, others’ behaviour may

serve as an important moral compass. However, further research (not least studies of actual behaviour

and explicit descriptive norms) is needed to shed additional light on this relationship.

The empirical results also indicate that peoplewho aremore concerned about the damages caused by

global warming are generally more inclined to state a positive willingness to purchase carbon allowan-

ces. A similar pattern for those who are members of environmental organizations was not found (in

part because these two variables are correlated). The negative sign of the estimated coefficient for ‘per-

ceived ability to contribute (reversed)’ was expected, and this coefficient was statistically significant at

the 1% level. The corresponding marginal effect suggests that the probability that an individual’s self-

reported willingness to purchase a carbon allowance decreased by approximately 14% if she fully

agreed with the statement ‘There is no use in me buying an emission allowance because it has a

minor impact on environmental quality’, compared to if she fully disagreed with the same statement.

Judging from the size of this marginal effect, this impact is also significant from an economic point

of view, which would imply that an effective strategy to make people buy carbon allowances would be

to inform people about the ability of the EU ETS to deliver reductions in carbon emissions and ensure

the efficient functioning of the trading scheme. However, the inclusion of a value certificate in the

choice experiment did not prove to lead to imply a higher stated willingness to purchase carbon

allowances.

The results do not suggest that the students’ general attitudes towards the effectiveness of incentive-

based environmental policy instruments have a statistically significant impact on the probability of

expressing a willingness to purchase carbon allowances. Although this is not an explicit test of

payment vehicle bias (e.g. as addressed in the stated preference literature), it can be noted that previous

studieshave found that theway inwhichpeople are asked tocontribute to reducingGHGemissions tends

to affect their willingness to do so. For instance, Brännlund and Persson (2012) have found that Swedes
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tend ceteris paribus to dislike ‘tax-labelled’ policy instruments. Moreover, some studies indicate that the

willingness to contribute may also depend on whether payments are voluntary (e.g. individuals paying

into a fund) or mandatory (e.g. all citizens paying a tax) (e.g. Baranzini, Faust, & Huberman, 2010).

None of the socio-economic characteristics such as gender, age, and children in the household was

shown to influence the stated willingness to purchase carbon allowances among the students. This

result is probably due to the rather homogeneous population (see Section 3.2), and thus cannot be

extrapolated from for general policy considerations.

Finally, a number of alternativemodel specifications, i.e. also including other variables, were tested.

For instance, the students were asked whether they had learned about emissions trading schemes in

their past education. About 25% of them had, whereas about 50% had no previous knowledge (the

remaining 25%were uncertain).When adding this variable to themodel, the corresponding estimated

coefficient was highly statistically insignificant, and did not alter the overall estimation results. Very

similar results were obtained when a variable addressing the environmental scope of the students’ cur-

riculum was included. Thus, overall, the estimation results presented in Table 3 appear to be fairly

robust to different extended model specifications.

5. Concluding remarks and implications

The results of the choice experiment presented in this article provide empirical support for the view

that individuals’ stated willingness to purchase emission allowances for carbon dioxide is determined

by both price and the presence of norms. It is sometimes argued that the possibility to purchase emis-

sion allowances ‘demoralizes’ human behaviour such that the allowance essentially represents a letter

of indulgence because it is possible to ‘buy oneself free’ from one’s own responsibility (Frey, 1999).

Although this hypothesis was not investigated explicitly, it is worth emphasizing that the results

suggest that people who feel personally responsible for contributing to reducing climate damages

also appear more inclined to purchase emission allowances than those who do not. Moral norms

and economic motivation may thus, in this sense, go hand in hand.

The empirical results presented here are consistent with the hypothesis that an individual’s beliefs

about others’ statedwillingness to purchase carbon allowances affects their ownwillingness to contrib-

ute in the same manner. Similar results are presented in Brekke et al. (2010) for the case of recycling

behaviour. This implies that information campaigns (e.g. based on country-wide surveys or actual pur-

chasing behaviour) designed to influence beliefs about others’ behaviour could promote ‘green’ con-

sumer behaviour in the emission allowance market. Interestingly, the actual purchases of emission

allowances soared during the autumn of 2006 and, at that time, the Swedish Society for Nature Con-

servation was quick to release a press announcement about the higher contribution rates. The

results suggest that this move may in itself have induced additional purchases from the Swedish

public. Still, given the homogeneous population studied in this article, as well as the hypothetical

nature of the investigation, additional research is needed to investigate the role of information

about both individuals’ beliefs and behaviour in promoting the private provision of environmental

public goods.

The results also illustrate the importance of both problem awareness and believing that what one

does contributes to solving the problem. In the latter case, it appears that an individual needs to

Citizen participation in carbon allowance markets 693

CLIMATE POLICY



believe that her own behaviour contributes to the solution of the problem, and that the lack of such

efficacy can discourage individuals from action. This has proved to be a major factor in explaining,

for instance, the low household participation rates in green electricity programmes (Ek & Söderholm,

2008). Similar problems may arise in the case of allowance markets, at least if such schemes do not

deliver the emissions reductions that were anticipated initially. For instance, during the first phases

of the EU ETS, major concerns were raised about selected design issues, and in particular the decentra-

lized allocation of emission allowances contributing to low prices in the market (e.g. Ellerman &

Buchner, 2008). Even more recently, during Phase III of the EU ETS, similar concerns were expressed

about low prices following the economic crisis starting in late 2008. If such concerns prevail, citizen

participation in the EU ETS (including indirect participation through the SNCC scheme) could be

undermined. Individuals are generally unwilling to ‘give away’ money to something that does not

achieve any good purpose and for which others are perceived to bear the main responsibility.

Finally, additional empirical analyses of actualmarket behaviour in allowancemarkets are needed to

better understand the role of voluntary purchases, including the role of explicit descriptive norms.

Akter et al. (2009) have shown that air travellers’ actual willingness to pay to offset carbon emissions

from flying can be expected to differ significantly from their stated willingness to pay. Indeed, in

their study, a third of the respondents considered it unlikely that they would actually pay the

amount they themselves stated that they would. If this result were valid in the present context, the

findings may provide an exaggerated picture of the overall market potential for voluntary carbon

allowance purchases in Sweden. It is possible that self-image concerns are an important source of dis-

crepancy between stated and actual behaviour, so this also requires further scrutiny. Nevertheless, the

main objective here has been to investigate the factors that influence individuals’ willingness to con-

tribute voluntarily in large social dilemmas such as globalwarming.Whether these factors play a role in

the actual market situation, however, remains a question for future work.
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Notes

1. Ovchinnikova, Czap, Lynne, and Larimer (2009) have investigated whether those who hold carbon allowances

will sell these at the climate exchange or instead choose to donate them (or sell at a discount) to environmental

agencies and organizations. Their results indicate that environmental considerations play a significant role in

this choice. The carbon allowances offered for purchase by the SSNC cannot be sold in any climate exchange,

and there is thus no gain to be made from, for instance, saving allowances for future sales (see also Section 2).

2. Because the present analysis relies on a simple hypothetical market experiment, one should be careful in using

the results to project future real market outcomes (Akter et al., 2009). Nevertheless, although there may be a

significant (absolute) discrepancy between stated and actual behaviour in the carbon allowance market, a

basic assumption of the analysis is that there exists a close correlation between expressed and actual individual
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choice, namely, that the same types of factors that determine self-reportedwillingness to act are also assumed to

be influential in determining actual behaviour.

3. For simplicity, it is here assumed that b is equal across all individuals, although in practice this is not likely to be

the case. Still, relaxing this assumption would not change themain point, namely that, overall, b is likely to be

very small (although not zero), not least in the case of global climate change.

4. This approach is also similar to what some psychologists refer to as ‘normative conformity’, i.e. perceiving

others’ behaviour as a guide to what is morally appropriate (Moscovici, 1985). See also Starr (2009) and

Chan, Mestelman, Andrew Muller, and Moir (2012) for empirical evidence on the role of social interaction

and communication in influencing the degree of voluntary provision of public goods. The approach in this

article differs from these, however, in that the focus is on internalized (self-sanctioned) norms rather than

on social norms (which are sanctioned by others).

5. Ellen et al. (1991) have argued, in line with the above, that PCE is distinct from pro-environmental attitudes

(see also Thogersen, 1999): someone may agree that it is very important to solve a specific environmental

problem but may only perceive some solutions as effective. For this reason B encompasses both PCE (the

ability to contribute to solving the problem) and environmental concern (the assessment of how important

the problem is).

6. This was the price paid by private persons to the SSNC. The spot price in the EU ETS was lower during the rel-

evant timeperiod (aboutUS$30/ton), and thepremiumhadbeen addedby the SSNC to cover the cost of admin-

istering the voluntary scheme. Over the past few years, the SSNC’s voluntary scheme has not been marketed

much (and has predominantly been targeted at members of the society itself). For this reason, not much is

known about the scheme among lay people (see also Section 3.2).

7. As noted above, the scenarios do not contain any claims about what people actually do. Instead, previous

studies on people’s willingness to act in this market were referenced. It is also not suggested explicitly that pre-

vious studies have provided uniform results on the expressed willingness to purchase allowances (only that

‘there exist previous studies, which show that. . .’).

8. It is hard to judgewhether the approach used here generates negative spillovers on future survey studies. Itmay

be noted, however, that if any of the respondents were to ask about the information provided in the survey (no-

one has so far), a relevant study that essentially (if not exactly) supported that information could be referred to.

Moreover, if the students were to search for the relevant studies, they would probably discover that, although

there are studies that support the provided information, there are also studies that contradict it. The negative

spillovers of this would probably beminor. Overall there is also relatively weak empirical evidence for the claim

that participants that are routinely deceived will alter their behaviour in future experiments (Bonetti, 1998;

Barrera & Simpson, 2012).

9. See www.naturskyddsforeningen.se/vad-du-kan-gora/butiken/gavor/kop-utslappsratter.

10. It should be noted that a few of the respondents (about 4%) were already aware of the opportunity to purchase

carbon allowances through the SSNC prior to the investigation.
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Jagers, S. C., Löfgren, Å., & Stripple, J. (2010). Attitudes to personal carbon allowances: Political trust, fairness and

ideology. Climate Policy, 10, 410–431.

Laroche, M., Bergeron, J., & Barbaro-Forleo, G. (2001). Targeting consumers who are willing to pay more for envir-

onmentally friendly products. Journal of Consumer Marketing, 18, 503–520.

Louviere, J. J., Hensher, D. A., & Swait, J. D. (2000). Stated choice methods: Analysis and application. New York, NY:

Cambridge University Press.

Lu, J.-L., & Shon, Z. Y. (2012). Exploring airline passengers’ willingness to pay for carbon offsets. Transportation

Research Part D, 17, 124–128.

696 Lindman et al.

CLIMATE POLICY



MacKerron, G. J., Egerton, C., Gaskell, C., Parpia, A., &Mourato, S. (2009). Willingness to pay for carbon offset cer-

tification and co-benefits among (high-)flying adults in the UK. Energy Policy, 37, 1372–1381.

Moscovici, S. (1985). Social influence and conformity. In L. Gardner & E. Aronson (Eds.), The handbook of social psy-

chology (pp. 347–412). New York, NY: Random House.

Nakamura,H.,&Kato, T. (2013). Japanese citizens’ preferences regarding voluntary carbonoffsets: An experimental

social survey of Yokohama and Kitakyushu. Environmental Science and Policy, 25, 1–12.

Nyborg, K., Howarth, R. B., & Brekke, K. A. (2006). Green consumers and public policy: On socially contingent

moral motivation. Resource and Energy Economics, 28, 351–366.

Ostrom, E. (1990). Governing the commons: The evolution of institutions for collective action. New York, NY: Cambridge

University Press.

Ovchinnikova, N. V., Czap, H. J., Lynne, G. D., & Larimer, C. W. (2009). ‘I don’t want to be selling my soul’: Two

experiments in environmental economics. The Journal of Socio-Economics, 38, 221–229.
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Appendix I. Questionnaire in English  A  

1

BACKGROUND QUESTIONS

1. My sex  Female Male

2. I am          ______ years old 

3. Do you have one or more children living at home? 

Yes No

4. I am registered at a/an: 
  

Program/Arena Separate course 

Name which one:_______________  

5. Do you work beside your studies?

Yes No

6. Are you currently a member of any environmental organization? (e.g., Swedish Society 
for Nature Conservation, World Wide Fund for Nature, Greenpeace, Swedish Youth 
Association for Environmental Studies and Conservation etc.)
   

Yes No

7. Do you choose to buy products labeled as environmentally benign on a regular basis? 
(e.g., food and everyday commodities labeled ”Bra miljöval”, ”Svanen” or ”KRAV”) 
  

Yes No



Appendix I. Questionnaire in English  A  

2

QUESTIONS ABOUT GREENHOUSE GASES AND EMMISION 
ALLOWANCES 

Most scientists agree that the emissions of so-called greenhouse gases into the 
atmosphere, none the least carbon dioxide, cause the Earth’s climate to change.
Scientists estimate that the Earth’s average temperature could rise between 1.4 to 
5.8 degrees over the next hundred years as a result of these emissions. Through, for 
instance the combustion of fossil fuels in energy production, humans contribute to 
the build-up of carbon in the atmosphere. In Sweden the total amount of emissions 
of carbon dioxide is equivalent to around six tons per year and person.1

8. State the extent to which you agree or disagree with each of the following statements. 
Disagree Disagree  Agree Agree
entirely  partly Uncertain partly            entirely

Carbon dioxide emissions is a major threat to  
the environment on a global level. 1 2 3 4  5 

Carbon dioxide emissions is a threat to my   
health and my well-being. 1 2 3 4  5 

Carbon dioxide emissions are so hazardous that
measures aimed at reducing them must be  
introduced immediately. 1 2 3  4   5

In order to reduce Europe’s carbon dioxide emissions, the European Union (EU) in 
2005 introduced something called emissions trading. This means that EU has set a 
cap of the total carbon dioxide emissions from a number of selected industrial and 
energy sectors. All plants in these sectors – e.g., electric power plants – have been 
given a certain amount of allowances, each of which gives them the right to release 
one (1) ton of carbon dioxide. The plants that emit more than the allocated amount 
must either purchase additional allowances from other companies (which "have 
surplus allowances") or take steps to reduce their own emissions. By regulating the 
total numbers of tradable allowances the authorities may achieve the emission 
reductions that it had decided on.2

1 This information is drawn from the Environmental Protection Agency’s website (www.klimatkampanjen.se). 

2 The information is drawn from the Environmental Protection Agency and the Swedish Energy Agency website
(www.utslappshandel.se). 
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If you buy an allowance via the Swedish Society for Nature Conservation, you also 
have the ability to print out a so-called value certificate confirming your purchase 
(see picture). 

9. Have you ever – as a private person – bought emission allowances (for example via the 
home page of the Swedish Society for Nature Conservation)? 

Yes No

Previous studies show that about [10, 30, 50, 70] percent of the Swedish public can 
seriously consider buying an emission allowance for carbon dioxide at about the 
price that prevails today, that is SEK 350 per ton. We are now interested to what 
extent you are willing to purchase an emission allowance.

10. Would you be willing – within the next six months – to buy one emission allowance 
corresponding to one ton of carbon dioxide at the price of SEK 350? 

  Yes No

                  If your answer is Yes If your answer is No                                 
  

Would you be willing – within the next six        Would you be willing – within the next six        
months – to buy one emission allowance           months – to buy one emission allowance 
corresponding to one ton of carbon dioxide      corresponding to one ton of carbon dioxide 
at the price of SEK 350? at the price of SEK 350?                                     

  
Yes No   Yes   No

Today mainly bigger companies are enga-
ged in trade with emission allowances.
The Swedish Society for Nature Conser-
vation has however started a Web service 
(www.snf.se), which allows individuals to 
buy carbon dioxide allowances. The price 
of such an allowance (equivalent to one 
ton) is currently SEK 350. If you choose 
to buy an allowance, it means that an 
industrial plant in the EU must reduce its 
carbon emissions by one ton, for example, 
by investing in new technology. In this 
way, your purchase contributes to reduced 
emissions of carbon dioxide.  
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11. State the extent to which you agree or disagree with each of the following statements. 

Disagree Disagree  Agree Agree
entirely partly Uncertain partly            entirely

I feel a personal reasonability to contribute 
to the reduction of carbon dioxide emissions. 1 2 3 4 5 

There is no use in me buying an emission  
allowance because it has a minor impact on 
the quality of the environment.  1 2 3 4 5 

The government and my municipality want me to  
contribute to the reduction of carbon dioxide  
emissions. 1 2 3 4 5 

Important persons who are close to me (family,  
friends etc.) want me to contribute to the reduction  
of carbon dioxide emissions. 1 2 3 4 5 

I would like to buy an emission allowance  
but I can not afford it. 1 2 3 4 5 

The Swedish Society for Nature Conservation
is a good organization. 1 2 3 4 5 

Economic means of control, e.g., environmental  
taxes on hazardous emissions, represent effective
means of reducing negative impacts on the 
environment 1 2 3 4 5 

My education has a strong environmental focus.  1 2 3 4 5 

Earlier during my studies I have taken at least 
one course in which emission allowances 
were discussed. 1 2 3 4 5 

     

Finally, we wonder whether it is possible for us to get back to you via e-mail to 
ask a few complementary questions. As a thank you for your effort in answering
our questions, we can then also send you a copy of the results from the study.

  Yes, you may contact me, and                          No, I do not want you to contact me 

my e-mail address is________________________

Thank you for your participation!
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BAKGRUNDSFRÅGOR

1. Jag är   Kvinna Man

2. Jag är          ______ år 

3. Har du ett eller flera hemmavarande barn?

Ja Nej

4. Jag är inskriven på: 
  

Program/Arena Fristående kurs

 Ange vilket/vilken:_______________  

5. Arbetar du vid sidan om dina studier?

Ja Nej

6. Är du medlem i någon miljöorganisation? (T.ex. Svenska Naturskyddsföreningen, 
Världsnaturfonden, Greenpeace, Fältbiologerna etc.) 
   

Ja Nej

7. Brukar du regelbundet välja att köpa miljömärkta produkter? (T.ex. livsmedel och 
dagligvaror märkta med Bra miljöval, Svanen eller KRAV-märke)
  

Ja Nej
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FRÅGOR OM VÄXTHUSGASER OCH UTSLÄPPSRÄTTER

De flesta forskare är eniga om att utsläppen av så kallade växthusgaser i 
atmosfären, inte minst koldioxid, leder till att jordens klimat håller på att förändras. 
Forskarna räknar med att jordens medeltemperatur som en följd av utsläppen kan 
komma att öka mellan 1,4 och 5,8 grader under de närmaste hundra åren. Genom 
bl.a. förbränningen av fossila bränslen i energiproduktionen bidrar vi människor 
med ett tillskott av koldioxid i atmosfären. I Sverige motsvarar de totala utsläppen 
av koldioxid cirka sex ton per person och år.1

8. Ange i vilken utsträckning du instämmer i eller tar avstånd från vart och ett av 
följande påståenden.

Tar helt Tar delvis  Instämmer Instämmer
avstånd ifrån avstånd ifrån Osäker          delvis                helt

Utsläppen av koldioxid utgör ett stort hot mot 
miljön globalt. 1 2 3 4  5 

Utsläppen av koldioxid är ett hot mot min hälsa 
och mitt välbefinnande.  1 2 3 4  5 

Utsläppen av koldioxid är så farliga att åtgärder  
för att minska dessa måste sättas in omedelbart. 1 2 3  4   5

För att minska Europas utsläpp av koldioxid har den Europeiska Unionen (EU) 
under 2005 infört något som kallas för handel med utsläppsrätter. Detta innebär att 
EU satt ett tak (en s.k. ”utsläppsbubbla”) för de totala koldioxidutsläppen från ett 
antal utvalda industri- och energisektorer. Alla anläggningar inom dessa sektorer - 
t.ex. elkraftverk - har fått en viss mängd utsläppsrätter, som vardera ger dem rätten 
att släppa ut ett (1) ton koldioxid. De anläggningar som släpper ut mer än den 
tilldelade mängden måste antingen köpa fler utsläppsrätter från andra företag (som 
"har utsläppsrätter över") eller vidta åtgärder för att reducera de egna utsläppen. 
Genom att reglera det totala antalet utsläppsrätter som det går att handla med kan 
myndigheterna uppnå de utsläppsreduktioner som man beslutat om.2

1 Informationen är hämtad från Naturvårdsverkets webbplats (www.klimatkampanjen.se) 

2 Informationen är hämtad från Naturvårdsverkets och Energimyndighetens webbplats (www.utslappshandel.se) 
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Om du köper en utsläppsrätt via Svenska Naturskyddsföreningen har du efter köpet 
möjlighet att skriva ut ett s.k. värdebrev som bekräftar ditt köp (se bild). 

9. Har du någon gång som privatperson köpt utsläppsrätter (exempelvis via Svenska 
Naturskyddsföreningens hemsida)?  

Ja Nej

Tidigare studier visar att ungefär 10 procent av den svenska allmänheten kan tänka 
sig att köpa en utsläppsrätt för koldioxid till ett pris som ligger i trakterna av det 
som gäller idag, det vill säga 350 kronor per ton. Vi är nu intresserade av i vilken 
utsträckning du är villig att köpa en utsläppsrätt. 

10. Kan du tänka dig att under det närmaste halvåret köpa en utsläppsrätt för ett ton 
koldioxid till priset av 350 kronor? 

  Ja Nej

                  Om du svarat Ja                                                           Om du svarat Nej  

Kan du tänka dig att under  det  närmaste        Kan du tänka dig att under  det  närmaste
halvåret köpa en  utsläppsrätt  för  ett  ton        halvåret köpa en  utsläppsrätt  för  ett  ton
koldioxid till priset av 450 kronor?                     koldioxid till priset av 150 kronor? 

Ja Nej   Ja   Nej

Idag är det främst företag som handlar 
med utsläppsrätter. Svenska Naturskydds-
föreningen har startat en webbtjänst 
(www.snf.se) som gör det möjligt för 
privatpersoner att köpa utsläppsrätter för 
koldioxid. Priset för en sådan utsläppsrätt 
(motsvarande ett ton) är för närvarande 
350 kronor. Om du väljer att köpa en 
utsläppsrätt innebär det att någon 
industrianläggning inom EU måste 
minska sina utsläpp av koldioxid med ett 
ton, t.ex. genom att investera i ny teknik. 
På så sätt bidrar ditt köp till minskade 
utsläpp av koldioxid.
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11. Ange i vilken utsträckning du instämmer i eller tar avstånd från vart och ett av följande 
påståenden.  

Tar helt Tar delvis  Instämmer Instämmer
avstånd ifrån avstånd ifrån Osäker delvis helt

Jag känner ett personligt ansvar att bidra till att 
minska utsläppen av koldioxid. 1 2 3 4 5 

Det är ingen idé att jag köper en utsläppsrätt  
eftersom det endast har liten betydelse 
för de negativa effekterna på miljön.  1 2 3 4 5 

Staten och min kommun vill att jag ska bidra till att 
minska utsläppen av koldioxid.  1 2 3 4 5 

Viktiga personer i min närhet (familj, vänner etc.)
vill att jag ska bidra till att minska utsläppen av  
koldioxid. 1 2 3 4 5 

Jag skulle vilja köpa en utsläppsrätt men jag har 
inte råd.  1 2 3 4 5 

Svenska Naturskyddsföreningen är en bra  
organisation. 1 2 3 4 5 

Ekonomiska  styrmedel,  såsom  exempelvis  
miljöskatter för farliga utsläpp, är mycket effektiva
åtgärder för att minska de negativa effekterna 
på miljön.  1 2 3 4 5 

Min utbildning har en stark miljöinriktning.  1 2 3 4 5 

Jag har tidigare under min utbildning läst minst 
en kurs där vi diskuterade utsläppsrätter. 1 2 3 4 5 

     

Avslutningsvis undrar vi om vi får återkomma till dig via e-post och ställa några 
få kompletterande frågor. Som tack för att du har tagit dig tid att besvara våra 
frågor kan vi då även skicka dig ett exemplar av resultaten från studien.

Ja, ni får gärna kontakta mig, och                     Nej, jag vill inte att ni kontaktar mig 
  

min e-postadress är________________________

Tack för din medverkan!
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In energy system models endogenous technological change can be introduced by implementing so-called
technology learning rates specifying the quantitative relationship between the cumulative experience of a
technology and its cost. The objectives of this paper are to: (a) provide a conceptual review of learning
curve model specifications; and (b) conduct a meta-analysis of wind power learning rates. This permits
an assessment of a number of important specification and data issues that influence these learning rates.
The econometric analysis builds on 113 estimates of the learning-by-doing rate presented in 35 studies. The
meta-analysis indicates that the choice of the geographical domain of learning, and thus the assumed
presence of learning spillovers, is an important determinant of wind power learning rates. We also find that
the use of extended learning curve concepts, e.g., integrating public R&D effects, appears to result in lower
learning rates than those generated by so-called single-factor learning curve studies. Overall the empirical
findings suggest that future studies should pay increased attention to the issue of learning and knowledge
spillovers in the renewable energy field, as well as to the interaction between technology learning and R&D
efforts.
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1. Introduction

Given the need to limit the increase in global average tempera-
tures to avoid unacceptable impacts on the climate system, the
development of new low-carbon energy technology is a priority
(Stern, 2007). It is often argued, though, that researchers do not yet
possess enough knowledge about the sources of innovation and
diffusion to properly inform policy-making in the energy and
climate fields. Even though the literature on technological change
emphasizes that technical progress is not exogenous, and thus cannot
be reflected through autonomous assumptions about future cost
developments, most energy system models have relied on exogenous
characterizations of innovation. In recent years energy researchers
have however shown increased interest for introducing endogenous
technological change into these models (Gillingham et al., 2008),
thus permitting cost developments and efficiency improvements
to be influenced over time by energy market conditions and public
policy.

In bottom-up energy system models endogenous technological
change is introduced by implementing so-called technology learning

rates (Berglund and Söderholm, 2006),1 the latter specifying the
quantitative relationship between the cumulative experience of the
technology and its cost. Investments in new low-carbon energy
technologies may be more expensive than those in existing
technologies, but the costs of the former can be assumed to decrease
with increases in their market share so that at some point they
become a more attractive choice than the incumbent technologies
(Grübler et al., 2002). Future cost reductions are thus heavily in-
fluenced by the fact that performance improves as capacity and
production expand.

Acknowledging the role of technology learning could have
important climate policy implications. Some previous studies (e.g.,
Grübler and Messner, 1998) state that high learning rates for new
low-carbon technologies support early, upfront investment in these
technologies to reap the economic benefits of learning. However,
Goulder and Mathai (2000) show that in the case where the new
knowledge is generated through R&D efforts there is rather a case for
deferred action, while the impact of learning-by-doing on the timing
of carbon abatement is ambiguous. Addressing the impact of
technology learning may also affect the estimated gross cost of
climate policy, although the size and the direction of this impact are
typically model-specific. Finally, differences in learning rates across
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1 In top–down models (general equilibrium and growth models) endogenous
technological change is primarily introduced by assuming that technical progress is
the result of investment in R&D adding to a knowledge stock (Gillingham et al., 2008).
R&D is determined by relative prices and the opportunity cost of R&D.
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different technologies will influence the mix of technologies in the
energy system.

If energy system models are to generate policy-relevant results
reliable estimates of the relevant learning rates are needed. However,
previous empirical studies of energy technology learning rates
provide few uniform conclusions about their magnitude. McDonald
and Schrattenholzer (2001) conclude that the estimated learning
rates for various energy supply technologies display evidence of
substantial differences across studies. The objectives of this paper are
to: (a) provide a conceptual review of different learning curve
specifications; and (b) conduct a meta-analysis of wind power
learning rates. This permits an assessment of some of the important
model specification and data issues that influence the estimated
magnitude of these learning rates.

The choice of wind power is motivated by the facts that: (a) it
represents a key energy technology in complying with existing
climate policy targets; and (b) there exists a large number of empirical
learning curve studies on wind power while corresponding studies on
other energy technologies are more scarce. The econometric analysis
in the paper relies on 113 learning rate estimates presented in 35
studies conducted during the time period 1995–2010 (in turn
employing data over the period 1971–2008). These studies address
only the cost of onshore wind power; learning curve studies on
offshore wind power are very few (e.g., Junginger et al., 2004). To our
knowledge this is the first quantitative meta-analysis of energy
technology learning rates.

Section 2 discusses some key model specification issues in the
assessment of technology learning rates. In Section 3 we present the
variables employed in the meta-analysis, and address some important
econometric issues. Section 4 presents and discusses the results from
themeta-analysis, while Section 5 provides some concluding remarks.

2. The economics of learning curve analysis

Learning curves are used to measure technological change by
empirically quantifying the impact of increased learning on the cost of
production (e.g., Arrow, 1962), and where learning is measured
through cumulative production or capacity. In this sectionwe build on
Berndt (1991), and derive learning curve models for wind power
technology costs from a standard Cobb–Douglas cost function. This
approach permits us to identify a number of model specifications, and
discuss some of the most important differences across these.
Specifically, many of the most frequently employed learning curve
specifications represent special cases of the general cost function
outlined below. For our purposes the current unit cost of wind power
capacity or (alternatively) the wind turbine (e.g., in US$ per MW)
during time period t is denoted Ct

C.2 It can be specified as:

CC
t =

1
Q t

kQ 1 = r
t ∏

M

i=1
Pδi = r
ti

� �
= kQ 1−rð Þ = r½ �

t ∏
M

i=1
Pδi = r
ti ð1Þ

where

k = r At ∏
M

i=1
δδii

� �−1
r

and where Qt represent scale effects in the form of, for instance, the
average size of the wind turbines in rated capacity in time period t, Pti

are the prices of the inputs (i=1, …, M) required to produce and
operate wind power stations (e.g., labor, energy, materials etc.), and r
is the returns-to-scale parameter, which in turn equals the sum of the
exponents, δi. The latter ensures that the cost function is homogenous
of degree one in input prices. Finally, At reflects progress in the state of
knowledge. At is of particular interest in learning curve studies, and
we therefore discuss different alternative specifications of this
argument of the cost function.

Most previous studies assume that the state of knowledge that can
be attributed to the learning from the production and/or installation
of wind power can be approximated by the cumulative installed
capacity of windmills (in MW) or production (in MWh) up to time
period t, CCt (e.g., Junginger et al., 2010). Specifically, in this type of
specification we have:

At = CC−δL
t ð2Þ

where δL is the so-called learning-by-doing elasticity, indicating the
percentage change in cost following a one percentage increase in
cumulative capacity. The learning-by-doing rate is defined as 1−2δL,
and shows the percentage change in the cost for each doubling of
cumulative capacity.

An important model specification issue concerns the assumed
geographical domain of learning. Previous studies differ on this point;
some assume that learning is a global public good and CCt therefore
equals the cumulative installed capacity worldwide. This implies thus
that the learning-by-doing impacts resulting from domestic capacity
expansions will spill over to all other countries, and the estimated
learning rates will apply only to the case where global capacity
doubles. Other studies focus instead on the impact of domestic
learning (or at least on a smaller geographical region than the entire
world). These model specifications build on the assumption that
learning involves only limited (or no) international spillovers.3

In some recent learning studies, the modeling of the state of
knowledge has been extended to incorporate (primarily public) R&D
expenses directed towards wind power (e.g., Klaassen et al., 2005;
Söderholm and Klaassen, 2007). These studies assume that R&D sup-
port adds to what might be referred to as an R&D-based knowledge
stock, Kt. We have:

At = CC−δL
t K−δK

t ð3Þ

where δK is often referred to as the learning-by-searching elasticity,
indicating the percentage change in cost following a one percentage
increase in the R&D-based knowledge stock. 1−2δK equals the
corresponding learning-by-searching rate.4

Previous studies that address these impacts differ in the way they
specify the R&D-based knowledge stock. Some simply assume that
this stock equals the cumulative R&D expenses while other studies
build on specifications that take into account the plausible notions
that: (a) R&D support will only lead to innovation and cost reduction
with some time lag; and (b) knowledge depreciates in the sense that
the effect of past R&D expenses gradually becomes outdated.
(Griliches, 1995). Moreover, also in the R&D case it is necessary to

2 Ferioli et al. (2009) argue for the exploration of multi-component learning, and
investigate under which conditions it is possible to combine learning curves for single
components of a technology to derive one learning curve for the technology as a
whole. The empirical studies that are investigated in the present paper either focus
only on the turbine component of the wind power technology or on the total cost of
wind power installments.

3 The investment costs for wind power comprise a national and an international
component; the wind turbine itself (which can be bought in the global market)
constitutes about 70% of total investment costs while the remaining 30% can be
attributed to often nation-specific costs (e.g., installation, foundation, electric
connections, territorial planning activities etc.). This suggests that it can be useful to
consider global and national learning in combination (see also Langniss and Neij,
2004).

4 As a policy analysis tool, including these estimates in large energy system models
can assist in analyzing the optimal allocation of R&D expenses among competing
technologies (e.g., Barreto and Kypreos, 2004).
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address the issue of the geographical domain of new knowledge.
Given the above the following specification of the R&D-based
knowledge stock can be used (e.g., Ek and Söderholm, 2010):

Kt = 1−γð ÞKt−1 + ∑
N

n=1
RDn t−xð Þ ð4Þ

where RDnt are the annual domestic public R&D expenditures in
country n (i=1, …, N), x is the number of years it takes before these
expenditures add to the public knowledge stock, and γ is the annual
depreciation rate of the knowledge stock (0≤γ≤1). N can be selected
to address the relevant public R&D spillovers that occur in the wind
power industry.

Coe and Helpman (1995) suggest that in order to measure the
presence of R&D spillovers one can construct a foreign R&D based
knowledge stock. This stock is based on the domestic public R&D
expenses of the trade partners (i.e., the exporters of wind turbines),
and the respective countries' import shares for wind turbines would
be used as weights. Following this approach, the data presented
in Lewis and Wiser (2005) suggest, for instance, that in the Danish
case there have existed few R&D spillovers from abroad. However,
their data suggest substantial R&D spillovers into countries such as
Sweden and the UK (in which Danish and German wind turbine
suppliers have dominated the market).

While it could be important to control for the impact of changes in
input prices in order to separate these from the impacts of learning-
by-doing and R&D, respectively, most learning studies (implicitly)
ignore this issue.5 Berndt (1991) shows that by assuming that the
shares of the inputs in production costs are the same as those used as
weights in the computation of the GDP deflator, we can effectively
remove the price terms from Eq. (1) by considering real (rather than
current) unit costs of wind power capacity, Ct. With this assumption
and by substituting Eq. (3) into Eq. (1) we obtain amodified version of
the Cobb–Douglas cost function:

Ct = k′CCδL = r
t KδK = r

t Q 1−rð Þ = r½ �
t ð5Þ

where

k′ = r ∏
M

i=1
δδii

� �−1
r

:

Furthermore, by taking natural logarithms and introducing the
following definitions: β1=δL/r, β2=δK/r, β0=ln k′ and β3=[(1−r)/r],
we obtain a linear specification of this cost function. We have:

lnCt = β0 + β1 lnCCt + β2 lnKt + β3 lnQ t ð6Þ

where β0, β1, β2 and β3 are parameters to be estimated (given the
inclusion of an additive error term). From the parameter estimates
one can derive the returns-to-scale parameter, r, the two learning
curve elasticities, δL and δK, and the corresponding learning rates by
noting that:

r =
1

1 + β3ð Þ ; δL = β1r =
β1

1 + β3ð Þ and δK = β2r =
β2

1 + β3ð Þ :
ð7Þ

Finally, while Eq. (6) specifies a learning curve model in which
both R&D and scale impacts are addressed in addition to the learning-

by-doing impacts it is useful to elaborate on the consequences of
ignoring these influences. The resulting model specification is
typically referred to as the single-factor learning curve:

lnCt = β0 + β1 lnCCt : ð8Þ

Econometrically this specification raises concerns about the
possible presence of omitted variable bias.6 For instance, only in the
restrictive case of constant returns to scale (i.e., r=1 and β3=0)
there is no bias from leaving out the scale effect Qt from the
econometric estimation. Coulomb and Neuhoff (2006) represent one
of few studies that provide a detailed investigation of the interaction
between learning-by-doing and the increase in average wind turbine
sizes over time. By acknowledging the fact that bigger turbines are
exposed to higher wind speeds at higher tower heights, and therefore
produce more electricity per installed capacity, they obtain a higher
learning-by-doing rate than when this impact is ignored. Their
analysis thus suggests diseconomies of scale for wind turbines. The
scale effect in the wind turbine industry is also discussed in Neij et al.
(2003).

Nordhaus (2009) argues that the learning curve approach suffers
from a fundamental statistical identification problem in attempting to
separate, for instance, learning-by-doing from exogenous technical
change. One simple way of testing for this possibility is the inclusion
of a time trend in the learning equation. The idea is that if the learning
elasticities are indeed picking up pure learning-by-doing they should
remain statistically significant also after a time trend has been added
to themodel. This test is performed in previous studies (e.g., Papineau,
2006; Söderholm and Sundqvist, 2007), and generally these show that
the estimated learning-by-doing rates are sensitive to the inclusion of
a time trend. A similar argument can be made for the R&D-based
knowledge stock and the scale effects, which also tend to show strong
positive trends over time. In the empirical section we return to the
issue of empirically separating the above impacts and how this has
affected previous estimates.

3. Meta-analysis: data sources and model estimation issues

This paper seeks to shed light on the assessment of wind power
learning curves by conducting a meta-analysis of recent estimates of
learning-by-doing rates. A meta-analysis is a statistical technique that
combines the results of a number of studies that deal with a set of
related research hypothesis, and by carrying out this analysis we can
identify the factors that influence the reported outcomes in these
studies (Stanley, 2001). Below we present the studies analyzed in the
paper and the different variables considered in the econometric
investigation.

3.1. The data set and variable definitions

We collected information from 35 different learning curve studies
on onshorewind power; this provided us with 113 observations of the
learning-by-doing rate. These studies were primarily identified
through Web of Science, Scopus and Google Scholar. They have
been conducted during the period 1995–2010 (and employ data for
the period 1971–2008). Table 1 summarizes the different studies
analyzed in this paper. It displays the geographical region studied in
each study, the assumed geographical domain of learning in each case,
the number of estimates drawn from each study (Obs) as well as the
range of the estimated learning rates. Table 1 indicates that the
highest estimates exceed 30%, while a few studies even report
negative learning-by-doing rates.

5 However, see Yu et al. (2011) for an exception in which silver and silicon price
indexes are incorporated in a learning curve analysis of photovoltaic technology. In
addition, Panzer et al. (2010) discuss the impact of steel prices on the cost of wind
power.

6 Integrating more variables into the analysis, though, may also pose questions
about data reliability, and this is one reason for the popularity of the single-factor
specification.

756 Å. Lindman, P. Söderholm / Energy Economics 34 (2012) 754–761



In the meta-analysis the learning-by-doing rate represents the
dependent variable, and as independent variables we include
information on: (a) the geographical domain of learning spillovers
assumed in each estimation; (b) the specific time period for which the
learning rate observation was estimated; (c) whether the cost con-
sidered concern only the wind turbine or the total cost of wind power
investment; (d) whether R&D effects are addressed in the study;
(e) the inclusion or non-inclusion of scale effects; and (f) whether the
learning rate estimates are based on a data set also including a time
trend. Table 2 summarizes the definitions and some descriptive
statistics for the variables included in the meta-analysis.

Other variables – above those listed in Table 2 – were also tested,
but none of these had a statistically significant impact on learning
rates. For instance, we found no evidence that peer-reviewed studies
(ceteris paribus) report different learning rates than studies that have
not been peer-reviewed. A few studies also employ data on the
lifetime cost of wind power, thus also integrating operation and
maintenance cost into the analysis. Still, a dummy for these few
observations was not statistically significant different from the ones
that only rely on total investment costs. Furthermore, the cost of wind
power will of course depend on a number of factors (e.g., raw
materials prices) that have not been addressed in any of the studies
included in the meta-analysis.

None of the included studies explicitly test for cointegration,7 and
this is potentially a serious problem in learning curve studies.

Typically the time-series for technology costs and cumulative capacity
may contain unit roots, and we can then not reject the null hypothesis
of stationarity. In such cases the regression results will be misleading
and spurious. However, if the variables are cointegrated, i.e., they
share similar stochastic trends and the error term is stationary, this
surmounts the spurious regression problem and we can conduct
regression analysis also employing the non-stationary data. Since
these issues are not resolved in full in previous studies, we cannot rule
out the possibility that some of the learning rate estimates used in the
meta-analysis are spurious.

The geographical scope variable (GS) addresses the assumptions
made about the geographical domain of learning-by-doing. For our
purposes we specify this variable as follows:

GS =
CCR

CCG ð9Þ

where CCR equals the (beginning-of-the-year) cumulative capacity in
the geographical region considered in each estimation, and CCG is the
corresponding level at the global level. Thus, GSmeasures the average
share of cumulative experience in the countries studied as a share of
total global experience. This implies that in the case of learning rate
estimations that rely on global cumulative wind power capacity as the
learning proxy, this variable equals one (1).

There are no theoretical arguments suggesting that this variable
should have a specific impact on the learning-by-doing rate. Still, we
hypothesize that the higher value of GS, the higher are also the
estimated learning rates. The reason for this can be found in the way
the learning rate is measured. Specifically, by stipulating a given
percentage cost reduction for each doubling of cumulative experience,

Table 1
The learning curve studies included in the meta-analysis.

Study Geographical scope of the cost estimates (geographical domain of learning) Obs Learning rates

Andersen and Fuglsang (1996) Denmark (national) 1 20.0
Anderson (2010) USA (national) 4 3.3–13.5
Christiansson (1995) USA (national) 1 16.0
Coulomb & Neuhoff (2006) Germany (global/national) 5 10.9–17.2/7.2
Durstewitz and Hoppe-Kilpper (1999) Germany (national) 1 8.0
Ek and Söderholm (2010) Denmark, Germany, Spain, Sweden, UK (global) 1 17.1
Goff (2006) Denmark, Germany, Spain, UK, USA (national) 4 5.1–7.3
Hansen et al. (2001) Denmark (national) 4 6.1–15.3
Hansen et al. (2003) Denmark (national) 4 7.4–11.2
Ibenholt (2002) Denmark, Germany, UK (national) 5 −3.0–25.0
IEA (2000): EU Atlas project EU (EU) 1 16.0
IEA (2000): Kline/Gripe USA (national) 1 32.0
Isoard and Soria (2001) EU (global) 3 14.7–17.6
Jamasb (2007) World (global) 1 13.1
Jensen (2004a) Denmark (national) 3 9.9–11.7
Jensen (2004b) Denmark (national) 1 8.6
Junginger et al. (2005) UK, Spain (global) 3 15.0–19.0
Kahouli-Brahmi (2009) World (global) 5 17.1–31.2
Klaassen et al. (2005) Denmark, Germany, UK (national) 1 5.4
Kobos (2002) World (global) 2 14.0–17.1
Kobos et al. (2006) World (global) 1 14.2
Kouvaritakis et al. (2000) OECD (global) 1 15.7
Loiter and Norberg-Bohm (1999) California (national) 1 18.0
Mackay and Probert (1998) USA (national) 1 14.3
Madsen et al. (2002) Denmark (national) 4 8.6–18.3
Miketa and Schrattenholzer (2004) World (global) 1 9.7
Neij (1997) Denmark (national) 1 9.0
Neij (1999) Denmark (national) 10 −1.0–8.0
Neij et al. (2003) Denmark, Germany, Spain, Sweden (national) 10 4.0–17.0
Neij et al. (2004) Denmark (national) 3 −1.0–33.0
Nemet (2009) World (global) 1 11.0
Papineau (2006) Denmark, Germany (national) 12 1.0–13.0
Sato and Nakata (2005) Japan (national) 2 7.9–10.5
Söderholm and Klaassen (2007) Denmark, Germany, Spain, UK (national) 1 3.1
Söderholm and Sundqvist (2007) Denmark, Germany, Spain, UK (national) 12 1.8–8.2
Wiser and Bolinger (2010) USA (global) 1 9.4

7 Kahouli-Brahmi (2009) tests for the null hypothesis of unit root in the time-series
used against the alternative hypothesis of stationarity. The results indicate that all
series employed in the wind power estimations are stationary. We have not included a
dummy variable for these learning rate observations in the meta-analysis since this
binary variable would pick up all variations that are specific to this study (and thus not
only the presence of stationary data).
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this rate captures the assumption that learning-by-doing is subject to
significant diminishing returns (Arrow, 1962).

For instance, a doubling of capacity from 1 MW to 2 MW reduces
costs by a given percent, while at a volume of, say, 1000 MWwe need
to deploy another 1000 MW for the same percentage reduction in cost
to take place. We believe it is fair to assume that in a world of constant
innovation the learning rates will not be entirely scale-independent,
and that they are influenced positively when considering a global
rather than a national geographical scope for learning. A single nation
possesses a more modest absolute level of capacity and is more likely
to experiencemore doublings over a given time period even if the cost
level equals the one worldwide.

The variable mid-year (MY) is included to address the time period
for which each of the observed learning rates were estimated. It is
frequently argued that the estimated learning rates may differ
depending on the time period studied (e.g., Claeson Colpier and
Cornland, 2002). One reason why one could expect to obtain higher
learning rates for later time periods is that as a technology matures the
degree of competition in the input factor markets becomes stronger
and as a result prices fall. Clearly this is amarket power issue and not an
innovation impact, but since the vast majority of studies do not address
input prices in their model specifications any observed cost decreases
may be attributed to learning (rather than input price). It is also
plausible to argue for the opposite relationship, namely that as the
technology matures it becomes more difficult to improve performance
and lower costs. By including in the meta-analysis the mid-year (MY)
for the time periods studied in the different investigations we can test
the null hypothesis that the reported learning rate estimates are
independent of the time period considered.

Neij (1997, 1999) argues that the progress of the wind turbine
technology results in estimates that indicate relatively slow cost
reductions. One explanation for this is that many wind turbine
components were originally designed for other purposes, and the cost
of these components have already been reduced through earlier
development efforts. For this reason studies that also address the total
cost of wind power, thus including also installation, foundation,
electric connections, territorial planning activities etc. (and even
operation costs over the lifetime of the plants), are called for. Different
studies rely either on the cost of wind turbines as the dependent
variable or on the total investment cost (out of which the cost of the
turbine typically represents about 60–70%). In the meta-analysis we
therefore include a dummy variable TU that takes the value of one (1)
if the cost studied refers to wind turbine costs (and zero if it refers to
total investment costs).

If Neij's assertion is correct we would expect the estimated
coefficient for this dummy variable to be negative. This is in part
supported by the fact that the above-discussed market impacts may
play a role also in this case. Studies that investigate learning in wind
turbine production typically rely on reported list prices rather than
on production costs per se. In view of the fact that market prices are
often considered to be a good proxy for costs when the ratio between
the two remains constant over the time frame examined, this should
not admit any problem (IEA, 2000). However, there is always a risk
that the effect of technological structural changes is shrouded by
changes in the market.8 For instance, if there is excess demand in the
turbine market, the resulting scarcity of turbines permits turbine
manufacturers to charge higher prices. Another example is if the
number of producers is small, and the market conditions allow
the (few) producers to make market-power mark ups. These
considerations also suggest that studies relying on turbine data may
report lower learning rates compared to those that use data on total
investment costs.

As was noted above, some studies have extended the traditional
(single-factor) learning curve concept to address the impact of public
R&D efforts (R&D).9 Our meta-analysis therefore includes a dummy
variable that takes the value of one (1) if the learning rate estimation
controls for public R&D impacts in any way (and zero otherwise). We
expect the inclusion of R&D effects to have a negative influence on the
estimated learning-by-doing rates.

Scale effects are in many ways associated with technological
change and technology learning (Coulomb and Neuhoff, 2006;
Junginger et al., 2005). Still, while returns to scale take place along
the cost curve as output increases, learning effects imply a downward
shift of the entire cost curve. Similar to the above discussion about R&D
effects, excluding scale effects may cause an overestimate of the
learning-by-doing rate. Accordingly, we include a dummy variable SE
that takes the value of one (1) if the learning rate estimations control
for scale effects (and zero otherwise)

Table 2
Variable definitions and descriptive statistics.

Variables Definitions Mean Std. dev. Min Max

Dependent variable
Learning rate (LR) The percentage decrease in wind power cost for each doubling of

cumulative capacity or production.
10.09 6.83 −3 33

Independent variables
Geographical scope (GS) The share of wind power capacity in the studied region out of

global wind capacity. See also Eq. (9).
0.39 0.37 0 1

Mid-year (MY) The mid-year for the time period studied. 1992 3.25 1982 2002
Turbine (TU) Dummy variable that takes the value of 1 if the cost refers to wind

turbine costs (and zero if it refers to total investment costs).
0.22 0.42 0 1

Public R&D (R&D) Dummy variable that takes the value of 1 if the learning rate estimate
control for public R&D impacts in any way (and zero otherwise).

0.19 0.39 0 1

Scale effect (SE) Dummy variable that takes the value of 1 if the learning rate estimate
control for scale effects in any way (and zero otherwise).

0.14 0.35 0 1

Time trend (TT) Dummy variable that takes the value of 1 if the learning rate estimate
control for the presence of exogenous technical change through the
use of a time trend (and zero otherwise).

0.14 0.35 0 1

Single-factor learning curve (SF) Dummy variable that takes the value of 1 if the estimated learning rate
is based on a single-factor learning curve (and zero otherwise).

0.63 0.49 0 1

8 Junginger (2005) argues that such market impacts played a role in the German
wind power sector during the period 2000–2004, and since then there is even
evidence of increased wind turbine prices due to excess demand (causing bottlenecks
in the production) and increasing steel prices (Junginger et al., 2010). This implies that
there will be difficulties in separating the pure learning effect, and calls for increased
attention to the role of input prices.

9 No quantitative learning study for wind power has addressed the role of private
R&D. See, however, Ek and Söderholm (2010) for a discussion of the roles of private
and public R&D in a wind power learning context.
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The inclusion of a time trend (a proxy for exogenous technological
change) could imply significantly different estimates of the learning-
by-doing rate. Such results also suggest – in line with Nordhaus
(2009) – that it may be difficult to separate the impacts of exogenous
technological change from pure learning effects. For this reason we
include a dummy variable TT that takes the value of one (1) if the
learning rate estimates are based on a model specification that
involves a time trend (and zero otherwise).

Finally, we also consider an alternative econometric model in which
R&D, SE, and TT are simply replaced by a dummy variable SF that takes
the value of one (1) if the estimated learning rate is based on a single-
factor learning curve (and zero otherwise). In this way we can in part
address Nordhaus's (2009) concern that there may exist fundamental
statistical identification problems in trying to separate learning-by-
doing from exogenous technological change (TT) as well as from scale
and R&D impacts. Specifically, we here test whether this simple – but
commonly used – specification yields learning rate estimates that are
either higher or lower than the ones reported in themore sophisticated
specifications.

3.2. Econometric specification

Following the above we specify two linear meta-analysis regres-
sion models, one involving a constant term and GU, MY, TU, R&D, SE
and TT as independent variables, and one in which R&D, SE and TT are
replaced by SF. Many of the learning curve studies report multiple
estimates of the learning rates. Multiple observations from the same
source may be correlated and the error processes across several of
these studies may be heteroskedastic; in the presence of such panel
effects the classical OLS and maximum likelihood estimators may be
biased and inefficient. A generic panel model is specified as follows:

yij = μ j + βxij + εi ð10Þ

where i indexes each observation, j indexes the individual study, y is
the dependent variable (i.e., the learning-by-doing rate), x is a vector
of explanatory variables, ε is the classical error term with mean zero
and variance σε

2, and μj is the group effect.
The panel data effects can be modeled as either having a unit-

specific constant effect or a unit-specific disturbance effect. In the
fixed effect model the panel effect is treated as a unit-specific constant
effect, and this corresponds to the classical regression model with
group effect constant for each study in the meta-analysis. The random
effects model treats the panel effect as a unit-specific disturbance
effect and this model is a generalized regression model with
generalized lest squares being the efficient estimator. Two test
statistics aid in choosing between the classical OLS, fixed effect and
random effect models. Specifically, Breusch and Pagan's Lagrange

multiplier statistic tests whether the group effect specification is
statistically significant or not (H0: μj=0), and Hausman's chi-squared
statistic tests the random effect model against the fixed effect model
(H0: μj as a random effect; H1: μj as a fixed effect). In our case we
obtain a Lagrange multiplier test statistic of 1.02 and 1.13, respec-
tively, for our two regression models; these fall far below the 95%
critical value for chi-squared with one degree of freedom (3.84).
Hence, we conclude that the classical regression model with a single
constant term is appropriate for these data, and we therefore applied
ordinary least squares (OLS) techniques when estimating the two
models.

Nelson and Kennedy (2009) also stress the problem of hetero-
skedasticity in meta-analyses, implying that the variances of the error
terms are not constant across observations. For this reason the Breusch–
Pagan/Godfrey LM test was used to test for heteroskedasticity, and
based on this test the null hypothesis of homoscedasticity was rejected
at theonepercent level for bothequations. For this reason the t-statistics
and the statistical significance levels reported in the empirical
investigation have been calculated by means of the White estimator
for the heteroskedasticity-consistent covariancematrix (Greene, 2003).
All regressions were performed in the statistical software Limdep.

4. Empirical results

Table 3 shows the parameter estimates (with p-values adjusted for
heteroskedasticity) for the two regression models. The goodness of fit
measure, R2-adjusted, for the two meta-regression models is
estimated at 0.368 and 0.396, respectively.

The parameter estimates from the first model specification
(Model I) show that the geographical scope variable has an important
impact on the estimated learning-by-doing rates. We find that a wider
geographical scope implies higher learning rates. Specifically, the
results imply that an increase in GS by 0.1 (e.g., from 10% of global
capacity to 20%) illustrates (roughly) a one (1) percentage point in-
crease in the average learning-by-doing rate. For instance, in
considering wind power in Sweden, which by the end of 2009 had
one percent of the global cumulative wind power capacity, the
learning rate estimates could differ by about 10 percentage points
dependingonwhether global or national cumulative experienceswere
considered (i.e., GS equaling either 0.01 or 1.00). In many ways this
should come as no surprise as a doubling of global capacity implies a
move from the current 158,000 MW to roughly 316,000 MW, while a
corresponding doubling in Sweden only implies an increase by about
1560 MW.

One could also note that in this respect the relatively low reported
national learning rates can be attributed to the fact that most learning
curve studies have been performed on countries with strong policy
incentives and thus large growth (i.e., several doublings) in domestic

Table 3
Parameter estimates from the meta-regression models.

Model I Model II

Variables Estimates p-values Estimates p-values

Constant 631.223 0.150 558.093 0.175
Geographical scope (GS) ⁎⁎⁎10.042 0.000 ⁎⁎⁎10.419 0.000
Mid-year (MY) −0.313 0.155 −0.278 0.178
Turbine (TU) ⁎−2.640 0.079 ⁎⁎−3.251 0.031
Public R&D (R&D) ⁎−2.165 0.088 – –

Scale effect (SE) 0.326 0.827 – –

Time trend (TT) −0.830 0.615 – –

Single-factor learning curve (SF) – – ⁎⁎2.593 0.013
R2-adj=0.368
Breusch–Pagan/Godfrey
LM test statistic=27.00

R2-adj=0.396
Breusch–Pagan/Godfrey
LM test statistic=30.50

⁎ Indicate statistical significance at 10% level.
⁎⁎ Indicate statistical significance at 5% level.
⁎⁎⁎ Indicate statistical significance at 1% level.
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capacity (e.g., Denmark, Germany etc.). In any case the above suggests
that it is of vital importance to explicitly discuss the geographical
domain of learning-by-doing in more detail, and thus the presence of
learning spillovers across countries (Langniss and Neij, 2004).

We know that for most energy technologies there is evidence of
both global and national learning components, but few studies have
addressed how to estimate these impacts in a consistent manner.
Ek and Söderholm (2008) are an exception; this study uses a panel
data set for five European countries and separates between domestic
and global cumulative capacities. They report a global learning-by-
doing rate of 11% while the corresponding national rate is 2%. This
implies, for instance, that in Sweden a ten percent increase (156 MW)
in the cumulative capacity would achieve the same cost reduction
(for wind power installed in Sweden) as a 2% (3160 MW) increase
globally.

Furthermore, in model I the coefficient representing the mid-year
variable is statistically significant only at the 16% level. This implies
that we cannot reject the null hypothesis that learning rate estimates
are independent of the time period considered. We do find a
statistically significant impact on learning-by-doing rates from a
discrete change in the turbine (TU) variable; the relevant coefficient
has the expected negative sign and the null hypothesis can be rejected
at the eight percent level. Thus, studies that consider the cost of wind
turbines (as opposed to the total cost of wind power capacity
installed) generally generate lower learning-by-doing estimates. This
result is consistent with the notion that more significant learning
effects can be expected for the non-turbine cost components for wind
power investments. It may also, though, be a reflection of the fact that
the list prices used as a proxy for wind turbine costs may hide short-
term market fluctuations (e.g., temporary bottlenecks in the produc-
tion) or price mark-ups by dominating suppliers.

The coefficients representing the variables SE and TT are both
highly statistically insignificant. The R&D dummy variable coefficient
is however statistically significant at the ten percent level, and it
indicates that studies that address the impact of public R&D report
(ceteris paribus) lower learning rate estimates. Still, the cumulative
R&D expenses, the size of wind turbines and the time trend all tend to
increase over time, and for this reason it may be hard to separate the
respective impacts from each other. For this reason Table 3 also
presents the results from an alternative model estimation (Model II)
in which the three dummy variables R&D, SE and TT are replaced by a
single dummy variable, which takes the value of 1 if the estimated
learning rate is based on a single-factor learning curve.

The alternative model estimations confirm the important role of
geographical scope, and we find that the coefficient representing the
turbine (TU) variable is statistically significant at the five percent
level. The results also show that the new dummy variable has a
statistically significant and positive impact on the learning rate
estimates, thus providing support for the notion that single-factor
specifications overall generate higher learning rates than the
extended model specifications. The size of the estimated coefficient
suggests that single-factor learning curves overall results in learning
rates that are almost 3 percentage points higher than those generated
by different extended model specifications.

5. Concluding remarks

The concept of technological learning has been widely used since
its introduction in the economics literature (Arrow, 1962), and it has
gained substantial empirical support in many applications. With the
increased use of bottom-up energy system models with endogenous
learning it is becoming important for energy scenario analysis to get
hold of reliable estimates of technology learning rates. However, it is
fair to conclude that previous empirical studies of energy technology
learning rates provide few uniform conclusions about the magnitude
of these rates.

The results from the meta-analysis indicate that the choice of
geographical domain of learning, and thus implicitly of the assumed
presence of learning spillovers, is an important determinant of
learning rates for wind power. Most notably, wind power studies
that assume the presence of global learning generate significantly
higher learning rates than those studies that instead assume a more
limited geographical domain for the learning processes. This issue is
further complicated by the fact that technology learning in wind
power (and presumably in other renewable energy technologies as
well) is deemed to have both national and global components. The
results also suggest that the use of extended learning curve concepts,
e.g., integrating R&D effects into the analysis, tends to result in lower
learning rates than those generated by single-factor learning curve
studies. Estimates that are based on the single-factor specification
tend to be biased upwards.

The above suggests that future research in the field should devote
more attention to explicitly addressing the presence of international
spillovers in learning as well as in R&D, and there exists a call for the
development of enhanced and improved causal models of the effect of
R&D and learning-by-doing in technology innovation and diffusion.
For instance, learning and R&D are not independent processes.
Technological progress requires both R&D and learning, and for this
reason R&D programs can typically not be designed in isolation from
practical application. In addition, the gradual diffusion of a certain
technology can reveal areas where additional R&D would be most
productive.
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Abstract
In order to generate meaningful and policy-relevant results from future energy system models, 
reliable estimates of the relevant technology learning rates may be needed. The purpose of 
this paper is to critically analyze the choice of model specifications in learning curve analyses 
of wind power costs. Special attention is devoted to the choice of national or global 
cumulative capacity as indicators of learning in these specifications, as well as the inclusion 
of other independent variables such as public R&D, scale effects and a time trend. In order to
illustrate the importance of these methodological choices, a pooled annual time series data set 
over eight European countries: Denmark (1986-2008), France (1991-2008), Germany (1990-
2008), Italy (1991-2008), the Netherlands (1991-2008), Spain (1990-2008), Sweden (1991-
2008), and the United Kingdom (1991-2008), is used. We compare the results from different 
types of model specifications, and the empirical results support the notion that the estimates 
of the learning rates may differ considerably across different specifications. According to the
results the presence of global learning processes for wind power appears more important than 
that of national learning. The use of extended learning curve concepts, thus integrating either 
scale effects or public R&D (or both) into the analysis, adds to our understanding of cost 
decreases in wind power technology.
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1. Introduction
Growing concerns about environmental degradation and climate change have stimulated the 

development of new carbon-free energy technologies. Still, the future progress of, for 

instance, renewable energy sources is likely to depend heavily on future cost developments 

through further innovation and learning (Loiter and Norberg-Bohm, 1999; Neij, 1997). In 

order to estimate the future costs of new renewable energy technologies, use is frequently 

made of the so-called learning curve concept. Specifically, learning curves are used to 

empirically quantify the impact of experience and learning on the cost of a given technology. 

These analyses may, for instance, specify the investment cost development of renewable 

energy technologies as a function of the installed cumulative capacity, the latter a proxy for 

accumulated experience and learning (Junginger et al., 2010).   

Learning curve specifications generate estimates of the so-called technological learning 

rates, which may be used as inputs in energy system models (e.g. Grübler and Messner, 1998;

Kouvaritakis et al., 2000; and Barreto and Kypreos, 2004). Specifically, a learning rate of, for 

example, 5 indicates that a doubling of the cumulative capacity results in a cost reduction by 5 

percent. By using the learning rates as inputs, the fundamental idea is that while investments 

in new carbon-free energy technologies typically are more expensive than those in existing 

carbon-intense technologies, the cost of the former can be assumed to decrease with increases 

in their market share. Over time the carbon-free technologies (e.g., wind power) may become 

a more economically attractive choice than the existing carbon-intense technologies since the 

old technologies often tend to experience less potential for cost reductions (Grübler et al., 

2002). Since public energy policies often rely on the promotion of renewable and carbon-free 

energy technologies to assure that the share of renewable energy in the energy support mix is 

increased, a number of different subsidy schemes for investing in renewable energy projects 

and taxes on fossil fuel use are used to lower the costs of new technology (e.g., Menanteau et 

al., 2003; Söderholm and Klaassen, 2007).  

As a consequence of the above, it becomes clear that in order to generate meaningful 

and policy-relevant results from future energy system analyses, reliable estimates of the 

learning rates for different energy technologies would be useful. However, it is also fair to 

conclude that earlier empirical studies of learning rates do not present any homogeneous 

conclusions about the magnitudes of these learning rates, and the empirical estimation of 

these is surrounded by a number of methodological challenges (e.g., Christiansson, 1995; 

Goff, 2006; Jamasb, 2007; Wiser and Bolinger, 2010: Nordhaus, 2014). Lindman and 
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Söderholm (2012) show that the estimated learning rates for wind power range between -3

and 33 percent depending on study, and similar divergences exist for other technologies.

Moreover, the wind power learning curve estimates are dependent on a number of key 

assumptions, some of them not always well-documented. One example of this is the 

assumptions made about the presence of learning spillovers across countries. Some studies 

use national cumulative capacity to explain the observed cost reductions (e.g., Durstewitz and

Hoppe-Kilpper, 1999; Goff, 2006; and Ibenholt, 2002), while others use global capacity 

expansions (e.g., Isoard and Soria, 2001; and Jamasb, 2007). Still, if one argues that the 

(investment) costs for, say, wind power usually comprise both a national and an international 

component, it might be useful to consider global and national learning in combination (Ek and 

Söderholm, 2010; Langniß and Neij, 2004).  

Other examples of key assumptions that may differ among the different learning curve 

studies are; the inclusion of additional explanatory variables such as R&D, scale effects, and 

whether or not a simple time trend to address exogenous technological change has been

added. Such extensions of the learning curve models may be important for several reasons.

Most importantly, they acknowledge that cost-reductions will not only be due to learning 

following technology diffusion, but that they also result from, for instance, investments in 

public and private R&D etc. Incorporating additional variables also reduces the problem of 

omitted variable bias. Lindman and Söderholm (2012) conduct a meta-analysis of wind power 

learning rates, and they show that studies using cumulative capacity as the only independent 

variable overall present higher learning rate estimates than those specifying more extended 

learning curve model specifications. However, these authors also point to the difficulties in 

separating the cost reduction effects following learning from those of R&D, scale economies 

etc. (see also Nordhaus, 2014). 

While there is no question that productivity improvements and cost reductions benefit 

from experience and hence learning, the underlying mechanisms are still vaguely understood. 

The choice of national versus global capacity expansions to measure learning boils down to a 

question of whether there are international learning spillovers or not, e.g., whether wind 

power developers in one country can benefit from the learning taking place in other countries 

as a result of capacity expansions. In the literature there appears to be little consensus on

whether technology learning leads to international spillovers, i.e., does learning occur at the 

global rather than at the national level? Moreover, can the pure learning effects be separated 

from other drivers of technological change (including economies of scale, R&D, and the role 
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of exogenous technological change) (Coulomb and Neuhoff, 2006; Nordhaus, 2014)? These 

issues provide some key points of departure for this paper.  

Following the above, the main purpose of this paper is to critically analyze the choice of 

model specification in learning curve analyses of wind power. Special attention will be 

devoted to the question of the role of national versus global learning, respectively, and the 

inclusion of other variables such as R&D, scale effects, time trend etc., in learning curve 

specifications. Unlike previous work the paper also involves an attempt to address changes 

over time in the presence of international learning spillovers. The estimations of the different 

model specifications are carried out by the use of econometric techniques, and by employing 

pooled annual time series data over eight European countries: Denmark (1986-2008), France 

(1991-2008), Germany (1990-2008), Italy (1991-2008), the Netherlands (1991-2008), Spain 

(1990-2008), Sweden (1991-2008), and the United Kingdom (1991-2008). 

The choice of wind power is motivated by the fact that it represents an important energy 

supply technology in complying with existing climate policy targets. The wind power sector 

is one of the most rapidly growing energy sectors in the world. From 1990 until the end of 

2013, global cumulative installed capacity increased from about 2 GW to over 318 GW (EPI, 

2014). In turn, the cost of wind-generated electricity has been reduced over time, but in most 

instances it is still higher than the cost of conventional power generation (e.g., combined cycle 

gas turbines, coal-fired generation etc.). This is however something that might change in the 

future (Coulumb and Neuhoff, 2006). Even though the focus in this paper is on wind power, it 

should generate valuable insights to all kinds of learning curve modelling efforts. It is not 

only the use of different data sets (with different variable definitions covering varying time 

periods) that can be expected to lead to different learning curve estimates. These differences 

are also hypothesized to be a result of the use of different model specifications. In the light of 

these methodological considerations, the results should be of interest also for other energy 

sectors. 

The paper proceeds as follows. Section 2 outlines the theoretical framework used in the 

paper. Section 3 provides a description of the data. The econometric models of learning are 

presented, and a number of important model estimation issues are addressed. In section 4 the 

empirical results are presented and discussed, and in the final section 5 we provide some

concluding remarks and implications.  
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2. An Economic Model of Technology Learning
The basic idea behind learning curves and the estimation of learning rates is to measure 

technical change in the form of cost improvements in technologies as a result of continuous 

experience. In other words, technological learning refers to the phenomenon that the cost of a 

technology decreases as the cumulative installation (or production) of the technology 

increases (e.g., Arrow, 1962; Jensen, 2004). There exist a large number of studies that have 

found a positive empirical relationship between cost reduction and cumulative capacity 

(McDonald and Schrattenholzer, 2001; Klaassen et al., 2005), although these also differ in 

terms of model specification, data sample etc. (see also Lindman and Söderholm, 2012). 

2.1 A Cobb-Douglas Cost Function Framework 

One way of examining this empirical relationship is to derive the different learning curve 

models (in our case for wind power technology costs) from a standard neoclassical Cobb-

Douglas cost function (e.g., Berndt, 1991; and Isoard and Soria, 2001). This approach permits 

us to set the learning curve concept in a theoretical standard neoclassical cost framework. 

Based on this, a number of different learning curve model specifications can be derived, and 

some of the main differences across these and any associated implications discussed. In this 

section we derive a number of learning curve specifications, and we also comment on the 

most important theoretical foundations (assumptions) underlying these. Specifically, many of 

the most frequently employed learning curve specifications represent special cases of the 

general cost function approach outlined below.  

For our purposes the current unit cost of wind power capacity (in US$ per kW) during 

time period t is denoted C
tC . In a Cobb-Douglas cost function framework this cost can be 

specified as (see also Berndt, 1991; Lindman and Söderholm, 2012): 
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tQ represent scale effects in the form of, for instance, the average size of the wind turbines in 

rated capacity in time period t, tiP are the prices of the inputs (i = 1,…,M) required to produce 

and operate wind turbines (e.g., labor, energy, materials such as steel, foundations etc.), and r

is the returns-to-scale parameter which in turn equals the sum of the exponents so that: 

M

i
ir

1

                 (2)

The constraint in equation (2) ensures that the cost function is homogenous of degree one in 

input prices. That is, for a given output level, the unit cost doubles if all input prices double. 

Finally, tA reflects progress in the state of knowledge. This variable is of particular interest in 

learning curve studies, and it is therefore useful to discuss different alternative specifications 

of this component of the cost function.  

As is illustrated below most existing learning curve studies build on the assumption that 

the state of knowledge based on the learning from the production and/or implementation of 

wind power can be approximated by the cumulative installed capacity of windmills (e.g., in 

MW) or production (in MWh) up to time period t. This variable is here denoted tCC (e.g., 

Junginger et al., 2010). Specifically, in this type of specification we have:  

L
tt CCA                 (3)

where L is the so-called learning-by-doing elasticity, indicating the percentage change in cost 

following a one percentage increase in cumulative capacity. In learning curve studies of wind 

power the currently installed capacity is often assumed to equal cumulative capacity (i.e., 

essentially assuming no windmills have been shut down during the given time period). The 

parameter L is an important input in the calculation of the learning-by-doing rate (see 

below).  

Previous learning curve studies make different assumptions regarding the geographical 

domain of learning. Some of the earlier studies assume that learning in the wind power 

industry is a global public good, and ntCC therefore represents the cumulative installed wind 

power capacity at the global level. This kind of reasoning implies thus that the learning-by-

doing impacts that are a result of capacity expansions in one country will spill over to other 

countries worldwide, and thereby the estimated learning rates will be relevant only to the case 
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where global capacity doubles. On the other hand, some studies focus instead on the impact of 

national learning (or at least on a smaller geographical region than the entire world), i.e., 

learning-by-doing that takes place as wind power is installed in a given country-specific 

context. The national model specifications therefore build on the assumption that learning 

does not involve any international spillovers (although it does involve spillovers among 

different wind power developers in the same country). This paper considers the effect of both 

national and global learning. Below, when introducing different model specifications, we get 

back to the issue of the geographical scope of learning.  

In some of the existing learning curve studies, the modelling of the state of knowledge 

has been extended to incorporate (primarily public) R&D expenses directed towards wind 

power in various ways (e.g., Klaassen et al., 2005; Söderholm and Klaassen, 2007).1 Public 

R&D is assumed to improve the technology knowledge base, which in turn leads to 

technological progress. Some of these studies acknowledge that R&D support adds to what 

might be referred to as the R&D-based knowledge stock, tK , and in this case we thus have:   

KL
ntntnt KCCA                 (4)

where K is often referred to as the learning-by-searching elasticity, indicating the percentage 

change in cost following a one percentage increase in the R&D-based knowledge stock. This 

parameter can be used to compute the corresponding learning-by-searching rate. As a policy 

analysis tool, including these estimates in large energy system models can be used to

investigate the optimal allocation of R&D funds among competing technologies (e.g., Barreto 

and Kypreos, 2004). Previous studies that address these impacts differ in the ways in which 

they specify the R&D-based knowledge stock. Some simply assumes that this stock equals the 

cumulative R&D expenses while other studies use formulations that take into account the 

plausible notions that: (a) R&D support does not have an instantaneous effect on cost 

reductions, but will only lead to actual results with some time lag; and (b) knowledge 

depreciates in the sense that the effect of past R&D expenses gradually becomes outdated. 

1 A potential methodological problem when estimating learning curves concerns the possible presence of so-
called omitted variable bias. From econometric theory we learn that if an independent variable whose true 
regression coefficient is non-zero is excluded from the model, then the estimated values of all the regression 
coefficients will be biased unless the excluded variable is uncorrelated with every included variable (e.g., Berndt, 
1991). Clearly, this is likely to be a problem in many learning curve specifications since costs will often be 
influenced by other variables such as R&D. Therefore, as a way to address this potential problem of omitted 
variable bias, some of the earlier learning curve studies have also considered the importance of analyzing the 
impacts of including other potentially significant explanatory variables (e.g., scale effects, time trends etc.) in 
their learning models (e.g., Kahouli-Brahmi, 2009; Söderholm and Klaassen, 2007).   
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Moreover, also in the R&D case it is necessary to address the issue of the geographical 

domain of R&D-based knowledge. In this paper we assume that domestic public R&D 

support in the European countries adds to what might be referred to as the European R&D-

based knowledge stock. We thus follow Ek and Söderholm (2010) and assume that the 

geographical domain of the R&D-based knowledge stock is European; this implies that there 

are spillovers in the wind power industry across the European countries (but no spillovers 

from the rest of the world). Given that a lot of the R&D-projects (often EU-sponsored) are 

based on inter-country cooperation, and that any experiences often are gained and shared 

through, for example, the European Wind Power Association (EWEA), this is a reasonable 

assumption. This implies that the following specification of the R&D-based knowledge stock 

is used (e.g., Klaassen et al., 2005; Ek and Söderholm, 2010):  

N

n
xtntt RDKK

1
11                (5)

where ntRD are the annual domestic public R&D expenditures in country n (i = 1,…,N), x is 

the number of years it takes before domestic R&D expenditures add to the public knowledge 

stock, is the annual depreciation rate of the knowledge stock ( 10 ), and N is the total 

number of countries included. Given this specification, we account for the notions that: (a) the 

R&D expenditures do not have an instantaneous effect on innovation; it will take some time 

until noticeable results will be accomplished; and (b) knowledge depreciates in the sense that 

the effects of former R&D expenditures bit by bit become outdated 

2.2 Empirical Specifications and Extensions

Following the above it is now useful to discuss how the above Cobb-Douglas model can be 

employed to derive learning curve equations for empirical analyses. Substituting equation (4) 

into equation (1) yields a modified version of the Cobb-Douglas cost function: 

M
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r
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//1//                    (6) 
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Furthermore, while it could be important to control for the impact of changes in input prices 

in order to separate these from the impacts of learning-by-doing and R&D, respectively, most 

learning studies (implicitly) ignore this problem (see, however, Panzer, 2012). Berndt (1991) 

shows under what circumstances this is a plausible assumption.2 Specifically, by assuming 

that the shares of the inputs in production costs are the same as those used as weights in the 

computation of the GDP deflator, we can effectively remove the price terms from equation (6) 

by considering real (rather than current) unit costs of wind power capacity, tC . We obtain: 

rr
t

r
t

r
tt QKCCkC KL /1//         (7)

where k is defined as in equation (6). Moreover, by taking natural logarithms and introducing 

the following definitions: krr KL ln,/,/ 021 and rr /13 , we obtain a 

linear econometric specification of the Cobb-Douglas cost function in equation (7). We have: 

tttt QKCCC lnlnlnln 3210             (8)

where 210 ,,  and 3 are parameters to be estimated (given the inclusion of an additive 

error term). From the parameter estimates one can easily derive the returns-to-scale 

parameter, r, and the two learning curve elasticities, L and K , by noting that: 

31
1r ,

3

1
1 1
rL   and   

3

2
2 1
rK          (9)  

The learning rate is defined as L21 and it shows the percentage change (decrease usually) 

in the cost for each doubling of cumulative capacity. For example, a learning rate of 20 

percent (0.20) indicates that a doubling of capacity results in a cost reduction of 20 percent 

from its previous level (Goff, 2006; Ek and Söderholm, 2010). Moreover, K21 is the 

corresponding learning-by-searching rate, thus indicating the percentage change in costs for 

each doubling of the R&D-based knowledge stock.  

As was noted above, some of the previous studies that examine learning curves, and thus 

calculate learning-by-doing rates, use cumulative installed capacity for the adjacent area 

2 In our estimations we did test for the impacts of changes in the world market price for steel, although this 
variable did not have a statistically significant impact on the reported investment cost for wind power (see 
further section 4). 
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(country/region) under scrutiny rather than global capacity as the explanatory 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 spillovers in the observation period to be 

sufficiently active, it would be justified to use the global cumulative 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). In addition, given that 

the investment costs for wind power usually comprise both a national and an international 

component, it might also be useful to consider global and national learning in combination 

(Ek and Söderholm, 2008).  

According to Langniß and Neij (2004), as the wind power technology has become more 

and more mature, the scope for learning has in turn become increasingly international. In the 

beginning of its developing phase, wind power progressed in a rather national and isolated 

context, but this is not the case today. During the 1980s and the 1990s, the expansion of wind 

power in Europe has largely coincided with the global development. In other words, rather 

modest wind power capacity expansions could be witnessed in other parts of the world. 

However, since around 2002, global wind power expansions have increasingly taken place 

outside Europe. For example, today China is by far the leading wind power market, and Asia 

has now basically the same level of installed capacity as Europe (GWEC, 2013).         

Certain parts of the learning process (e.g., permitting processes, territorial planning 

activities, grid connections, foundations etc.) will probably remain mainly nation-specific 

because of its particular geographical, legal or economic framework conditions, in turn 

allowing learning to primarily evolve within the national context. Hence, by following this 

reasoning and earlier formulations (e.g., Ek and Söderholm, 2008), a learning curve model 

where both global and national capacities is used and can therefore in line with equation (8) 

be specified as:

tttntnt QKCCGCCNC lnlnlnlnlnln 43210    (10) 

where ntCCN represents the cumulative installed wind power capacity at the national level,

and tCCG represents the cumulative installed wind power capacity at the global level. This 

specification thus permits a test of the relative importance of national versus global 

experience in stimulating wind power technology cost reductions.  
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As noted earlier the wind power industry has grown more global since the turn of the 

millennium, and this could have implications for the international learning spillovers in this 

industry. By adding an interaction variable, 2002CCGD , we are able to test whether increases 

in the global cumulative capacity has affected cost developments in the period 2002-2008 

differently than it did prior to this period. Specifically, the 2002CCGD variable is constructed 

by multiplying the global cumulative capacity variable (excluding the relevant national

capacity) by a dummy variable equalling one (1) for the time period 2002-2008 (and zero 

otherwise). By adding this interaction variable to equation (10), we now have:   

tttntnt QKCCGDCCGCCNC lnlnlnlnlnlnln 5420023210 (11) 

By including this interaction variable, we can test the null hypothesis that marginal increases 

in the global cumulative capacity have had equal effects on the cost development in the time 

periods 1986-2001 and 2002-2008, respectively. A plausible assumption is that as the wind 

power expansions increasingly take place elsewhere than in Europe, the international learning 

spillovers to European countries are ceteris paribus smaller, and for this reason the expected 

impact of this slope dummy variable on wind power cost levels in Europe is positive (i.e.,

implying higher costs). 

Finally, following Nordhaus (2014) a potential problem in estimating learning effects 

may arise due to the difficulties associated with identifying differences in productivity 

following exogenous technological change. This problem is claimed to exist as a result of the 

methodological difficulties involved in separating the true learning parameter from its 

complicated relationship with the other exogenous coefficients that it is entangled with. Here 

exogenous technological change refers to all sources of cost declines other than the learning 

curve-determined technological change, i.e., knowledge and learning spillovers from outside 

the industry. This potential problem can in part be addressed (tested) by including a simple 

time trend (T) as a control variable to capture exogenous technological development. If the 

learning coefficients are actually capturing the impact of learning, it can be argued, they will 

remain statistically significant also after a time trend has been included. 
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3. Data Sources and Model Estimation Issues

3.1 Data Sources and Definitions

Given the paper’s stated purpose, four different learning curve models are estimated using 

econometric techniques and an unbalanced panel data set. Specifically, we use a pooled 

annual time series data over eight European countries: Denmark (1986-2008), France (1991-

2008), Germany (1990-2008), Italy (1991-2008), the Netherlands (1991-2008), Spain (1990-

2008), Sweden (1991-2008), and the United Kingdom (1991-2008). In accordance with the 

above, the data used to estimate the four models include: (a) windmill investment cost (US$

per kW); (b) the cumulative (installed) capacity of windmills (MW) globally, excluding the 

relevant national capacity; (c) the cumulative (installed) capacity of windmills (MW) at the

national level; (d) domestic public R&D support to wind power in the European countries; (e)

the average size of wind turbines installed in kW. All prices and costs have been deflated to 

2012 prices using country-specific GDP deflators. Some descriptive statistics for all these 

variables are presented in Table 1.  

Table 1: Variable Definitions and Descriptive Statistics

Variables Definition and units Mean Std. Dev. Min Max

Investment cost for wind power 2012 US$ per kW 1571 490 751 3343

Cumulative national wind capacity Cumulative national
capacity in MW

2182 4448 <1 23826

Cumulative global wind capacity 
excluding the relevant national 
capacity

Cumulative global 
capacity minus national 
capacity in MW

27588 32015 1187 119577

R&D-based stock of knowledge Public R&D support to 
wind power in the 
European countries in 
thousands of 2012 US$

1183960 210320 524572 1479982

Scale effect Average size of 
installed wind turbines
installed in kW

430 213 100 919

The investment cost data represent averages of various real-life wind energy installations in 

the above countries. In contrast to most other estimates of wind mill investment costs, these 

data cover all investment cost items such as grid connections, foundations, electrical 

connection and not only the costs of the wind turbine. This is important since the non-turbine 

part of the investment costs may amount to as much as 20 to 30 percent of the total (Langniß 
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and Neij, 2004). The investment cost data were obtained from the International Energy 

Association’s (IEA) Wind Energy Annual Report (1991-2008), De Noord et al. (2004), Wiser 

and Bolinger (2010), and the International Renewable Energy Agency’s (IRENA) Renewable 

Energy Technologies: Cost Analysis Series (2012). The data on cumulative world capacity 

and cumulative national capacity were obtained from the Earth-Policy Institute’s (EPI)

Cumulative Installed Wind Power Capacity in Top Ten Countries and the World, 1980-2013

(2014). The data on the average size of wind turbines (in kW) for each country and year were 

collected from Henderson et al. (2001), BTM Consult (2005), the International Energy 

Association’s (IEA) Wind Energy Annual Report (1991-2008), and Morthorst (2009). 

In order to construct the knowledge stock variable, annual public R&D expenditure data 

from the International Energy Agency’s (2014) online database were used (in thousands US$

2012 prices). Assumptions are needed on the time lag between R&D expenditures and their 

addition to the knowledge stock as well as on the depreciation rate of the knowledge stock. 

Klaassen et al. (2005) review previous studies on these issues, and based on earlier work they 

suggest a time lag of 2 years and a depreciation rate of 3 percent. These are also the 

assumptions employed in this paper. However, in some studies (e.g., Hall et al., 2009) the 

applied depreciation rate for knowledge is assumed to be considerably higher than the one 

used here (e.g., above 10 percent). For this reason a simple sensitivity analysis is also 

conducted testing the impact on the results using a 6 percent and a 10 percent discount rate,

respectively (see also Appendix B). The International Energy Agency (IEA) presents public 

R&D data for wind power starting in the year 1974. In this year the respective domestic R&D 

expenses were practically (but not entirely) zero. These low figures represent the initial 

conditions in constructing the R&D based knowledge stock. For instance, the knowledge 

stock reported in 2000 for a specific country is a function of the annual R&D expenses 

throughout the time period 1974-1998, and with the above depreciation rate attached to the 

stock. 

Figures 1-5 show the development over the time period 1986-2008 for some of the key 

variables used in the empirical analysis. Figure 1 shows the average investment cost for wind 

power (per kW). From the beginning of the time period until around the year 2000 the 

investments costs per kilowatt dropped by more than 50 percent in most of the countries. 

Since 2004 the investment costs have however gone up significantly. There are several factors 

that might explain this. One explanation is that during most of the 1990s the steel price was 

stable at around 200 US$/tonne, but after 2003 it started to increase rapidly reaching above 
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700 US$/tonne in the year 2005 (IRENA, 2005). Steel is an important input factor in wind

power turbine production. Another possible explanation is that in some of the countries it was 

reported that the low-hanging wind power sites had already been occupied, by this implying 

that the most accessible and easy worked sites already had plants and more remote places with 

less favorable wind conditions had to be used. This drove costs up (e.g., IEA, 2008). The fact 

that the wind power market has become more global in recent years may also explain why we 

do not observe extensive cost reductions in Europe (see above).       

Figure 1: Average wind power investment costs (2012 US$ per kW) in Denmark, 
Germany, the United Kingdom, Spain, Sweden, France, Italy and the Netherlands, 1986-
2008. Sources: IEA (1991-2008); De Noord et al. (2004); Wiser and Bolinger (2010); 
and, IRENA (2012).   

Figure 2 illustrates the development of onshore wind power capacity in the world since 1986 

up until 2008. The installed wind capacity has grown more or less exponentially during this 

time period. At the end of 2008, total wind power capacity amounted to 121 188 MW, which 

represented more than 1.5 percent of global electricity consumption (WWEA, 2008).      

Figure 3 displays the development of cumulative installed wind power capacity in the 

eight European countries studied here. In the beginning of the period Denmark was the leader 

and started installations long before the other countries even had any installations at all. 

However, in the mid-1990s wind power capacity in Germany began to expand rapidly, and 

relatively soon it surpassed the corresponding development in Denmark. Spanish wind power 
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has also grown significantly since the late 1990s, but Germany has today the largest installed 

capacity. In comparison, the developments in the other six countries have been rather modest, 

although since 2005 and onwards wind power capacity has increased quite fast also here 

compared to earlier levels.

Figure 2: Cumulative global capacity (MW), 1986-2008. Source: EPI (2014). 

Figure 3: Cumulative national capacity (MW) in Denmark, Germany, the United 
Kingdom, Spain, Sweden, France, Italy and the Netherlands, 1986-2008. Source: EPI 
(2014). 
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Figure 4 shows the share of cumulative installed European capacity out of total installed 

world capacity. As mentioned above, before the turn of the millennium the diffusion of wind 

power in Europe to a large extent corresponded with the global development. From a global 

perspective, Europe has been a dominant player in the wind power sector during the studied 

period, and around 2001 Europe had reached approximately 70 percent of the total global

capacity. Since around 2002, though, this share has steadily shrunk. Thus, since around 2002 

the wind power development has to a greater extent taken place outside Europe, and in 2008 

the USA took over the global number one position from Germany. In 2008 the pioneer 

country Denmark dropped to rank nine in terms of total installed capacity, whereas until four 

years ago it held the number four position during several years (WWEA, 2008).  Moreover, in

2013 China took over as the leading wind power market, and Asia has now basically the same 

level of installed capacity as Europe. Today dynamic wind power markets can be found on all 

continents (GWEC, 2013).         

Figure 4: The share of cumulative installed European wind power capacity out of total 
installed world capacity, 1986-2008. Source: EPI (2014). 

Through the inclusion of an interactive slope dummy variable we are able to test whether a 

marginal increase in the global cumulative capacity affected European cost developments in

the period 2002-2008 differently than it did during the earlier period 1986-2001. The 

assumption is that as wind power installations more and more take place somewhere else than 

in Europe, the learning spillovers emanating from global capacity expansions to European 

countries become less profound, thus resulting in more modest cost reductions. This means

that the expected sign of the slope dummy variable coefficient is positive. 
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Furthermore, Figure 5 displays the average size of wind turbines installed (in kW). Wind 

turbines have grown bigger and bigger over time. In fact, since the beginning of the new 

millennium, there has even been an exponential growth in turbine size. One reason for this is

the fact that the initial small size turbines, around 20-60 kW, were not economically optimal;

small wind turbines in general implies higher costs per kW installed than large ones. Another 

reason is also the recognition that with lager wind turbine units, better land utilisation could 

be realised, something which also lowers the maintenance cost per kW installed (EWEA, 

2009). This implies that the expected sign on costs from increases in the scale is negative 

since the installation of larger wind turbines over time should contribute to cost decreases.  

Figure 5: Average size of wind turbines (kW) in Denmark, Germany, the United 
Kingdom, Spain, Sweden, France, Italy and the Netherlands, 1986-2008. Sources:
Henderson et al. (2001); BMT Consult (2005); IEA (1991-2008); and, Morthorst (2009).

Finally, Figure 6 illustrates the developments of public R&D expenditures targeting wind 

power in the eight European countries (in US$ thousands). As can be seen, Italy peaked its 

public R&D expenditures on wind power in the early 1990s. Germany invested a quite lot in 

the mid-1990s and then again at the end of the studied period. UK invested more in wind 

power R&D by the end of the time period. Other countries are all investing lower amounts, 

with no periods of major initiatives. These national R&D expenditures add to the R&D-based 

knowledge stock defined above. The assumption regarding the geographical domain of the 

R&D-based knowledge stock is that this is European, thus implying that there are spillovers 
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in the wind power industry across the European countries. Even if the national R&D 

expenditures fluctuate over time, they still contribute to a relatively stable and positively 

growing European knowledge stock.  

Figure 6: Public research and development expenditures for wind power in Denmark, 
Germany, the United Kingdom, Spain, Sweden, France, Italy and the Netherlands
(thousands of US$, 2012 prices), 1986-2008. Sources: IEA (2014). 

3.2 Different Learning Curve Specifications

The different specifications of the learning curve models to be compared empirically are 

presented in table 2. Models I-IV all build on the learning curve concept introduced in section 

2.

Table 2: Econometric Specifications of Wind Power Learning Curves 

Model Estimated learning models

I ntttntnt TCCGDCCGCCNC 420023210 lnlnlnln

II nttttntnt TKCCGDCCGCCNC 4420023210 lnlnlnlnln

III nttnttntnt TQCCGDCCGCCNC 4420023210 lnlnlnlnln

IV nttntttntnt TQKCCGDCCGCCNC 45420023210 lnlnlnlnlnln
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Models I-IV differ from most prior research by considering both global and national learning 

in combination. In line with Langniß and Neij (2004) and Ek and Söderholm (2008), 

considering both national and global capacity in combination is of interest since the 

investment costs for wind power include both a national and an international component.

When the cumulative capacity increases and doubles at the national level from, for example, 

50 MW to 100 MW, this does not necessarily have an equally large effect on costs compared 

to the case where the cumulative capacity doubles on a global scale from, for example, 15 000 

MW to 30 000 MW. Hence, in all four models both national and global cumulative capacities

are used.  

Furthermore, all four learning models have been extended by including an interaction 

variable, 2002CCGD , to test the null hypothesis that marginal increases in the global 

cumulative capacity have equal effects on cost development in the time periods 1986-2001 

and 2002-2008, respectively.

For the individual country, the state of R&D-based knowledge at the European level 

might be of importance for achieving costs reductions. Models II and IV have been extended 

to incorporate the European R&D-based stock of knowledge. In models III and IV the 

learning curves are also extended by adding scale effects. Moreover, in all four specifications 

of learning curve models a simple time trend has been included to control for the possible 

presence of exogenous technological change.   

3.3 Econometric Issues 

Before estimating the different learning models, a number of important econometric issues 

should be considered. First of all, it is reasonable to assume that all learning equations have a

specific additive error structure, e.g., nt in model I ( nt in model II, nt in model III, and 

nt in model IV). Then one can decompose each of the error terms into two components. For 

instance, in model I we have:  

ntnnt           (5)  

where n are the country-specific effects, while nt are the reminder stochastic disturbance 

terms. The country-specific errors can be interpreted as unobserved fundamental differences 

in wind power costs across the five European countries that can be assumed to be fixed over 

time. These fixed effects might include geographical differences such as wind conditions 
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and/or institutional variations, including ownership patterns and planning and permitting 

constraints. By employing this approach we can eliminate the country-specific components by 

introducing different intercepts for the different 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). This 

also implies that the estimates are based only on within-country variations, i.e., on time series 

variations, something that is appropriate for learning curve analysis. The remaining error 

terms are assumed to be normally distributed with zero mean and constant variance.  

Another important econometric issue to consider is to test for the possible existence of 

unit roots in the panel data. The use of OLS relies on the stochastic process being stationary. 

When the stochastic process is non-stationary, the use of OLS can produce invalid estimates.

A unit root is a feature of processes that evolve through time that can cause problems in 

statistical inference. Since the data set used represent an unbalanced panel the Im-Pesaran-

Shin test has been used (Baltagi, 2008; Im et al., 2003). This tests the null hypothesis that all 

the panels contain unit roots. Given that the null hypothesis is not rejected (and all panels 

contain unit roots), they are non-stationary. If this hypothesis is rejected, one can use OLS.

First, a Persian’s test of cross sectional independence is carried out, which indicated 

dependence between the cross sections. The Im-Pesaran-Shin tests for all tested variables, 

average investment cost, and cumulative capacities showed that we can reject the null 

hypothesis that the panels contain unit-roots (since all reported t-statistics are much lower 

than the critical values). This suggests that the use of OLS is applicable (see Appendix A for 

detailed results).       

Another potential problem might arise in view of the fact that the cumulative capacity 

variable could be endogenous. 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 national cumulative capacity in all learning equations, statistically 

significant support for endogeneity was found. In order to address this, instrumental variables 

were identified and used. These instrumental variables include the natural logarithms of the 

national knowledge stock, the European knowledge stock, steel price and turbine size.

Furthermore, it could also be reasonable to consider other explanatory variables to be 

endogenous as well. The R&D-based knowledge stock might also be considered to be 

endogenous since investments in public R&D may in turn be affected by the maturity (and 

hence cost) of the technology (e.g., Ek and Söderholm, 2010). However, when the Hausman 
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specification test was performed for the R&D-based knowledge stock in the learning 

equations that included this variable, no statistically significant support for endogeneity could 

be found.  

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). The null hypothesis

of no serial correlation was rejected in all learning equations, and consequently, all models 

have been estimated after having corrected for autocorrelation applying the Cochrane-Orcutt 

procedure. All econometric analysis was performed using the statistical software Limdep. 

4. Empirical Results 

The estimation results for the different learning curve models are presented in table 3,

together with calculated learning-by-doing rates (LR) and, where appropriate, learning-by-

searching rates (LSR), and returns-to-scale effects. Regarding the estimated global learning-

by-doing rates, these are divided into two separate time periods, 1986-2001 and 2002-2008, 

with respect to the test whether an equal one percent increase in the global cumulative 

capacity has had a different impact on the investment cost during the two time periods.  

The results show that the estimated learning-by-doing rates vary considerably across the 

four different model specifications. When comparing models I, II, III, and IV, it also becomes 

obvious, though, that the estimated learning-by-doing rate stemming from national capacity is 

substantially lower than the corresponding global learning-by-doing rate. The estimated 

national learning-by-doing rates from models I, II, III, and IV are 6.8, -3.7, 9.7 and 0, 

respectively, while the corresponding global rates are 28.2, 36.3, 28.3 and 35.5 in the time 

period 1986-2001, and 27.7, 35.1, 27.5, and 34.2 in the period 2002-2008. However, the 

national learning-by-doing rate is only statistically significant in model III, while the global 

learning-by-doing rate is statistically significant (at the five percent level) in models II and IV.

Overall therefore, the empirical results indicate that international learning spillovers are 

relatively important determinants of investment costs the European wind power industry, and 

exert a greater influence on these costs compared to national learning.  
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Table 3: Parameter Estimates for the Learning Curves

Coefficient
(p-value)

Model I Model II Model III Model IV

nti CCNln -0.102
(0.205)

0.053
(0.522)

-0.148*        
(0.058)

-0.003        
(0.972)

ti CCGln -0.478
(0.141)

-0.652**
(0.034)

-0.481
(0.123)

-0.633**
(0.034)

2002lnCCGDi
0.008

(0.282)
0.017**
(0.017)

0.012
(0.106)

0.019***        
(0.007)

ti Kln -4.386***
(0.000)

-3.853***        
(0.000)

nti Qln -0.468***        
(0.001)

-0.371***       
(0.004)

tiT 0.160**
(0.045)

0.271***
(0.000)

0.233***
(0.004)

0.316***
(0.000)

Denmark 9.999*** 70.415*** 12.294*** 64.895***

Germany 10.113*** 70.413*** 12.524*** 64.999***

United Kingdom 10.304*** 70.794*** 12.668*** 65.319***

Spain 10.002*** 70.549*** 12.187*** 64.926***

Sweden 10.028*** 70.577*** 12.294*** 65.017***

France 9.822*** 70.707*** 11.999*** 65.036***

Italy 10.207*** 70.655*** 12.515*** 65.141***

Netherlands 10.143*** 70.570*** 12.457*** 65.063***

National LR (%) 6.8 -3.7 9.7 0 

Global LR (%)
1986-2001

28.2 36.3 28.3 35.5

Global LR (%)
2002-2008

27.7 35.1 27.5 34.2

LSR (%) 95.2 93.1

Scale effect 1.88 1.59

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

Nonetheless, the choice of geographical scope of learning appears to be of importance. For 

instance, between 1991 and 2008, the installed cumulative capacity in Spain doubled more 

than eleven times, as it increased from 5 MW to 16689 MW. In the United Kingdom the 

installed cumulative capacity doubled a bit more than nine times as it increased from 4 MW to 

3161 MW during the same time period. At the same time the global cumulative installed 
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capacity doubled less than six times as it increased from 2170 MW to 120624 MW (EPI, 

2010). A doubling of capacity at national level generates a much smaller increase in absolute 

terms, than a doubling of capacity globally. This may partly explain why national learning-by-

doing rates are lower. Thus, these results indicate that the choice of the geographical scope of 

capacity expansion is of importance when estimating learning rates, and also when comparing 

estimated learning rates from different learning curve studies (see also Lindman and 

Söderholm, 2012). 

Moreover, the results from the introduction of the slope dummy variable for the global 

cumulative capacity variable in the time period 2002-2008 indicate that a given marginal

increase in the global cumulative capacity implied a slightly lower learning rate during the 

2002-2008 time period compared to the corresponding rate for the earlier period. Specifically, 

the learning-by-doing rates resulting from models I, II, III, and IV are, respectively, 0.5, 1.2,

0.8, and 1.3 percentage points lower in 2002-2008, compared to the estimates for the period 

1986-2001.  

The installed wind power capacity has grown considerably, both at the global level as 

well as at the national levels. At the same time, the share of installed European wind power 

capacity out of total installed world capacity dropped significantly after 2001. In accordance 

with expectations, as the wind power development has increasingly taken place outside 

Europe, the international learning spillovers to European countries appear to be less profound

and the learning effects have become lower as a result.3 However, the economic significance 

of this impact is not big as the global learning rates are only marginally lower in the 2000s 

and onwards compared to the earlier period.  

Models II and IV, respectively, were extended to incorporate a European R&D-based 

knowledge stock directed towards wind power. The coefficient representing this knowledge 

stock is found to be negative in both these models. Hence, as expected, investments in public 

R&D to wind power have contributed to cost decreases, and this effect is also statistically 

significant in both models. In models III and IV, the learning curve model is also extended 

through the inclusion of scale effects. The returns-to-scale effect is negative, and statistically 

significant. This is also the expected outcome since the installation of larger wind turbines 

over time should contribute to cost decreases following positive returns-to-scale. 

3 In our estimations the impact of changes in the world market prices for steel on wind power costs was also 
tested. However, this variable did not have any statistically significant impact on the average investment cost for 
European wind power.  
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Following Nordhaus’s critique (2014), it is difficult to separate learning effects from 

exogenous technological change, and this problem is valid also in our empirical context. For

example, we can see that when the variable measuring scale effects is added, the national 

learning effect in model III becomes statistically significant. A plausible explanation, which 

also supports the Nordhaus critique, is that the covariances between the knowledge stock, the 

scale effect and the time trend are high. The correlation coefficient ranges between 80 and 90 

percent in all cases. Therefore, it is not easy to separate the different effects as the variation of 

one of these variables is implicit in the variation of the other variables.  

However, all four specifications of learning curve models have also been extended to 

incorporate a simple time trend. This has been done in order to test if the estimated learning 

coefficients actually are picking up some exogenous technological change. According to the 

results, even though a time trend is added, in itself indicating a positive and statistically 

significant effect on wind power investment costs, the global learning-by-doing rates remain

statistically significant. 

A simple sensitivity analysis is also performed, testing the impact on the results 

following the use of a 6 and 10 percent discount rate in the construction of the knowledge 

stock. The results from this test are reported in Appendix B, and show that overall the model 

estimates do not change much when a 6 percent discount rate is used; all (except one) 

parameter estimate becomes slightly lower than in the case with a 3 percent discount rate. The 

exception is the knowledge stock coefficient, which decreases substantially more than the 

other coefficients. The results also show that the model estimates change more when a 10 

percent discount rate is employed. Most coefficients then become statistically insignificant, 

thus implying that the results are indeed sensitive to changes in the discount rates at such high 

levels. 

Finally, the interpretations of the country dummy variables for the different learning 

equations are of limited empirical interest. However, technically they show the differences in 

wind power investment costs across countries for the case when cumulative capacities and the 

average size of wind turbine installed are equal across all included countries. As was 

mentioned earlier, these differences are likely to come from cross-country variations in, for 

instance, wind conditions and/or differences in the countries’ institutional arrangements. 
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5. Concluding Remarks
This paper has analyzed the choice of model specification in learning curve analyses of wind 

power costs. Special attention has been devoted to the question of the choice of national or 

global cumulative capacity to address learning effects, and to the inclusion of additional 

variables such as R&D, scale effects, as well as a simple time trend in the learning curve 

models. In order to illustrate the importance of these methodological choices, a data set of 

pooled annual time series data over eight European countries: Denmark (1986-2008), France 

(1991-2008), Germany (1990-2008), Italy (1991-2008), the Netherlands (1991-2008), Spain 

(1990-2008), Sweden (1991-2008), and the United Kingdom (1991-2008) – was used. 

The empirical results indicate that the choice of the geographical scope of learning is of

profound importance when estimating learning rates; the estimated learning-by-doing rates 

are substantially higher if one uses a global capacity variable compared to national cumulative 

capacities. The use of extended learning curve concepts, thus integrating either scale effects or 

R&D (or both) into the analysis also adds to our understanding of investment cost 

developments. These variables have a significant negative effect on costs, and have

contributed to cost decreases over time. In sum, these results illustrate that the empirical 

estimates of learning rates may differ significantly across different model specifications even 

though the same dataset is used. The choice of cumulative capacity measures and the 

inclusion of other variables such as R&D, returns-to-scale and a time trend are of great 

importance for the results.

Given the importance of the choice of model specification, further research in this 

specific area is essential; overall this calls for more detailed studies of learning curves in 

different renewable energy fields. For example, it would be interesting to investigate whether 

learning rates for other renewable energy sources are equally sensitive to the choice of model 

specifications. If important differences across various renewable energy sources can be 

detected, what does then cause these?
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Appendix A

Im-Pesarian-Shin unit-root test for average investment cost

H0: All Panels contains unit roots 
Ha: Some panels are stationary

AR parameter: Panel-specific
Panel means: Included
Time trend: Not included

ADF regressions: No lags included

Number of panels                    = 8
Avg. number of periods          = 18.88 

Asymptotics: 
sequentially

Cross-sectional means removed      

t-bar
t-tilde-bar
z-t-tilde-bar

Statistic

-2.8323 
-2.3309 
-3.5038

p-value 

0.0002

Fixed-N critical values
1%                5%               10% 

(Not available) 

Im-Pesarian-Shin unit-root test for global capacity

H0: All Panels contains unit roots 
Ha: Some panels are stationary

AR parameter: Panel-specific
Panel means: Included
Time trend: Not included

ADF regressions: No lags included

Number of panels                    = 8
Avg. number of periods          = 18.88 

Asymptotics: 
sequentially

Cross-sectional means removed      

t-bar
t-tilde-bar
z-t-tilde-bar

Statistic

-3.7302 
-2.2378 
-3.1595

p-value 

0.0008

Fixed-N critical values
1%                5%               10% 

(Not available) 
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Appendix B 

Parameter Estimates for the Learning Curves with a 6 percent Depreciation Rate

Coefficient
(p-value)

Model II Model IV

nti CCNln -0.016        
(0.822) 

-0.071        
(0.381) 

ti CCGln -0.566*
(0.074) 

-0.558*
(0.068) 

2002lnCCGDi
0.015**
(0.048) 

0.018**        
(0.018) 

nti Kln -2.684***
(0.004) 

-2.361***
(0.008) 

nti Qln -0.430***
(0.001) 

nti Tln 0.194**
(0.013)

0.257***
(0.001)

National LR (%) 1.3 4.8

Global LR (%) 32.5 32.1

LSR (%) 84.4 80.5

Scale effect 1.75

Denmark 46.574*** 44.264***

Germany 46.634*** 44.439***

The United Kingdom 46.927*** 44.677***

Spain 46.654*** 44.237***

Sweden 46.682*** 44.338***

France 46.657*** 44.211***

Italy 46.807*** 44.509***

The Netherlands 46.732*** 44.440***

*, ** and *** indicate statistical significance at the 10, 5 and 1 percent levels, respectively.
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Parameter Estimates for the Learning Curves with a 10 percent Depreciation Rate

Coefficient
(p-value)

Model II Model IV

nti CCNln -0.090        
(0.271) 

-0.136*        
(0.089) 

ti CCGln -0.489
(0.133) 

-0.492
(0.115) 

2002lnCCGDi
0.010        

(0.212) 
0.014*        
(0.076) 

nti Kln -0.540        
(0.478) 

-0.562        
(0.440) 

nti Qln -0.469***
(0.005) 

nti Tln 0.161**
(0.045)

0.234***
(0,004)

National LR (%) 6.1 9.0

Global LR (%) 28.8 28.9

LSR (%) 31.2 32.3

Scale effect 1.88

Denmark 17.221 19.821

Germany 17.332 20.049

The United Kingdom 17.538 20.207

Spain 17.238 19.730

Sweden 17.266 19.837

France 17.085 19.569

Italy 17.437 20.051

The Netherlands 17.372 19.992

*, ** and *** indicate statistical significance at the 10, 5 and 1 percent levels, respectively.
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Abstract
This paper examines the impacts of different types of public policies on innovation in the 
wind energy sector. The analysis is conducted using patent counts data on a panel of four 
western European countries over the time period 1977-2009. The contribution of the paper 
lies primarily in its empirical efforts to address the innovation impacts of public R&D support 
and feed-in tariff schemes, respectively, including tests of different model specifications and 
important policy interaction effects. The results indicate that both increased public R&D 
support and higher feed-in tariffs positively affect patenting outcomes in the wind power 
sector. The (marginal) impact on innovation of increases in feed-tariffs has also become more 
profound as the wind power technology has matured. There is also some evidence of policy 
interaction effects in that the impact of public R&D support is greater at the margin if it is 
accompanied by the use of feed-in tariff schemes for wind power. This result supports the 
notion that technological innovation requires both R&D and learning-by-doing, and for this 
reason public R&D programs should typically not be designed in isolation from practical 
applications.  
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1. Introduction
Technological progress in renewable energy technologies such as wind and solar power is 

commonly viewed as key in the process towards a more sustainable and less carbon intensive 

energy use. At present the generation shares of renewable energy sources, although increasing 

over time, remain limited. Given the implementation of efficient technology support policies

these shares can however increase substantially over time even if the current production costs 

of most renewable energy technologies are relatively high. An important policy criterion for 

choosing and designing these types of policy schemes, including tradable renewable energy 

certificates, feed-in tariffs, and public R&D support, is therefore the extent to which they spur 

technological innovation and thus stimulate further cost reductions for the renewable energy 

sources.

For the above reasons, the effectiveness of different public policies in encouraging 

innovation in renewable energy technologies needs to be examined empirically in more detail, 

and in this paper we investigate the impact of different types of renewable energy policies on 

innovation in the wind power sector measured through patent activity. The research on policy-

induced innovation is a growing field. Some of it has been based on qualitative or theoretical 

analysis (e.g., Menanteau et al., 2003; Foxon et al., 2005), but recently several quantitative 

studies have also been published (e.g., Johnstone et al., 2010; Verdolini and Galeotti, 2011; 

Noailly and Smeets, 2012; Peters et al., 2012; and Nesta et al., 2014). Much of this work, 

though, employs aggregate data for the renewable energy technology sector; they therefore 

tend to downplay the heterogeneous nature of different renewable energy sources (e.g., some 

being more mature than others), in turn leading to differential policy impacts across various 

types of technologies. One important exception is Johnstone et al. (2010), which investigated 

the differential relationships between renewable energy policies and innovation (patent appli-

cation counts) for a panel of countries.  

The present paper draws on this previous work, but it also develops the analysis in at 

least two ways. First, in contrast to Johnstone et al. (2010) and other similar work, we provide 

a more in-depth assessment of the role of public R&D support by testing alternative ways of 

operationalizing this time policy taking into account time lags, structural changes in policy 

impacts as well as international R&D spillovers. Second, we test for the presence of important 

policy interaction effects. Innovation may be induced both through basic knowledge genera-

tion following public R&D support, but also through different learning processes such as tacit 
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knowledge acquired during manufacturing and/or use of the technology (e.g., del Rio and 

Bleda, 2012). The latter will, for instance, be induced by the implementation of a feed-in tariff 

(FIT) scheme. A FIT scheme is a price-based support in which the producers of renewable 

electricity such as wind power sell at a pre-set (guaranteed) price per kWh generated over a 

given time period; this support will promote renewable energy technology diffusion and 

therefore also learning.1 The technological development process is however strongly charac-

terized by iterations between learning and R&D, e.g., learning from production and use of the 

technology may raise the rate-of-return on basic R&D. For this reason our empirical analysis 

contains a test of the hypothesis that the marginal impact of public R&D on wind power 

patenting activity will depend on the simultaneous implementation of a FIT scheme.  

Following the above, the specific purpose of this paper is to investigate the impacts of 

various types of renewable energy support policies on innovation in wind power technology. 

The empirical analysis builds on a panel data set of four European countries (Denmark, 

Germany, Spain and Sweden) over the time period 1977-2009. We specify a number of 

reduced-form negative binomial (NB) regression models in which the dependent variable, 

patent application counts, is explained by the stringency of the different renewable energy 

policies (i.e., public R&D and FIT schemes), their interaction as well as a selection of control 

variables (e.g., the general propensity to patent).  

The choice of wind power is motivated by the fact that it represents a key energy supply 

technology in complying with existing and future climate policy targets, and there exists a

wide variation of public policies used worldwide to encourage the development of wind 

power technology. There are also important variations over time with a strong presence of 

public R&D to wind power in the 1980s coupled with a more recent implementation of price 

support schemes in the 1990s and onwards. This provides an opportunity to test for the 

importance of policy interaction.  

The paper proceeds as follows. In section 2 we discuss the use of patent application 

counts (our dependent variable) as an approximation of innovation, including some pros and 

cons of such an approach. Sections 3-4 present the relevant data sources and definitions, and 

introduce the different model specifications. In section 5 the empirical results are displayed

and discussed, while section 6 provides some concluding remarks. 
                                                           
1 Surprisingly, in the case of wind power Johnstone et al. (2010) report a negative statistical relationship between 
higher feed-in tariffs and wind power patent counts. The authors provide no explanation for this result, and refer 
to it as “unexpected”.
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2. Patent Counts and Innovation: The Case of Wind Power
Since innovation activities in themselves are hard to measure, it has become common practice 

to instead use; either inputs to or outputs of, innovation activities. The input proxies such as 

R&D expenditures are however, at best, only an imperfect indicator of a country’s innovative 

performance (Johnstone et al., 2010). For instance, the rate-of-return on R&D efforts may 

differ a lot across countries and over time. Patent counts are output measures of innovation, 

and their use builds on the assumption that on average a fixed proportion of all innovations is 

patented (e.g., Rübbelke and Weiss, 2011). Since patent counts measure the outcome of the 

technological development process, researchers have over the years increasingly relied on 

patent application counts as one the most important indicators of innovations (Johnstone et 

al., 2010; Griliches, 1990).

There are both advantages and disadvantages of using patents as proxies for innovative 

activities. One advantage is that patent applications often have a close link to inventions, and 

each document provides the researcher with detailed information regarding the applicant and 

the invention (OECD, 2009). In addition, patent data are easily accessible, discrete and can be 

sub-divided into different technological areas (Johnstone et al., 2010). One of the most 

apparent disadvantages is that not every invention is patented, although there are hardly any 

examples of economically important inventions that have not been patented (Dernis and 

Guellec, 2001). Another problem is that the value distribution of the patent data may be 

skewed; some patents have no industrial application while others are of high value (OECD, 

2009). Still, often a significant fee may be attached to the examination of a patent application, 

thus suggesting that at least the applicant judges the prospects for commercialization as 

favorable. Yet another problem might be the heterogeneous nature of the patents laws and 

practices around the world, and that the propensity to patent might differ between countries 

(Johnstone et al., 2010; OECD, 2009). Such differences can however be dealt with in the 

empirical investigation, e.g., through the use of a fixed effect model specification and the 

inclusion of variable measuring total patent counts across all technology fields.

Appropriate patents in a variety of technology areas can be identified by the use of the 

so-called International Patent Classification (IPC) codes, developed at the World Intellectual 

Property Organisation. Based upon a literature review of technology progresses in the area of 

wind power, we identified the following IPC codes that can be directly related to wind power

technology; the relevant codes include F03D 1, F03D 3, F03D 5, F03D 7, F03D 9 and F03D 
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11. Patent counts were collected for each classification using the OECD Patent Database, and 

only applications that were filed under the Patent Cooperation Treaty (PCT) were included. 

The patent counts, sorted by inventor country of residence and priority date, represent the 

dependent variable in the econometric model specifications. The reason for focusing on PCT 

data is that the alternative sources (e.g., applications filed to the European Patent Office 

(EPO)) tend to suffer from relatively long publication delays (Frietsch and Schmoch, 2010) 

and are biased towards European inventors (so-called home bias) (OECD, 2009).  

The empirical analysis is conducted using PCT patent data over application counts for a 

balanced panel of four European countries (Denmark, Germany, Spain and the Sweden) over 

the time period 1977-2009. The reason for not using data for more recent years is the time lag 

between patent applications and their publication, lags that however are shorter than for EPO 

data. Figure 1 displays the annual number of PCT applications related to wind power 

technology by country; this illustrates how the growth rates in wind power patenting activity

elevated markedly from the late 1990s and onwards, especially in Germany and Denmark.2

Wind power patenting has increased also in Spain and Sweden since the turn of the century, 

albeit from lower absolute levels. 

 
Figure 1: PCT counts with respect to wind power technology in Denmark, Germany, 
Spain and Sweden over the time period 1977-2009. Source: OECD (2014).

                                                           
2 One may note that wind power patenting activity in Germany was less intense in the mid-2000s, and then took 
off again after 2005. One reason for this temporal decline could be that the German government lowered the 
remuneration levels in the domestic wind power FIT scheme. Similar declines in support levels did not take 
place in the other three countries. 
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3. Independent Variables: Data Sources and Definitions
The empirical analysis in this paper builds on a number of econometric model specifications 

where wind power patenting activity in terms of application counts is a function of, most 

notably, public R&D support, FIT levels, the interaction between these two types of policy 

instruments as well as the general propensity to patent in the respective countries (see further 

section 4). In this section we present and discuss these independent variables. 

Table 1 summarizes the definitions of – and some descriptive statistics for – the vari-

ables that are included in the empirical analysis. Since differences in the general propensity to 

patent may affect variations in wind power patent counts across countries we include a control 

variable to address this. Specifically, a variable measuring the total patent count (across all 

technology areas) is included (TPCnt); these patents have also been sorted by inventor country

of residence and priority date.  

Table 1: Variable Definitions and Descriptive Statistics 

Variables Definitions Mean Std.Dev. Min Max

Dependent variable:

Patent counts (PCnt) PCT patent counts with respect to 
wind power technologies for a 
given country n and year t.

12 24 0 127

Independent variables: 

Total PCT (TPCnt) Total PCT applications filed over 
all patent categories attributed to a 
given country n and year t. 

2366 4354 0 18744

Feed-in tariff levels
(FITnt) 

Feed-in tariff levels in a given 
country n and year t in US cents 
per kWh (2012 prices).

7 8 0 38

Feed-in slope dummy
(FIT-Dt) 

FITnt multiplied by a dummy 
variable taking the value of one 
(1) for years after 2000 and zero 
otherwise. 

3 7 0 38

Domestic R&D 
expenditures (RDnt) 

Domestic public R&D expen-
ditures to wind power in 
thousands US$ (2012 prices) and 
with a two-year time lag. 

9869 9899 0 48597

European R&D 
expenditures (RDEt) 

European public R&D expen-
ditures to wind power in 
thousands US$ (2012 prices) and 
with a two-year time lag. 

66809 27083 526 124416

Domestic R&D and FIT 
scheme interaction 
(RD-Dnt) 

RDnt multiplied by a dummy 
variable taking the value of one 
(1) if FITnt>0 and zero otherwise.

6410 8722 0 46748
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The first policy variable to be included is FITnt, which reflects the total remuneration granted 

per unit of electricity generated with wind power. Specifically, this variable measures the 

support levels per kWh on an annual basis in US cents (2012 prices). Consumer price indexes

have been used to deflate these data (since no suitable producer price index could be found). 

The main sources for these feed-in tariff data are the IEA (2004, 2012a, 2012b), and a report 

by Cerveny and Resch (1998). Increases in the feed-in tariff levels will, we hypothesize, raise 

the rate-of-return on wind power development activities and should therefore (ceteris paribus) 

lead to an increased number of patents in the sector.3

In countries such as Denmark and Germany feed-in tariffs for wind power have been in 

place since the mid-1980s and the early 1990s, respectively. This implies that these policies 

were introduced at a time when wind power still was a relatively immature technology, but 

over time (in part due to the FIT schemes), the technology has improved its performance and 

experienced significant cost reductions. Since patenting activities typically are more intense in 

the case of relatively mature technologies that are close to industrial applications (Bettencourt 

et al., 2013), a given (marginal) increase in the feed-in tariff level may have had different 

impacts on the number of patent counts in the early 1990s compared to more recent periods. 

In order to test this notion we include an interactive slope dummy variable by multiplying

FITnt with a discrete dummy variable taking the value of one (1) for the time period after the 

year 2000 (and zero (0) otherwise). This cut-off year has been somewhat arbitrarily chosen, 

but it is largely motivated by the fact that around the turn of the century some European 

countries (e.g. Germany in 2000) introduced time-declining FIT levels in order to avoid over-

compensating wind power developers. The hypothesis is that with increased technological 

maturity the impact on patent counts following a given (marginal) increase in the FIT level 

will be more profound compared to the corresponding impact during the earlier development 

phases of wind power. We therefore expect this slope dummy coefficient to be positive.  

Moreover, we also address the impact of R&D policy by hypothesizing that wind power 

patenting activities will be influenced by public R&D expenditures to wind power (in US$ 

2012 prices). We also build on Klaassen et al. (2005) and assume that this variable will only 

affect patenting activity following a two-year lag, thus acknowledging that public R&D 

efforts will not instantaneously result in more patent applications. Moreover, the analysis tests 

                                                           
3 Sweden is included in the analysis although it has (since 2003) relied on a renewable energy certificate scheme 
to support renewable electricity such as wind power. This scheme has however offered a relatively stable price 
premium to wind power, and has induced substantial investment in wind mills all over the country. 
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for the impact of both domestic R&D support (RDnt) and the presence of international R&D 

spillovers in Europe (RDEt), the latter variable thus incorporating all annual public R&D 

expenditures to wind power in Europe. Thus, in some of the model specifications we assume 

that public wind power R&D in Europe is a public good, and will therefore influence the 

patenting activities in all four countries. All wind power R&D data have been drawn from the 

International Energy Agency’s energy R&D database, which collects annual public R&D 

expenditures in thousands USD (2012 prices) for a number of energy technologies. 

Figure 2 shows the development of public R&D expenditures to wind power (RDnt) over 

the time period 1977-2009 (with no time lag inserted in the figure). This shows that both 

Germany and Sweden invested relatively much in wind power R&D in the beginning of the 

time period following the oil crises in the 1970s. However, only Germany has retained a high 

support in absolute terms although with quite a lot of variation over time. Denmark has – in 

spite of its relatively small population – maintained a generous and consistently increasing 

support to wind power R&D during the period.  

Figure 2: Public research and development expenditures to wind power in Denmark, 
Germany, Spain and Sweden, 1977 to 2009 (thousands of US$, 2009 prices). Source:
OECD (2014). 

Finally, in order to address the potential interaction between public wind power R&D and the 

FIT schemes we also consider model specifications in which another slope dummy variable is 

included. Specifically, we multiply RDnt with a discrete dummy variables indicating whether 

or not a FIT scheme for wind power has been in place for each country and time period. As 



8

 

explained above, this type of specification can be used to test the null hypothesis that the 

impact of a marginal increase in public R&D support to wind power has had the same impact 

on patenting activity regardless of whether a FIT scheme has been in place or not. This inter-

action variable is denoted RD-Dnt. No corresponding interaction between European wind 

power R&D and the domestic FIT scheme is included.4

4. Econometric Issues and Model Specifications  
A total of eight model specifications are tested in the empirical analysis. The first model, and 

the building block for all of the remaining models, is specified as follows:

ntnxtnntntnt RDFITTPCPC )()()( ,321   (1)

where, n = 1,…,4 denotes the countries, t = 1977,…,2009 denotes the years, and x is the time 

lag attached to the domestic R&D variable. Country-specific dummy variables ( n) have been 

included in all model specifications to control for fixed effects attributed to unobserved 

factors that can be assumed to be fixed over time, such as regulatory framework, patent laws 

etc. All residual variation in the models is captured by the additive error terms (e.g., nt in the 

first model). All eight model specifications are summarized in Table 2. 

Given the count nature of the dependent variable, negative binomial and/or Poisson 

estimators should be used to estimate the models (e.g., Cameron and Trivedi, 1998; Maddala, 

1983; Hausman et al., 1984). The Poisson regression model is argued to be too restrictive for 

count data. For count data samples the variance typically exceeds the mean (i.e., there is over-

dispersion) and the traditional Poisson distribution, which is based on an assumption of equi-

dispersion (i.e., the mean and the variance are equal) will report non-correct standard errors. 

The descriptive statistics in Table 1 shows evidence of overdispersion, and this could also be 

confirmed using a Lagrange multiplier test. Accordingly, in this paper the negative binomial 

(NB) estimator is used.

                                                           
4 In some of the model specifications we also tested for the impact of coil sheet steel prices (in US$ 2012), which 
here proxy the cost of stainless steel used to produce wind power plants. Steel accounts for a significant share of 
the total wind turbine costs. When it comes to the material composition of the production of 1 MW, stainless 
steel stands for 72 percent and cast iron stands for another 15 percent (Willburn, 2011). During most of the 
1990s the steel price was stable around 200 US$ per tonne but after 2003 it started to increase rapidly, and
reaching above US$ 700 in 2005 (IRENA, 2012). However, the econometric analyses showed no statistically 
significant impact of these steel price movements on wind power patenting activity. 
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Table 2: Negative Binomial Model Specifications (PCnt the dependent variable)

I II III IV V VI VII VIII

FITnt FITnt FITnt FITnt FITnt FITnt FITnt FITnt

FIT-Dt FIT-Dt FIT-Dt FIT-Dt

RDnt RDnt RDnt RDnt RDnt RDnt RDnt RDnt

RDEt RDEt RDEt RDEt

RD-Dnt RD-Dnt RD-Dnt RD-Dnt

TPCnt TPCnt TPCnt TPCnt TPCnt TPCnt TPCnt TPCnt

Country 
dummies

Country 
dummies

Country 
dummies

Country 
dummies

Country 
dummies

Country 
dummies

Country 
dummies

Country 
dummies

There exist a variety of different negative binomial models, but the two most commonly used 

are the so-called NB1 and NB2 models (Cameron and Travedi, 1998). In line with Allison 

and Waterman (2002) we employ the latter, i.e., the unconditional negative binominal model.

This is done since a conditional fixed effect negative binomial model (NB1) is argued not to 

be a true fixed effects estimator. In their simulation experiment Allison and Waterman (2002) 

find that the unconditional negative binomial model (i.e., a NB2 model with dummy variables 

to address the fixed effects) to perform well, the results also come with downward biases in 

the standard error estimates. In order to correct for the potential bias in the standard error 

estimates the routine suggested by both Cameron and Travedi (1998) and Hilbe (2011) is

implemented and bootstrapped standard errors are estimated (with 200 iterations). Finally, the 

interpretation of the magnitude of the estimated coefficients of a NB model is not as straight-

forward as for an OLS estimator. In order to calculate the differential innovation effects of 

changes in any of the independent variables, we compute elasticities ( xPCE ) so that:5

jj xxPCE ˆ   (2)

which shows the percentage change in patent counts following a one percent change in any of 

the jx regressors (Cameron and Trivedi, 1998). 

                                                           
5 One alternative is to transform the estimated coefficients into so-called incidence rate ratios. With this approach 
the coefficients are formally understood as the difference between the logarithms of the expected counts (Hilbe, 
2011). The calculation of elasticities, though, avoids this log-counts interpretation.
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5. Empirical Results 
Table 3 reports the parameter estimates and the corresponding estimated elasticities (E) for 

the first four regression models, i.e., the ones not including the European wind power R&D 

expenditures. All of these are NB2 models with bootstrapped standard errors (p-values in 

parentheses), and country-specific fixed effects (with Germany as the reference category). In 

all of the four models the coefficients for the TPCnt variable are positive and statistically

significant at the one percent level, and the corresponding elasticity ranges between 0.35 and 

0.67. Overall this confirms the notion that the overall propensity to patent has constituted an 

important determinant of wind power patents in Europe.  

Table 3: Parameter Estimates for the Negative Binomial Regression Models I-IV 

Coefficients Model I Model II Model III Model IV

Constant -2.055***        
(0.001)

-1.650**        
(0.019)

-1.155**      
(0.019)

-0.942**       
(0.035)

FITnt 0.056***      
(0.000)
E: 0.40

0.042***        
(0.008)
E: 0.30

0.056***      
(0.000)
E: 0.40

0.049***        
(0.000)
E: 0.35

FIT-Dt 0.252***      
(0.000)
E: 0.76

0.249***        
(0.000)
E: 0.74

RDnt <0.001***        
(0.002)
E: 0.71

<0.001        
(0.102)
E: 0.38

<0.001***    
(0.010)
E: 0.40

<0.001        
(0.168)
E: 0.21

RD-Dnt <0.001**        
(0.026)
E: 0.47

<0.001        
(0.112)
E: 0.23

TPCnt <0.001***        
(0.000)
E: 0.67

<0.001***       
(0.000)
E: 0.51

<0.001***    
(0.000)
E: 0.43

<0.001***      
(0.000)
E: 0.35

Denmark 3.071***        
(0.000)

2.508***        
(0.000)

0.999*   
(0.056)

0.780*        
(0.100)

Spain 2.528***        
(0.000)

2.011***        
(0.002)

1.168**        
(0.021)

0.952**        
(0.037)

Sweden 1.830*** 
(0.001)

1.696***        
(0.004)

1.090**        
(0.014)

1.055***        
(0.009)

*, ** and *** indicate statistical significance at the 10, 5 and 1 percent levels, respectively. 
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Furthermore, the empirical results confirm that higher FIT levels appear to induce more 

intense patenting activities for wind power in the four European countries. All four FITnt

coefficients are positive and statistically significant at (at least) the five percent level. The 

estimated elasticities are relatively robust across the different model specifications; they range 

between 0.30 and 0.40. This suggests thus that a 10 percent increase in the FIT levels is 

generally associated with a 3-4 percent increase in wind power patent counts.  

These results also suggest that as countries have gradually introduced lower (and time-

declining) FIT levels for wind power generation; this should (ceteris paribus) lead to a lower 

number of patent counts. However, a countervailing force may also be in place. The reason 

for the lower FIT levels is not that governments’ interest in wind power has ceased, but rather 

that wind power technology has become more commercially attractive and it is therefore in 

less need of direct public support (Ek and Söderholm, 2010). Moreover, patenting rates

generally increase with higher technological maturity and market development (e.g., 

Bettencourt et al., 2013). For this reason one may expect a higher marginal impact of FIT 

level increases for periods of higher technological maturity. Our empirical results tend to 

confirm this notion (see the estimated FIT-Dt coefficients in models III-IV). While a ten 

percent increase in the FIT level suggests a 3-4 percent increase in patent counts in the time 

period 1977-2000, this impact more or less triples during the period 2001-2009. This impact

is also statistically significant at the one percent level, both in model III and in model IV. 

The results from models I and III suggest that (lagged) public R&D support to wind 

power (RDnt) has been an important determinant of patenting activity in this sector. Both 

coefficients are statistically significant at the one percent level. This result is however not 

robust to the choice of model specification. In models II and IV, we test the notion that there 

are interaction effects between public R&D expenditures and production support policies. 

Specifically, overall the results suggest that we can reject the null hypothesis of no interaction 

effect between public R&D to wind power and FIT schemes, respectively, although in model

IV this effect is statistically significant only at the 11 percent level. A marginal increase in the 

public R&D variable implies (ceteris paribus) a greater spur to patenting activity if a FIT 

scheme for wind power is present compared to the situation where no such scheme is in place.

Still, in none these two models (i.e., II and IV) we find any statistically significant evidence of 

a positive direct effect of public R&D on wind power patent counts. The results in model II 

and IV thus indicate that R&D support will only have a positive impact on patenting activity 
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in combination with a FIT scheme. The estimated elasticities suggest that in this case a ten 

percent increase in public R&D support will induce a roughly 2-4 percent increase in wind 

power patent counts.  

These results provide quantitative support for the argument made by, for instance, del 

Río and Bleda (2012) that complementing FIT schemes with public R&D support will 

promote innovation. Innovation requires both R&D and learning-by-doing and for this reason 

R&D programs should typically not be designed in isolation from practical applications (e.g., 

Arrow et al., 2009). The gradual diffusion of a certain technology can also reveal areas where 

additional R&D would be most productive. In the light of these results on policy interaction, 

it is worth noting that following the oil crises in the late 1970s most developed countries 

introduced substantial public R&D support for various renewable energy technologies 

(including wind power). Still, during the 1980s this support was typically not accompanied by 

explicit production support (e.g., FIT) schemes (Denmark being one exception). Our 

empirical results suggest that the strong sole focus on public R&D led to a lower wind power

innovation activity during this decade compared to the level of innovation that could have 

been achieved had FIT and R&D policies been in force simultaneously. 

Table 3 also displays statistically significant country dummy coefficients. This suggests 

that there exist important institutional and legal differences across the four countries that have 

an impact on wind power patenting behavior (although not explicitly included in the models).

Different patent laws and the overall innovation climate should be examples of this.  

Table 4 reports the parameter estimates from the NB models V-VII, in which we also 

test for the presence of international R&D spillovers in Europe. Specifically, the variable 

RDEt has been added to each of the first four models, and due to the assumed public good 

characteristics of public wind power R&D, this variable will have the same value for all four 

countries (in a given year). Although previous studies, such as Langniß and Neij (2004),

suggest that as wind power technology has become increasingly mature the scope of learning 

in turn has become more international,6 we find no statistical evidence of R&D spillovers on 

innovation among the European countries. This result should however be interpreted with 

care since the RDEt variable is relatively strongly correlated with some of the other indepen-

dent variables, most notably RDnt and TPCnt.  
                                                           
6 In a quantitative study Pettersson and Söderholm (2009) find that investment cost reductions in Swedish wind 
power during the 1990s and onwards can in large be related to public R&D spillovers from Denmark. A 
significant share of Swedish wind power projects has relied on Danish wind turbines (e.g., from Vestas). 
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Table 4: Parameter Estimates for the Negative Binomial Regression Models V-VII

Coefficient Model V Model VI Model VII Model VIII

Constant -2.146***        
(0.007)

-1.811**
(0.019)

-1.339**      
(0.012)

-1.182**       
(0.022)

FITnt 0.055***        
(0.001)
E: 0.39

0.039***        
(0.006)
E: 0.28

0.054***      
(0.000)
E: 0.39

0.045***        
(0.000)
E: 0.32

FIT-Dt 0.253***      
(0.000)
E: 0.76

0.250***        
(0.000)
E: 0.76

RDEnt <0.001        
(0.832)
E: 0.10

<0.001        
(0.613)
E: 0.21

<0.001        
(0.514)
E: 0.20

<0.001        
(0.340)
E: 0.30

RDnt <0.001***        
(0.003)
E: 0.71

<0.001        
(0.119)
E: 0.37

<0.001***    
(0.005)
E: 0.41

<0.001        
(0.260)
E: 0.19

RD-Dnt <0.001**        
(0.047)
E: 0.48

<0.001*        
(0.073)
E: 0.26

TPCnt <0.001***        
(0.000)
E: 0.68

<0.001***       
(0.000)
E: 0.51

<0.001***    
(0.000)
E: 0.43

<0.001***      
(0.000)
E: 0.34

Denmark 3.070***        
(0.000)

2.485***        
(0.000)

0.984**   
(0.047)

0.730        
(0.155)

Spain 2.520***        
(0.000)

1.973***        
(0.003)

1.150**        
(0.022)

0.894*        
(0.061)

Sweden 1.821***        
(0.001)

1.669***        
(0.003)

1.070**        
(0.016)

1.017**        
(0.012)

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

The parameter estimates in Table 4 also show that the other empirical results are very robust 

to the inclusion of the RDEt variable. These estimates are largely unaffected, and this con-

clusion is valid also for the estimated elasticities. 

6. Concluding Remarks  
This paper investigated the effect on wind power innovation of renewable energy policies and 

their interaction relying on a panel data set of four European countries over the time period 
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1977-2009. The empirical results appear relatively robust to alternative model specifications, 

and they indicate that: (a) price support to wind power generation through FIT schemes has 

induced a more intense wind power patenting activity; (b) the role of increases in the FIT 

levels tends to be particularly profound in periods of technological maturity; (c) public R&D 

support has also had significant impacts on innovation; and (d) policy interaction exists in that 

the innovation effect of public R&D support to wind power is greater at the margin if this 

support is accompanied by the use of a FIT scheme. However, the results also display that 

when accounting for this interaction effect, the direct impact of changes in public R&D 

support on patent counts becomes statistically insignificant. These somewhat inconclusive 

results could be due to the relative maturity of the wind power technology, and an increased 

role for private R&D efforts. In general private R&D efforts become more pronounced as a 

technology matures, while public R&D policy normally should encourage more risk-taking 

and exploratory R&D activities that are characterized by greater uncertainty in the distribution 

of project payoffs.  

Overall our results confirm the notion that innovation in the renewable energy field is 

endogenously determined, and induced by more or less targeted policy instruments. In the 

case of wind power the FIT schemes appear to play a particularly important role, both directly 

in terms of raising the rate-of-return on innovation activities in general and indirectly in terms 

of increasing the value of R&D programs etc. Based on this, though, one should be careful in 

drawing the normative conclusion that higher feed-in tariffs are generally preferable; generous 

production support to wind power also comes with an opportunity cost since such support will 

induce investments at high-cost sites (e.g., sites with poor wind conditions) and with perhaps 

little scope for learning and innovation (Söderholm and Klaassen, 2007).  

It should also be clear that a number of issues deserve increased attention in future 

research. Most notably, in this paper we have not addressed the differential effects of various 

types of production support schemes on wind power innovation, including also so-called 

renewable energy certificate (REC) schemes. Both the FIT and the REC schemes can be 

assumed to have positive innovation impacts, but in practice the two policies rely on different 

conceptions of what nurtures technology learning and innovation. In simple terms this boils 

down to the question of whether innovation is best nurtured by deliberatively making 

innovation vulnerable to competition from other technologies (e.g., Hommels et al., 2007), or 

whether it instead requires the targeted support of protected technological ‘niches’ (e.g., 
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Smith and Raven, 2012). In contrast to most REC schemes, which typically encourage direct 

competition among different types of renewable energy technologies, the FIT schemes 

provide fixed production support (per kWh) for selected technologies such as wind power, 

and thus a ‘nursing market’ in which the technology can develop without much direct 

competition from other (including renewable) energy sources. Moreover, our inability to fully 

resolve the issues of R&D spillovers on wind power patenting activity should also open the 

field for future research. 
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1. Introduction
Anticipated increases in global energy demand, following predictions and realizations of fast 

economic development and population growth in the developing world, may exacerbate 

environmental degradation (Suganthi and Samuel, 2012). In order to avoid the threat of 

climate 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 enough 

knowledge 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., 

Gillingham et 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 

developments over time and/or efficiency improvements (Löschel, 2002).  

Even if most economic and energy system models 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) technical change into energy system 

models and other impact assessment models, every so often with the purpose of analyzing 

explicitly the impact 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 

empirically quantified through the use of learning curves specifying the investment 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 invention step of 

technological change, where inventions often are approximated by the number (counts) of 

patents (granted or applied). For instance, Popp (2002) and Johnstone et al. (2010) used patent 
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count data to empirically investigate different aspects of public policies that drive 

technological development. Yet another set of studies focuses on the diffusion of new 

technology, where the gradual adoption of a technology 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 diffusion. 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 technological development steps 

by combining an innovation (learning) model and a technology diffusion model in the 

empirical context of European wind power. 

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 recognized as the foundations for 

the gradual development of new technology (Jaffe and Stavins, 1995). They should thus not 

be studied in isolation (see also Kline and Rosenberg, 1986), and in the paper we attempt to 

address important interactions and feedbacks among these.  

For example, technological innovation and diffusion 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 expansions will largely take place as a result of past cost reductions. Furthermore, 

unlike wind power output, innovations do not come out of the thin air. Instead they stem from 

the development of previous inventions 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 intention is 

to analyze such important interactions among the three major 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 
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cost per produced unit of wind-generated electricity (e.g., Lindman and Söderholm, 2012).

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, no previous attempts to assemble all three development steps in a

quantitative (econometric) setting have been made. In the present paper an invention-,

innovation-, and diffusion approach is taken, inspired by the innovation- and diffusion models 

by Söderholm and Klaassen (2007). The diffusion model is in turn a modified 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 

invention model which builds on the use of wind power patent counts.

The dataset, covering the time period 1991-2008, includes the eight countries1 in 

Western Europe where most inventors of wind power patents reside. There is a significant gap 

between these selected countries and other European nations, both in terms of granted patents 

and accumulated 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 identified in the literature. 

Firstly, it brings the three major steps of technological 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 technological 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.  

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 

presented in section 4. The paper ends in section 5 with some concluding remarks. 

                                                           
1 These countries include Denmark, France, Germany, Italy, the Netherlands, Spain, Sweden and the United 
Kingdom.
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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, innovation and diffusion.2 The concepts of invention and innovation are often

somewhat erroneously3 used synonymously today with the diffusion 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 combinations of existing knowledge. Most 

inventions are the result of novel applications of existing knowledge,” (Grant, 2002, p. 333). 

One illustration of this is the jet engine patented by Frank Whittle in 1930; which employs the 

old Newtonian principles of forces. From patent to civilian customer 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 commercialization 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 reductions are considered a product of an 

innovation process where existing knowledge put together can create more efficient use or 

production of existing technology. 

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 

typically a last step, utilization, but it is not part of the technological change process per se 

                                                           
2 The formalization of Schumpeter’s ideas into a sequential model arose later than Schumpeter’s seminal work 
with other economists patching together a formalized model. 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 does not necessarily induce innovation, 
but produces of itself ... no economically 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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(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 typically 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 technological change. In this paper patent

counts are used as proxies for inventions. 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 second model, the innovation model, is estimated using the concepts 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 capacity 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 investment costs, the prices of competing power 

generation technologies and the price support provided for wind generated-electricity. The 

empirically 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. A windmill is not built because it is cheap and efficient, 

                                                           
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. Inventions might be kept within 
the firm, 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 flawed measure (of 
innovative output) particularly since not 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 ten percent 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 approaches 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.” 
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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 endo-

genously 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 interest was a single 

product with a fixed start and stop date. However, in the wind energy case, the industry is 

developing over time with no certain endpoint, and therefore a system approach with 

feedback possibilities throughout the development process is called for (Schoen et al., 2005).  

Figure 1: The integrated technological development approach. 

We suggest that the three steps interact with each other as illustrated in figure 1, and possible 

feedback effects from different stages of the development 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. 



7

2.2 Invention Model Specifications

Inventions are here measured through the use of wind power patent counts. The count data 

method applied is in line with 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 equation (1), a typical production function (of patents) commonly encountered in 

the literature is presented

ntntntnt DRRESKPC &3210 (1)

where the dependent variable, ntPC , is a count of granted wind power patents in country n (n

= 1,…, N) for a given year t (t = 1,…, T), and where ntK is a patent-based knowledge stock in 

country n at time period t. This national knowledge stock consists of an accumulation of 

previously assembled wind 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 measure 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. ntRES  represents the number 

of researchers per capita, and this variable is included as a proxy for the human capital 

structure of the labour force that is considered an important input factor for economic growth 

(Romer, 1990). ntDR &  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 spending, Patent-based stocks have been used by, for 

instance Jungmittag (2004), Parks and Parks (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 stock is constructed using the so-called 

Perpetual Inventory Method (see also Ek and Söderholm, 2010), so that: 

)()1(1 xtntnnt PCKK (2)
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ntPC  represent the annual (granted) patent counts, x is the number of years before the new 

patents add to the knowledge stock, and is the annual depreciation rate of the knowledge 

stock ( 10 ). This formulation takes into account the notions that: (a) new patents do not 

have instantaneous effects on new inventions, they will lead to noticeable 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 percent is used. This is 

in line with Braun et al. (2010) and Griliches (1998). Moreover, Parks and Parks (2006) 

calculated the patent stock depreciation rate for 23 different industries, and found that the 

depreciation rate of technological knowledge was about 12-18 percent.  

A knowledge stock could also consist of an accumulation of previously assembled 

patents over time in the neighboring countries, which in our paper is denoted as the 

international knowledge stock ( ntIK ). The reason for including an international knowledge 

stock is that ideas and technology are believed to spill over across borders, especially 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 from which country it 

comes, thus meaning 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 knowledge production function concept. In 

model I, the national knowledge stock ( ntK ), the public wind power R&D expenditures

)&( ntDR , and the number of researchers per capita ( ntRES ) 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 

neighbouring countries have had an effect on invention behaviour in other countries. Since the 

national knowledge stock ( ntK ) is included in the same model as the international knowledge 

stock ( ntIK ), the latter excludes the additions of national patent counts. 

The presence of knowledge spillovers raises interesting policy implications, such as how 

governments should react if other countries underinvest in development efforts in order to free 

ride on their neighbours. The fact that several countries can take advantage of environmental 

technological development is of course good from an environmental point of view. However, 
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there is a risk of underinvestment in technology if countries find out that they can take 

advantage of other countries’ efforts without paying the full price.  

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

Model Estimated invention equation Comments

I ntntntntnt RESDRKPC 3210 & Base model with 
national variables.

II ntntntntntnt IKRESDRKPC 43210 & with international 
knowledge stock 
added to the base 
model.

III nt
F

ntntntntntnt PIKRESDRKPC 543210 & with international 
knowledge stock 
and feed-in tariff 
added to the base 
model.

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-offs firms face when deciding 

whether 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, nt , nt , and nt 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 industry, it can be written as: 

L
ntnt CCC 0 (3)
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where ntC represents the real engineering cost per unit (kW) of installing a windmill, i.e., all 

investment costs, and 0 is the corresponding cost at unit cumulative capacity. ntCC 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., no windmills are assumed to have been shut down during the given 

time period). By taking the logarithm of equation (3), a linear model is obtained. This model 

can be estimated econometrically and thereby an estimate of L is obtained. We have the 

following: 

ntLnt CCC lnlnln 0 (4)

The learning-by-doing rate (LBR) is then defined as L21  and it shows the percentage 

change (decrease usually) in cost for each doubling 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 percent from its previous level (Goff, 2006; Ek and Söderholm, 2010).  

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 explanatory variable for cost reductions (e.g., Durstewitz and 

Hoppe-Kilpper, 1999; Goff, 2006; Ibenholt, 2002; Klaassen, 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 period 

to be sufficiently present, it would be justified to use the global cumulative installed capacity 

as an explanatory variable for cost reductions (e.g., Ek and Söderholm, 2010; Isoard and 

Soria, 2001; Jamsab, 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 component, it might be useful to consider global and national 

learning in combination (Ek and Söderholm, 2008). 

According to Langniß and Neij (2004), as the wind power technology is getting more 

mature, the scope for learning becomes more international. During the 1980s and to some 

extent the 1990s, wind power developed in a rather national and isolated context, but that is 

most certainly 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 
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conditions, and thus allowing learning to evolve primarily in a national context. For the above 

reasons a learning curve specification in which both global and national capacities are 

included can be formulated as:

ntLNtLGnt CCNCCGC lnlnlnln 0 (5)

Here tCCG represents the cumulative installed wind power capacity at the global level 

(minus national capacity), and ntCCN 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 

equations (4) and (5) have been extended to incorporate cumulative R&D expenses directed 

towards wind power, or (alternatively) 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, the patent-based knowledge 

stock, ntK . Following earlier formulations, for our purposes the two-factor learning curve can 

be written as:   

ntKntLnt KCCC lnlnlnln 0 (6)

where ntK is the patent-based knowledge stock. The learning-by-searching rate (LSR) is here 

defined as K21 and it shows the percentage change (decrease usually) in cost for each 

doubling of the patent-based knowledge stock.  

The specifications of the innovation models to be compared empirically are presented in 

Table 2. Innovation models IV-VII all build on the learning curve concept given in equations 

(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 production of a wind power plant, 

stainless steel accounts for 72 percent and cast iron accounts for another 15 percent, thus
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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 in wind power plants.  

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

Model Estimated innovation equation Comments

IV nt
S

nttnt PCCGLC lnlnln 210
with global 
capacity

V nt
S

nttntnt PCCGCCNC lnlnlnln 3210
with both national 
and international 
capacity

VI ntnt
S

nttnt KPCCGC lnlnlnln 3210
with global 
capacity and 
knowledge stock

VII nt
F

ntnt
S

nttnt PKPCCGC lnlnlnlnln 43210
with global 
capacity, 
knowledge stock 
and feed-in tariff

Models IV and V differ from each other with respect to the geographical scope of the 

cumulative capacity variable. In model IV global capacity ( tCCGL ) is used to explain cost 

reductions achieved from learning, while in model V both national ( ntCCN ) and global 

capacities ( tCCG ) are used. However, the global capacities differ between the two models. 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 

and Neij (2004) and Ek and Söderholm (2010) a distinction between models that only use 

national or global capacity, and a model that considers these two in combination, could be of 

interest since the investment cost for wind power include both a national and an international 

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 ( ntK ). Furthermore, by including feed-in tariffs ( F
ntP ) in 

model VII, we try to capture the following: a high feed-in tariff might promote wind energy 

                                                           
7 The wind turbine (which can be bought in the global market) constitutes about 70 to 80 percent of the total 
investment costs while the remaining 20 to 30 percent often can be ascribed to nation-specific costs (e.g., 
authorization, territorial planning activities, grid connection, foundation etc.).
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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 become less attractive.  

Finally, nt , nt , nt , and nt are the disturbance terms representing any unobserved 

influences on wind power 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 Klassen (2007) we rely on a modified version of the rational 

choice model outlined in Jaffe and Stavins (1995) when modelling 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, ntTB , can be written as: 

3

0

2

0

1
0 )(

T

t

rtG
nt

T

t

rtF
ntntnt dtePdtePCCTB (7)

where ntCC  is the level of total installed wind power capacity in country/region n (n = 1,…,N)

for a given year t (t = 1,…,T). F
ntP is the feed-in tariff for wind generated electricity in year t,

and G
ntP 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 simplification, we also assume static price 

expectations for both the feed-in tariff and the gas price. By including feed-in tariffs in the 

diffusion equation, 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 

electricity market, 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:  
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321
0 )&()()( ntntntnt DRCCCTC (8)

were ntC represents the real engineering cost per unit (kW) of installing a windmill, i.e., all 

investment costs. ntDR & 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 environmental 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 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 circumstances might 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 to wind 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 generous valuation of wind power projects.  

A windmill owner aiming at maximizing its profit of wind production will choose the 

level of wind power capacity at the point where the marginal benefits equal marginal costs. 

By differentiating equations (7) and (8) with respect to ntCC , we will obtain the following 

first-order condition for profit maximization:    

3211
10

3211
10 )&()()(*)()()(* ntntnt

G
nt

F
ntnt DRCCCPPCC (9)

After rearranging, the logarithmic form of equation (9) can be written as:  
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Equation (10) is the wind power diffusion equation, and the empirical specification of this

equation can be written as: 
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ntnt
G

nt
F

ntnt DRaCaPaPaaCC &lnlnlnlnln 43210 (12) 

The specifications of the diffusion models to be compared empirically 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 modelled to 

be explained by investment cost ( ntC ), natural gas prices ( G
ntP ), and feed-in tariffs ( F

ntP ) for 

wind-generated electricity. In model IX, the diffusion model is extended to include also public 

R&D expenses ( ntDR & ) on wind power, again as a proxy for other incentives provided by 

the political and legal system in each country.  

Table 3: Diffusion models with cumulative capacity as dependent variable

Model Estimated diffusion equation Comments

VIII nt
F

nt
G

ntntnt PPCCCN lnlnlnln 3210

IX ntnt
F

nt
G

ntntnt DRPPCCCN &lnlnlnlnln 43210
with R&D

X ntnt
F

nt
G

ntntnt SDPPCCCN lnlnlnlnln 43210
with an 
interactive 
slope dummy 

Finally, in model X the diffusion model is extended to incorporate an interactive slope 

dummy variable ( ntSD ). 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 the Netherlands (2001-

2008). Thus, the ntSD variable is constructed by multiplying the feed-in tariff variable by a 

dummy variable equalling one (1) for Sweden, the UK, and the Netherlands during the above-

mentioned time periods (and zero otherwise). The logic behind 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 competitive based 

feed-in tariff system (e.g., Menanteau et al., 2003; Meyer, 2003).  

Finally, nt , nt , and nt are the disturbance terms representing any unobserved 

influences on wind power diffusions. The disturbance terms are assumed to have a zero mean, 

a constant variance, and are independent and normally distributed (see further section 3.2). 
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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. Clearly, the years after 2008 would be 

interesting to study but the data availability on patent counts is limited for these more recent 

years. 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 labour 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) 

globally; (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 

natural gas prices (US$/mmbtu). All prices and costs have been deflated to 2012 prices using 

country-specific GDP deflators. Some descriptive statistics 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 priorities) by inventor country. Only patent 

applications filed under the Patent 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 date8, and were obtained from the OECD statistical 

database.

In the paper, we consider the importance of the geographical location of the inventor in 

preference to the formal applicant. This detail can be worth considering since the applicant 

can be a company registered in a different country than where the knowledge actually is 

produced (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. 

                                                           
8 Priority data refers to the date when the patent is filed, a similar invention filed afterwards will be given a later 
priority date. The priority date and the granting date can therefore be several years apart.
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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. 

31135 34257 2170 120624

Cumulative national wind 
capacity  

Cumulative national wind power 
capacity in MW. 

2280 4532 0 23826

Cumulative global wind 
capacity corrected for 
national capacity 

Cumulative global wind power 
capacity minus national capacity 
in MW. 

28854 32253 1757 119577

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

The dependent variable in the innovation models, wind power investment cost, represents 

averages of various real-life wind energy installations. 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 percent of the total (Langniß and Neij, 2004). The investment cost data were 
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obtained from International Energy Association’s (IEA) Wind Energy Annual Report (1991-

2008), De Noord et al. (2004), Wiser and Bolinger (2010), and the International Renewable 

Energy Agency’s (IRENA) Renewable Energy Technologies: Cost Analysis Series (2012) 

(see also Appendix B). The dependent variable in the diffusion models, cumulative 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).  

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 the Main Science 

Technology Indicators 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 innovation models. 

It is based on prices; however policy designs differ between 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). The main 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 per metric 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. 

Figures 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 Figure 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.
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Figure 2: Number of granted patents. Source: OECD (2014). 

Figure 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, German 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.  

Figure 3: Installed wind power capacity (MW) Source: EPI (2014). 
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Figure 4: Average investment cost, US$ per kW (2008 prices) Sources: IEA (1991-
2008); De Noord et al. (2004); Wiser and Bolinger. (2010); and, IRENA (2012). 

The wind power investment costs (US$ per kW) are displayed in Figure 4. From the 

beginning of the time period until around year 2000 the investments costs per kilowatt 

dropped by more than fifty percent in most of the countries. From 2005 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, 2005). Furthermore, in some of the countries it was reported that the low hanging 

fruits in terms of wind power sites had been taken, implying that the most accessible and 

easy-worked sites already had been developed and less favorable places therefore had to be 

used (IEA, 2008).  

3.2 Econometric Issues 

Before estimating the different invention, innovation and diffusion equations, a number of 

important econometric issues need to be considered. First of all, it is reasonable to assume that 

all equations have an additive error structure, e.g., nt  in model I ( nt in model II and nt  in 

model III etc.). Each of these error terms can be decomposed into two components. For 

instance, in model I we have:

ntnnt (13) 
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where n are the country-specific effects, while nt are the remaining stochastic disturbance 

terms. The country-specific errors can be interpreted as unobserved fundamental differences 

in wind power development 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 constant variance.  

In general, in count data the variance exceeds the mean (i.e., there is over-dispersion) 

and the traditional Poisson distribution, 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, especially 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 limiting 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 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 determined. In order to test for the presence of endogeneity, the 

Hausman specification test was employed (Hausman, 1978). When the Hausman specification 



22

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 

specifications, and consequently, all estimations have been corrected for autocorrelation 

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, innovation and diffusion 

model specifications are presented. The interpretations of the country dummy coefficients 

(see Appendix A), are of limited empirical interest; technically they show the differences in 

invention, 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 

specifications 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 
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is abandoned and the Negative Binominal regression approach is applied.9 The regression 

reveals what effects, positive or negative, a selected variable 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.

Table 5: Parameter Estimates for the Invention Equations

Coefficient
(p-value)

Model I Model II Model III

nti RES 0.309***
(0.001)

0.171*
(0.074)

0.173*  
(0.079)

nti DR & -0.011
(0.432)

-0.010
(0.417)

-0.009
(0.460)

nti K 0.014***
(0.003)

0.013***
(0.008)

0.013***
(0.010)

nti IK 0.005***
(0.004)

0.005**
(0.017)

F
nti P -0.002

(0.887)

Log-likelihood -219.826 -217.298 -217.288

Wald chi2 276.240 342.350 357.120

P> 0.000 0.000 0.000

N 144 144 144

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

The estimation results for model I indicate that the basic research infrastructure in the 

respective countries, here approximated by researchers per capita in the labor force ( ntRES ), 

has a positive and statistically significant effect on patent counts in all models. This result was 

expected; having more skilled researchers in the labor force should have a positive effect on 

the research output in the country. The governmental R&D expenditures on wind power 

)&( ntDR 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 ( ntK ). In model II, the national knowledge stock ( ntK ) and the international 

knowledge stock ( ntIK ) are tested in combination. Both variables are found to be statistically 

                                                           
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>5.41 indicating overdispersion. 
10 The ntDR & variable has been tested in several invention model specifications without any statistically 
significant results.
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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 ( F
ntP ) is a determinant of invention, but the regression results indicate 

no statistically significant 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, 

ranging from 0.364 to 0.434. This means that approximately 60 percent of the variance in the 

learning rate observations is left unexplained. Hence, a 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, 2008). The estimated learning-by-doing rates vary across the different innovation 

model specifications.  

Table 6: Parameter Estimates for the Innovation Equations

Coefficient
(p-value)

Model IV Model V Model VI Model VII 

ti CCGln -0.127***
(0.000)

-0.102***
(0.001)

-0.084***  
(0.004)

-0.080***  
(0.006)

nti CCNln -0.176
(0.329)

S
nti Pln 0.530***

(0.000)
0.521***
(0.000)

0.505***
(0.000)

0.513***
(0.000)

nti Kln -0.078**
(0.048)

-0.077**
(0.050)

F
nti Pln 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 percent levels, respectively.
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When comparing models IV, V, VI and VII, it becomes obvious that there exist global 

learning and that the international price of steel ( S
ntP ) also has been an important determinant 

of wind power investment costs. Models IV and V differ from each other with respect to the 

geographical scope of the cumulative capacity. In model IV global capacity ( tCCG ) is used to 

explain price reductions achieved from learning, while in model V both national ( ntCCN ) and 

global capacities )( tCCG  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 significant. Hence, for each doubling of 

global cumulative capacity, the results indicate cost reductions of 6.9 percent (in model V) 

and 8.4 percent (in model IV), respectively. The global learning-by-doing rate dominates the 

national learning effect, the latter indicating a rather low and also statistically insignificant 

learning rate at 1.2. 

In models VI and VII, the innovation model is extended by adding the patent-based 

knowledge stock ( ntK ). 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 percent. 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 ( F
ntP ). 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 instance, selecting low-cost sites). However, the feed-in tariff 

coefficient is not statistically significant, and the results of the other variables remain 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 impact on learning rates. One example is 

the scale effect, were we expect that a larger scale should contribute to cost decreases over 

time following increasing returns to scale. However, a possible explanation for our results can 

be found in the Nordhaus critique (2014) of learning models, thus noting that it is difficult to 

separate learning effects from exogenous technological change. Consequently, as a result of 

the methodological difficulty, it is problematic to separate the true learning parameter from its 

complicated relationship with the other exogenous coefficients that it is intertwined with.
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The parameter estimates for the different diffusion model specifications 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 estimate 

from our study is lower than that in, for example, the Söderholm and Klaassen (2007) article. 

Their study reported an investment cost estimate of -13.9 compared to our in the range of -2.5. 

Still, as showed in Figure 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 positive sign of the estimated 

impact of feed-in tariffs is also in line with our expectations. Hence, an increase in the feed-in 

tariffs leads to the installment of more wind power capacity, and also this result is statistically 

significant in all three diffusion models.

Table 7: Parameter Estimates for the Diffusion Equations

Coefficient
(p-value)

Model VIII Model IX Model X

nti Cln -2.470***
(0.000)

-2.517***
(0.000)

-2.461***  
(0.000)

G
nti Pln 3.019***

(0.000)
3.000***
(0.000)

3.026***
(0.000)

F
nti Pln 0.259**

(0.040)
0.252**
(0.048)

0.285*
(0.054)

nti DR &ln 0.090
(0.518)

nti SDln -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 percent levels, respectively.

In model IX, the diffusion model is extended to include public R&D expenses ( ntDR & ) on 

wind power as a proxy for the obstacles and incentives that are provided by the political and 
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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, in model X the diffusion model is extended to incorporate an interactive slope 

dummy variable ( ntSD ) testing for the presence of heterogeneous 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 respective 

time period) were less effective in promoting wind power diffusion 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 from point A to 

point B; it is rather a process where 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 Figure 1 has 

empirical relevance, and it supports a move away from the linear view on technological 

development.  

Attention has been paid to public policies that aim at increasing the role of wind power 

in the energy system. We have looked at some policy 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 different 

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 production 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 
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companies. Public money sometimes comes with demands of openness regarding the research 

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 technology 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 export thousands of 

units to other countries. There were clear signs of international knowledge spillovers in 

models II-III. For the future of wind power this is a positive result when more countries start 

to import wind 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’ efforts. 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 important when 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 percent. The results from our innovation 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 

accomplishments; (b) new investments in patent-generating activities, which allows producers 

to test new production processes; and (c) the presence of relatively low steel prices in the 

international market.
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5. Concluding Remarks
A lot can be learned by only looking at one development step of technological change, which 

many earlier quantitative papers have done previously. As shown in this paper, some policies 

related to wind power do not lead the development process forward in some stages of 

technological development, but do have important effects on other stages. Hence, a failure to 

produce results in one stage does not mean that it is not taking society closer to the end goal. 

Therefore, it will be misleading not to view technological development as a system with 

interdependent parts. In this paper we applied an invention-innovation–diffusion framework, 

which was estimated using a panel data set covering eight significant 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.  

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. The results suggest that a number of factors are important in determining 

innovation. 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 results 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 reduced, since the gains from producing a new 

construction becomes less grand. Our results show that the system approach is important 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.

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. For instance, there could be other relevant interactions between the different stages 

that we have not addressed. For example, due to limited data availability, only public R&D 

expenditures directed towards wind power are used. Private R&D expenditures might be more

important to the technological development process than public R&D, since private R&D 

activities could be argued to be more applied and are associated with shorter time lags. 
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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 percent 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 percent level.
. 
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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 percent level.
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Appendix B 

Investment costs (US$ per kW, 2012 prices).  

Sources: IEA (1991-2008); De Noord et al. (2004); Wiser and Bolinger. (2010); and, IRENA 
(2012). 

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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