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Abstract

This thesis consists of an introductory part and three self-contained papers, all related to the 
issue of promoting renewable energy sources. Paper I presents the results from a hypothetical 
market experiment of Swedish students’ stated willingness to purchase emission allowances 
for carbon dioxide within the European emissions trading system. 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 keeping a 
self-image as a responsible and thus norm-compliant person. 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 affect individual norms and ultimately expressed 
behaviour. Norms are also largely activated by problem awareness and the individual’s 
perception of her ability to contribute to solving the problem. In paper II we 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 this 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 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 so-called single-factor learning curve studies. Finally, 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 paid to the question of the choice of national or global learning 
(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 to compare the results from different types of model specifications. The 
empirical results support the notion that the estimates of learning-by-doing rates may differ 
across different model specifications. In our data set the presence of global learning for wind 
power appears more important than that of national learning, but the estimates of the (global) 
learning rate are only marginally influenced by the introduction of R&D and scale effects. 
The results also show, though, that the impact of cumulative capacity on wind power costs 
appears to be very sensitive to the inclusion of a time trend in the traditional learning curve 
model.
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Preface

1. Introduction 

The degradation of the environment might be expected whenever many individuals jointly use 

a scarce resource. Shrinking natural resources, air pollution, water depletion or the presence 

of the greenhouse effect are all environmental problems, affected by people’s consumption or 

behavior in one way or another. Thereof is it important to keep in mind that different private 

consumption patterns produce different levels of environmental damage as well as natural 

resource depletion (Nyborg, 2003). Given the need to limit and thereby avoid one of those 

environmental problems, namely the greenhouse effect, this general problem is of focus in 

this thesis. 

  Furthermore, 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 hypothetical market experiment 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. 

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 keeping a self-image as a responsible and thus norm-compliant person. 

The analysis may contribute to our understanding of why some individuals are more willing 

to purchase emission allowances than others. Such knowledge can provide insights as how to 

predict and understand behavior and what measures that can be taken to promote and market 

emission permits more effectively.  

 In part two (papers II and III) the focus is on the so-called technological learning curve 

concept. As a result of the growing concerns about environmental degradation, the 

development of new carbon-free energy technologies that could make possible a more 

sustainable development of the energy system is motivated. However, the progress of these 

primarily renewable energy technologies will depend on future cost development through 

further innovation and learning (Loiter & Norberg-Bohm, 1999; Neij, 1997). In order to 

forecast future cost developments of energy technologies, use is made of the above-mentioned 
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learning curve concept. Learning curves are used to empirically quantify the impact of 

increased experience and learning on the cost of a given technology, and thus specify, for 

instance, the investment cost as a function of installed cumulative capacity (Junginger et al., 

2010). The estimates of the so-called technological learning rate are in turn used as inputs in 

energy system models, 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 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 

impacts. The choice of wind power is motivated by the facts that: (a) it represents a key 

energy supply 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. 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 paper III the main purpose is to critically analyze the 

choice of model specifications in learning curve analyses of wind power. Special attention is 

paid to the question of the choice of national or global learning (cumulative capacity), and the 

inclusion of other variables such as R&D, scale effects and the inclusion of a time trend.  

The three papers included in the thesis are summarized in section 2, while section 3 

provides some general conclusions from the thesis. 

2. Summary of Papers 

Paper I:  Citizen Participation in CO2 Emissions Trading: The Role of Norm-based 

Motivation

In this paper we present the results from a hypothetical market experiment 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 keeping a self-image as a 

responsible and thus norm-compliant person. The results indicate that students’ willingness to 

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

of norms; people who feel personally responsible for contributing to reduced climate damages 
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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 affect individual norms and ultimately expressed behaviour. 

This implies that information campaigns influencing beliefs about others’ behaviour may 

promote “green” consumer behaviour in emission allowances markets. Norms are also largely 

activated by problem awareness and the individual’s perception of her ability to contribute to 

solving the problem. 

Paper II:  Wind Power Learning Rates: A 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 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.

Paper III:  Global and National Learning Energy Technology Learning: The Case of 

Wind Power in Europe 

In order to generate meaningful and policy-relevant results from future energy forecasting 

models, reliable estimates of the learning rates are 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 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 
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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 to compare the results from different types of model specifications. The empirical 

results support the notion that the estimates of learning-by-doing rates may differ across 

different model specifications. In our data set the presence of global learning for wind power 

appears more important than that of national learning, but the estimates of the (global) 

learning rate are only marginally influenced by the introduction of R&D and scale effects. 

The results also show, though, that the impact of cumulative capacity on wind power costs 

appears to be very sensitive to the inclusion of a time trend in the traditional learning curve 

model.

3. Conclusions 
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) in paper I indicate that this willingness is determined by both price and the 

presence of norms. The empirical findings are also consistent with the notion that perceptions 

about others’ stated willingness to purchase emission allowances affect individual norms and 

ultimately expressed behaviour. This implies that information campaigns influencing beliefs 

about others’ behaviour may promote “green” consumer behaviour in emission allowances 

markets. Norms are also largely activated by problem awareness and the individual’s 

perception of her ability to contribute to solving the problem.  

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

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 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.  

Finally, the empirical results from the analysis of the choice of modeling specification 

in learning curve analyses of wind power costs indicates that the estimates of learning rates 

might differ across different modeling specifications, and for example, the spatial choice of 
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capacity is of great importance when estimating learning rates. Furthermore, the results of the 

inclusion of a simple time trend illustrates the potential difficulty in identifying differences in 

productivity due to learning from exogenous technological change.
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Abstract 
In this paper we present the results from a hypothetical market experiment 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 keeping a self-image as a 
responsible and thus norm-compliant person. The results indicate that students’ willingness to 
purchase emission allowances for carbon dioxide 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 affect individual norms and ultimately expressed behaviour. 
This implies that information campaigns influencing beliefs about others’ behaviour may 
promote “green” consumer behaviour in emission allowances markets. Norms are also largely 
activated by problem awareness and the individual’s perception of her ability to contribute to 
solving the problem.  
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1. Introduction 
What is best for the individual is not always what is best for the collective. Individual interests 

are often at odds with the collective interest in an array of critical issues associated with 

environmental degradation such as resource depletion, human overpopulation and pollution. 

In the economics literature this is typically recognized by noting that public goods, i.e., goods 

characterized by non-rivalry and non-excludability in consumption, tend to be underprovided 

in the market place (e.g., Bergstrom et al., 1986). The paradox that individually rational 

strategies lead to collectively irrational outcomes seems thus to challenge the commonly held 

view that rational human beings can achieve rational results (Ostrom, 1990). This has led 

scholars to formalize these types of situations as prisoner’s dilemma, or alternatively social 

dilemma games. In such cases the payoff to each individual of not contributing to the 

production of the public good is higher than the payoff for voluntary public good provision 

(regardless of what the others do), but yet overall all individuals receive a lower payoff if all 

choose to defect than if all contribute (Dawes, 1980).

The above suggest that the frequent information campaigns concerning the global 

warming problem, claiming that individuals and households ought to integrate climate-

friendly behavior into their daily lives, will only have limited impacts on behavior patterns. 

Nevertheless, in many cases concerns for the environment appear to have had significant 

impacts on consumer behavior, and this seems thus to be contradictory with the type of 

utility-maximizing behavior assumed in standard economic models of private provision of 

public goods (e.g., Nyborg et al., 2006). In the social psychology literature it is suggested that 

the presence of norms – informal rules requiring that one should act in a given way in a given 

situation – may provide an important reason for a departure from a social dilemma outcome 

(e.g., Biel and Thogersen, 2007; von Borgstede et al., 1999).

The present paper draws heavily on recent developments in the literature on integrating 

norm-motivated behaviour into neoclassical consumer theory, and we assume that individuals 

have a preference for keeping a self-image as a responsible and thus norm-compliant person. 

In the paper we present a hypothetical market experiment of Swedish students’ stated willing-

ness to purchase emission allowances for carbon dioxide within the European emissions 

trading system (EU ETS). In Sweden private purchases of allowances are today made possible 

through a web-based service provided by the Swedish Society for Nature Conservation. Given 

the global nature of the problem of greenhouse gas emissions, this case is well suited for an 

investigation of norm-based behaviour in a large-scale social dilemma.  
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For our purposes it is useful to distinguish between descriptive norms – norms that show 

how people do act – and internalized norms. The latter are norms for which people sanction 

themselves, i.e., they feel a personal responsibility to comply with the norm and thus feel bad 

when they do not comply. The activation of internalized norms is likely to explain pro-

environmental activities that are hard to observe for others, thus making sanctions based on 

the disapproval or approval of others difficult. The purchase of carbon allowances clearly falls 

into this category. Thogersen (2007) suggests that there generally is a weak relationship 

between descriptive norms and internalized norms. However, in this paper we challenge this 

notion on empirical grounds. People cannot contribute to the production of all public goods, 

and in specific cases they may therefore be genuinely uncertain about whether they should 

take responsibility or not. In such a situation others’ behaviour may serve as a moral guide 

(Nyborg et al., 2006). We hypothesize – in line with von Borgstede et al. (1999) – that higher 

perceived contributions from others will lead to a higher likelihood of stated emission 

allowance purchases. Thus, the purpose of this paper is to test if the strength of the descriptive 

norm determines the extent of the ascription of responsibility and ultimately purchasing 

behaviour.

The paper proceeds as follows. In the next section we develop a simple model of norm-

based consumer choice, which is useful for identifying potentially important factors 

determining individuals’ voluntary provision of public goods. Section 3 discusses survey 

design and variable definition issues, while section 4 outlines the econometric specification of 

the binary choice model used in the empirical analysis. In section 5 the empirical results of the 

paper are presented and discussed, and, finally, section 6 provides some brief concluding 

remarks and implications.   

 

2. Norms and the Private Provision of a Public Good: A Simple Model 
In this section we outline a simple model that can be used to analyze the case of private 

provision of a public good. This model builds on a model developed by Nyborg et al. (2006) 

(which in turn is based on the analysis by Brekke et al., 2003), which addresses the 

interdependencies between norms and economic motivation. The analysis focuses on the 

presence of internalized social norms among individuals implying that individuals sanction 

themselves (e.g., by getting a bad conscience once breaking the norm). However, it is also 

assumed that each individual’s perceived responsibility to contribute to the production of the 

public good is affected by her beliefs about others’ behaviour in the sense that this provides 
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some kind of “moral compass” as to whether she should take responsibility for the issue or 

not. As a starting-point we consider an individual with the following utility function:

SGCuU ,,      (1) 

where  represents the individual’s consumption of private goods. G is environmental 

quality and it is assumed to be a pure public good. Finally, S represents the individual’s self-

image as a morally responsible person, defined here as a person who conforms to certain 

norms of responsible behaviour (Brekke et al., 2003). Thus, in this model individuals have 

preferences for a positive self-image; S is therefore treated as an argument in the utility 

function.

C

Let us assume that society comprises of N identical individuals. From the individual’s 

perspective the provision of the public good, G, stems from two sources, one part that is 

exogenously supplied by others, , and another part represented by the improvement in 

environmental quality arising from individual i’s own efforts to contribute, g. Because of the 

indivisibility and non-excludability properties of G, individual i will receive the benefits of 

, and when contributing herself she confers a non-market environmental benefit on all 

other N-1 members of society and on herself. The latter impact, however, is likely to be very 

close to zero in a typical large-scale social dilemma situation, and in the following we ignore 

this impact. The above implies that if the individual does not care about her self-image, her 

incentives to contribute to G would diminish. It is therefore useful to discuss how 

improvements in self-image can be achieved.  

1NG

1NG

Our analysis builds on the assertion that contributing to the public good is morally 

superior to spending money on private goods, implying that such contributions will yield a 

self-image improvement. For this reason we assume that:  

0
0g

S    and 0
0g

S     (2) 

Following Nyborg et al. (2006), the change in self-image from contributing to the public good 

is reflected in the personal responsibility the individual feels for the issue. The more willing 

the individual is to acknowledge his/her own personal responsibility to contribute, the higher 

is S. However, some individuals may be genuinely uncertain about whether they ought to take 
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responsibility for the production of the public good, especially if there does not exist any 

formal sharing of responsibility through, for instance, laws and regulations. In addition, there 

are many good causes to support and no-one can be expected to contribute to all of these; in a 

specific case thus the individual has to decide if he/she should take responsibility or if he/she 

instead should contribute to some other good cause. Following Schultz (2002), among others, 

Nyborg et al. (2006) suggest that given such uncertainty:

“A natural thing to do, […], 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.” (p. 354).  

We assume that beliefs about others’ behaviour – i.e., so-called descriptive norms – 

have a positive impact on S.1 Specifically,  is defined as the share of the total population 

contributing to the public good, and the impact on self-image of contributing is positively 

related to . The impact on S of public good provision is also hypothesized to be affected by 

the perceived positive environmental externalities arising from the individual’s contribution, 

E. Thus, E represents the individual’s beliefs about the total positive external effects his/her 

contribution gives rise to. The moral – self-image – relevance of contributing depends 

positively on E. Moreover, the size of E will in part be determined by the individual’s 

perception of his or her ability to affect the outcome in a positive way; in the literature on 

environmentally benign consumer behaviour this is often summarized in the concept 

perceived consumer effectiveness (PCE) (e.g., Ellen et al., 1991; Laroche et al., 2001). For 

instance, the extent to which the individual perceives that her choice to purchase emissions 

allowances will in fact lead to reductions in emissions will determine the size of E. Implicit in 

E is also some valuation of the environmental benefits following the individual’s choice; even 

if individuals believe that their contribution to G implies more production of the public good 

various people may perceive the importance of this improvement differently. Thus, we 

assume that the more environmentally concerned an individual is, the higher E will be.2 In 

sum, the increase in self-image from choosing “green” can be expressed as:

                                                
1 This approach is also consistent with what other scholars refer to as normative conformity, i.e., perceiving 
others’ behavior as a guide to what is morally appropriate (e.g., Moscovici, 1985).  
2 Ellen at al. (1991) argue convincingly that PCE is distinct from pro-environmental attitudes (see also Thoger-
sen, 1999). For our purposes it is particularly important to note that a person may agree that it is very important 
to solve a specific environmental problem but he/she may only perceive some solutions as effective. For this 
reason E encompasses both PCE (ability to contribute to solving the problem) and environmental concern 
(assessment of the importance of the problem).  
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EsS
g

,
0

     (3) 

 

where s is a continuously differentiable function, which – in the presence of a positive public 

good contribution – is increasing in both  and E. This simple representation of self-image is 

inspired by the way in which moral-decision making is often modelled in the field of social 

psychology, and in which awareness of consequences and ascription of responsibility are 

identified as important factors determining moral decisions (e.g., Schwartz, 1970).  

Let us now assume that a representative individual is considering whether to give up 

some of her private consumption and instead contribute to the production of the public good, 

i.e., increase G at the expense of C. This option is labelled “1”, while the option characterized 

by zero contribution to the public good is labelled “0”. The extra cost of contributing is 

denoted P, and the individual will contribute if and only if:

1100 ,,,, SGPCuSGCu     (4) 

where  and . We assume that the direct impact of the increase in G on the 

individual’s utility is assumed to be zero (or at least very close to zero). Thus, in our case the 

individual will choose to contribute only if the perceived benefits of a favourable self-image 

exceed the incremental net private cost of contributing, P. The former effect will be more 

pronounced the higher are the perceived positive environmental externalities and the more 

willing the individual is to take personal responsibility, and these self-image effects of 

purchasing “green” are an increasing function of the share of other households’ choosing to 

contribute in the same manner.  

00S 01S

Nyborg et al. (2006) show that the above type of specification of preferences – in which 

self-image is determined by the perception of others’ activities – can produce multiple 

equilibria; “herd behaviour” can promote either very high or very low public good provision 

levels. In practice individuals cannot often not observe , but must make “an imperfect 

assessment ˆ , for example by drawing inferences based on a limited number of observations 

of others’ behaviour,” (p. 361). This provides room for the government and for private 

companies to influence the beliefs about other people’s behaviour through information and 

advertising campaigns. In the empirical part of this paper we study the case of citizen 

participation in the trading of carbon dioxide emission allowances to address the question of 
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whether different information about the contribution of others’ can affect the reported willing-

ness to contribute to reduced carbon dioxide emissions through purchases of allowances.

3. Survey Design, Choice Scenario and Definitions of Variables  
In May 2006 a questionnaire (see Appendix I) was handed out to a total of 328 undergraduate 

students at Luleå University of Technology, Sweden. The classes were randomly selected 

among all types of courses given at the University, and at the end of a class about 15 minutes 

were allocated for the completion of the questionnaire. The students were informed that the 

exercise was voluntary and that the questionnaire was to be filled in without consulting any 

one else other than the researcher handing out the questionnaire. All students confronted also 

volunteered to answer the questionnaire. The undergraduate students are believed to be a 

fairly representative selection of the society in general. However, it is worth mentioning that 

even if the respondents are overrepresented by individuals in their early twenties, they also 

represent individuals from all over the country.

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

gender, and scope of current university studies. In the next section the global warming 

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

functioning of the European emissions trading system (EU ETS) for carbon dioxide. The 

students were informed that this system involves a number of selected energy intensive 

sectors and in the recent past it was very difficult (and expensive) for individuals to purchase 

emission allowances within EU ETS, but the Swedish Society for Nature Conservation 

(www.snf.se) has opened up a web-based service enabling such private purchases. At the time 

of our classroom investigation, the price of one allowance – corresponding to one ton of 

carbon dioxide – equalled SEK 350 (about USD 50). The purchase of one allowance, the 

students were informed, implies that some plant within the EU ETS has to reduce its carbon 

dioxide emissions by one ton. In this way the individual decision to purchase emission 

allowances contributes to reduced climate damages.  

Based on the general idea of von Borgstede et al. (1999) the students were then 

presented with a simple hypothetical choice scenario in which the strength of the descriptive 

norm – i.e., the perceived participation rate of others – was permitted to vary across four sub-

samples (each consisting of 82 students). Specifically, the students were informed about either 

of four (potential) participation rates of others, 10, 30, 50 or 70 percent. Thus, the following 

choice scenario was presented in the questionnaire:
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“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.  

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” 

For those who rejected this bid, the above question was repeated but this time with a lower 

price, SEK 150, while those who accepted the SEK 350 bid faced an identical question with 

an even higher bid, SEK 450. Since each student faced two choice sets with different 

allowance prices the empirical analysis is based on a total of 656 observations.

The binary choice about whether to accept to pay for emission allowances or not 

represents the dependent variable in the empirical analysis. The independent variables 

included in the model, their coding and some descriptive statistics are depicted in Table 1. 

These variables can be divided into three different main categories: (a) the price of emission 

allowances; (b) factors influencing the extent to which purchases of allowances give rise to 

self-image improvements; and (c) other variables including socio-economic characteristics. 

We expect that the willingness to purchase emission allowances decreases with the price 

of the allowances, and, as was noted above, three different price bids were used in the choice 

scenario. A number of different variables are assumed to influence the self-image 

improvement following the purchase of emission allowances. As outlined previously we 

hypothesize that the perceived contribution from other people affects the inclination to 

acknowledge a personal responsibility and thus the degree of self-image improvement 

associated with purchasing emission allowances. We also explicitly measure the strength of 

the internalized norm towards contributing to carbon dioxide reductions. This was done by 

asking the respondents to what extent they agreed with the statement: “I feel a personal 

responsibility to contribute to the reduction of carbon dioxide emissions”.  

Following the discussion in section 2, the improvement in self-image of choosing to 

contribute is assumed to increase in the positive environmental effects associated with this 

choice. The individuals’ perceptions of the size of these external effects are in turn determined 

by her perceived ability to affect the outcome (PCE) and the extent to which she considers 

climate change to be a serious environmental threat. Respondents were asked to agree or 

disagree with the statement: “There is no use in me buying an emission allowance because it 
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has a minor impact on environmental quality”. We also included a more general question on 

whether the respondents believed that policy instruments based on economic incentives (e.g., 

taxes on pollution) are effective for achieving environmental quality improvements. So as to 

capture individual differences in problem awareness the respondents were asked to mark to 

what extent they agreed or disagreed with the statement: “Carbon dioxide emissions are so 

hazardous that measures aimed at reducing them must be introduced immediately”. The 

questionnaire also included a question of whether the student was a member of any 

environmental organization.  

 

Table 1: Variables Included in the Analysis: Definitions and Descriptive Statistics 
Variables Coding/definitions Mean Std. Dev. Min Max

Dependent variable      

Purchasing choice 1 if stated willingness to buy 
emission permit, 0 otherwise 

0.40 0.49 0 1

Price variable      

Permit price Prices of emission permits, SEK 
150, 350 or 450 

297 111 150 450

Self-image determinants      

Framing: Public participation 10, 30, 50 or 70 percent  0.40 0.22 10 70

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 
believed to be effective 

1 for disagree entirely, and 5 for 
agree entirely 

3.77 1.04 1 5

Framing: Certificate 1 if certificate included, 0 otherwise 0.50 0.50 0 1

Other variables      

Gender 1 for female, 0 otherwise 0.31 0.46 0 1

Age Age in years 22 3.56 18 54

Children in the household 1 for children, 0 otherwise 0.04 0.20 0 1

 
Moreover, if you decide to purchase an emission allowance at the web site of the 

Swedish Society for Nature Conservation you also receive a value certificate confirming your 

purchase. This certificate could be hanged on the wall or be given away as a personal gift; the 
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presence of such a certificate could thus affect the utility of the individual in at least two 

ways. First it may serve as an additional push to self-image, in the sense that it permits the 

individual to inform (signal) others of their responsible actions. Moreover, the ability to give 

away the certificate implies also that the purchase may incur an economic value above that 

which could be attributed to self-image improvements. In either case, however, knowledge 

about the certificate would be expected to (ceteris paribus) increase the likelihood of stated 

purchases. In order to test for this hypothesis the total sample was split into two halves, one 

half that did not get any information about this certificate in the choice scenario and one half 

who were informed about this in the text and also provided with a small picture of a 

certificate. Finally, the socio-economic variables included in the econometric model estimated 

were gender, age and a dummy variable indicating whether there are children in the household 

of the respondent.

4. Econometric Specification 
We are interested in analyzing the factors and the underlying motives that affect the choice 

whether or not to state a willingness to pay for a carbon emission allowance, and empirically 

the basic model for analyzing this dichotomous choice situation is the random utility model. 

As was noted above, each respondent faced two choices sets with varying prices for the 

allowance so each respondent made two decisions and thus generated two observations. In 

order to model this type of situation we define the following latent indirect utility function for 

individual i defining the utility obtained from buying the allowance, here defined as 

alternative q (following Hanemann, 1984; Louviere et al., 2000): 

iqiqiqiq VU )( x      (5) 

where  is a vector of different personal and socioeconomic characteristics (including those 

described above) that can be expected to influence the individual’s willingness to accept to 

pay a price for reduced carbon emissions and  is a vector of parameters. The utility function 

consists of a deterministic component ( ) and a random component (

iqx

)iq(iqV x iq ). We assume 

that the individual will choose to purchase the allowance if this option gives him/her an 

increased self-image that is at least as large as the loss associated with the monetary sacrifice. 

The binary variable, here defined as yiq, is equal to one if the individual chooses alternative q
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(i.e.,, accepts the allowance price bid) and zero otherwise. The choice probability can then be 

expressed as: 

.1 iqiqiqiq VPyP X  (6) 

However, since all respondents were asked to make two choices associated with different 

permit prices, the assumption of statistical independence between observations may be 

violated. The random component is likely to be correlated with the individual choices. 

Following Butler and Moffit (1982) we therefore specify the error term as: 

 (7) ),0(~);,0(~; 22
viquiiqiiq NvNuvu

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

disturbance (which is assumed to be independent across alternatives and individuals), and 

and  represent the variance in u and v, respectively. The components of the error term are 

consequently independently distributed across individuals as follows:  

2
u

2
v

., 22

2

vu

u
ipiqCorr  (8) 

This specification of the error term gives us the random effects binary probit model. This 

model is less restrictive than the ordinary binary probit model, which ignores the correlation 

altogether but our model is still restrictive in the sense that it assumes equal correlation 

between the different choices of each individual. Still, since each respondent in our study 

faced only two simple choices we expect this assumption to be plausible. The null hypothesis 

of no cross-period correlation is tested empirically by evaluating the statistical significance of 

the estimated  (rho) (Greene, 2000).

 

5. Empirical Results 
The empirical results presented in this section are based on the 656 observations that were 

obtained from the survey responses of 328 students. Overall 30 percent of the total sample 

(i.e., 98 students) accepted the SEK 350 price bid, and among these 67 percent (i.e., 66 
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students) stated a willingness to purchase an allowance at the high price of SEK 450. Among 

those (230 students) who rejected the initial bid, 44 percent (i.e., 102 students) did however 

accept the low bid of SEK 150. Thus, overall 61 percent stated a willingness to purchase 

emission allowances at SEK 150 per ton, while the corresponding participation rates at the 

SEK 350 and SEK 450 bids were 30 and 20 percent, respectively.

The parameter estimates and the corresponding marginal effects of the random effects 

binary Probit model, pooled by individual, are reported in Table 2. When interpreting the 

parameter results, it is important to consider the nature of this type of regression. Since the 

size of the coefficients will be a probability, it therefore not going to be a good indicator of the 

magnitude of the effect on stated willingness to purchase emission allowances in the case of a 

change in any of the independent variables. On the other hand, the signs will have an 

important economic interpretation. As a general example, when the estimated coefficients 

have a positive sign this implies that an increase in the corresponding independent variable in 

question will increase the probability for the individual to state that they will purchase 

emission allowances, and a negative coefficient will imply the opposite relationship (Green, 

2000).

In order to find out the magnitude of the impact, the so-called marginal effect is 

calculated. The marginal effect of a given independent variable is defined as the partial 

derivative of the event probability 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 for the 

individual to report that they will purchase an emission allowance if there is a unit increase in 

the investigated independent variable. When analyzing these variables it is of great 

importance to have in mind that different variables could have different scales (see Table 1). 

In case of dummy variables, the marginal effects are calculated by comparing the probabilities 

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

other independent values are held at their mean values. As a result, the marginal effect could 

be interpreted as the marginal change in the probability for the individual to 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 statistically rejected at the one percent significance level. The estimated correlation 

between the error terms ( ) is close to one and highly statistically significant; we can thus 
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not reject the random effects model in favor of a more restrictive model that assumes no 

correlation between the error terms.  

Table 2: Random Effects Binary Probit Model Estimates and Marginal Effects  

Variables Coefficients t-statistics Marginal effects t-statistics

Constant -1.659 -0.879
Permit price -0.014 *** 2.794 -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 effectiveness (PCE) (reversed) -1.032 *** -2.683 -0.139 *** -2.640
Economic incentives perceived effective 0.198 0.986 0.027 0.980

Socio-economic variables 

Gender 0.158 0.398 0.021 0.398
Age -0.053 -0.913 -0.007 -0.906
Children in household 0.286 0.255 0.038 0.255

Rho ( ) 0.874  10.389   

Number of observations: 656, Log-likelihood: -353, Restricted log-likelihood: -365, and Chi-squared: 24 

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

The model estimates show that the allowance price coefficient is (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 more an individual acknowledges a personal responsibility for 

contributing to the reduction of carbon dioxide emissions, the more likely she is to voluntarily 

purchase emission allowances. Also in this case the estimated coefficient is highly significant 

from a statistical point of view. Furthermore, our simple manipulation in the case of the 

participation rate of others appears to have a statistically significant impact on the likelihood 

of stated purchase. Thus, based on these results we cannot reject the hypothesis that 

information about others’ behaviour (or intended behaviour) influences people’s willingness 

to contribute to the production of a public good. For a better understanding of the magnitude 

of the impact, the so-called marginal effect is calculated. When investigating the marginal 

effects from a 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 is going to purchase an emission allowances for carbon dioxide increases by about 
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0.4 percentage points if the perceived participation rate of others increases by one percent. It 

is worth noting that this also challenges some of claims often made in the social psychology 

literature, namely that there typically exists only a weak relationship between descriptive 

norms (what do others do?) and felt responsibility (what is my own personal responsibility?) 

(e.g., Thogersen, 2007).

People who are more concerned about the damages caused by global warming are 

generally more inclined to state a willingness to purchase emission allowances, but we do not 

find a similar pattern for those who are members of environmental organizations (in part, a 

possible explanation could be because these two variables are correlated). The negative sign 

of the estimated coefficient for “PCE (reversed)” is as expected, and the coefficient is 

statistically significant at the one percent level. When investigating the marginal effects from 

“PCE (reversed)” this negative relationship could be interpreted in the following way: The 

probability that an individuals self reported willingness to purchase an emission allowances 

for carbon dioxide decreases by around 14 percentage points if she fully agree 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 disagree with the same statement. 

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

point of view, implying that an effective strategy to make people buy emission allowances for 

carbon dioxide could be to inform people about the ability of EU ETS to deliver reductions in 

carbon emissions and ensure the efficient functioning of the trading scheme. Our results do 

not suggest, however, that the students’ general attitudes towards the effectiveness of 

incentive-based environmental policy instruments have an important impact on the probability 

of purchasing emission allowances.  

Moreover, the inclusion of a value certificate did not prove to imply a higher willingness 

to purchase emission allowances. Neither did any of the socio-economic characteristics such 

as gender, age and children.  

6. Concluding Remarks and Implications 
The empirical results in this paper provide support for the notion that individuals’ 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 emission allowance 

‘demoralizes’ human behaviour; the allowance represents in essence a letter of indulgence 

since it is possible to “buy oneself free” from own responsibility (e.g., Frey, 1999). Although 
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we do not explicitly investigate this hypothesis in the paper it is worth emphasizing that our 

results suggest that people who feel personally responsible for contributing to reduced climate 

damages are also the ones who appear more inclined to purchase emission allowances. Norms 

and economic motivation may thus go hand in hand.  

The paper has devoted a lot of space on analyzing the impact of others’ behaviour on 

norm compliance, and the results are consistent with the hypothesis that perception about 

others’ stated willingness to purchase emission allowances affects individual norms and 

ultimately expressed behaviour. This implies that information campaigns (e.g., based on 

country-wide surveys or actual purchasing behaviour) influencing beliefs about others’ 

behaviour may promote “green” consumer 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 Conservation was quick to release a press 

announcement informing about the higher contribution rates. Our results suggest that this 

move may in itself have induced additional purchases from the Swedish public.  

Finally, the results also illustrate the importance of problem awareness and perceived 

consumer effectiveness. The latter implies that the individual needs to sense that her choice to 

contribute matters for the solution of the problem, and lack of such effectiveness has proved 

to be a major factor explaining the low household participation rates in green electricity 

programs (e.g., Ek and Söderholm, 2008). Similar problems may arise in emissions trading 

cases, at least if such schemes do not deliver the emission reductions that were anticipated 

initially. During the first phase of the EU ETS (2005-2007) major concerns have been raised 

about selected design issues, and in particular the decentralized allocation of emission 

allowances contributing to low prices in the market (e.g., Ellerman and Buchner, 2006). If 

these concerns prevail, citizen participation in EU ETS may 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 have the main responsibility.  
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Appendix I. Questionnaire in English  A

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 
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Appendix I. Questionnaire in English  A

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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Appendix I. Questionnaire in English  A

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). 

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.  

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 
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Appendix I. Questionnaire in English  A

20

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!



Appendix I. Questionnaire in Swedish B   

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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Appendix I. Questionnaire in Swedish B   

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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Appendix I. Questionnaire in Swedish B   

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.  

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 
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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!



II



 



Wind Power Learning Rates: A Meta-Analysis*

ÅSA LINDMAN and PATRIK SÖDERHOLM

Economics Unit 
Luleå University of Technology 

SE-971 87 Luleå 
Sweden

Fax: +46-920-492035 
E-mail: asa.lindman@ltu.se 

Abstract
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 permit-
ting 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 
113 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 most notably public 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 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. 

Keywords: learning curves; wind power; meta-analysis.  

* Financial support from the Swedish Energy Agency is gratefully acknowledged as are valuable comments and 
help from Kristina Ek. Any remaining errors, however, reside solely with the authors.  





1. Introduction 
Given the need to limit the increase in global average temperatures to avoid unacceptable 

impacts on the climate system, the development of new carbon-free energy technology should 

be a priority (Stern, 2007). However, in liberalized energy markets the circumstances are 

often unfavourable for such technologies since they tend to be more expensive than the 

incumbent technologies. For this reason there exists a need to understand more closely the 

process of technological progress, and how different policy instruments can be used to 

influence this process and thus support the development of new energy technologies.

It is often argued that energy system modelers and analysts do not yet possess enough 

knowledge about the sources of innovation and diffusion to properly inform policy-making in 

technology dependent domains such as energy and climate change. Even though the literature 

on technological change stresses the fact that technical progress is not exogenous in the sense 

that it simply appears as manna from heaven, most energy models still rely on exogenous 

characterizations of innovation. Specifically, in exogenous representations technological 

change is reflected through autonomous assumptions about, for instance, cost developments 

over time and/or efficiency improvements (Löschel, 2002). However, in real life new 

technologies require considerable development efforts, much of it by private firms. In recent 

years energy researchers have therefore shown an increased interest in introducing 

endogenous (induced) technical change into energy system models, 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. 

In bottom-up energy models endogenous technological change is increasingly being 

introduced by implementing so-called technology learning rates (Berglund and Söderholm, 

2006),1 thus specifying the quantitative relationship between the cumulative experiences of 

the technology on the one hand and cost reductions on the other. In contrast to early learning 

curve studies, when the focus was on production planning or strategic management, the centre 

of attention in more recent energy technology applications has shifted to endogenous 

1 In top-down models (e.g., general equilibrium and neoclassical growth models) endogenous technological 
change is instead introduced by assuming that technical progress is the result of investment in R&D and the 
ensuing accumulation of a knowledge stock (Gillingham et al., 2008). The quantity of R&D is determined both 
by relative price changes but also by the opportunity cost of R&D. For instance, one approach to the inclusion of 
endogenous technological change in neoclassical growth models is to add a knowledge stock as an argument in 
the economy-wide production function. Rasmussen (2001), though, also introduces learning-by-doing in a top-
down (general equilibrium) model.  
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technical change and the use of reliable estimates of technological learning rates as inputs in 

energy system models (Jamasb, 2007). The basic idea is that investments in new carbon-free 

energy technologies are 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 will become a more attractive choice than the old technologies, which are (it is 

often argued) more mature and experience fewer potentials for future cost reductions (Grübler 

et al., 2002).2 Cost reductions are thus the result of learning-by-doing, i.e., performance 

improves as capacity and production expands. 

The introduction of endogenous technological change through the use of technology-

specific learning curves may have important implications for both the timing and the cost of 

climate policy. High learning rates for new carbon-free versus old (and more carbon-

intensive) technologies tend to support early, upfront investment in the new technologies to 

reap the economic benefits of technological learning. Specifically, the shadow cost of early 

climate action is reduced since the mitigation effort itself generates the knowledge required to 

abate future emissions at low costs.3 If the investment decision is deferred, the positive effects 

of learning appear later as well (e.g., Grübler and Messner, 1998), and the energy system risks 

being locked-in to a carbon-intensive energy supply mix. Addressing endogenous techno-

logical change also implies that the estimated gross cost of climate policy may be compara-

tively low (e.g., Gritsevskyi and Nakicenovic, 2000). Naturally, in the long-run differences in 

learning rates across technologies will also influence the mix of technologies in use. For 

instance, bottom-up models of the power generation sector typically assume that learning ra-

tes for wind and solar power are higher than the corresponding rates for, say, coal and nuclear 

power. This means that – given the implementation of sufficient technology support policies – 

the generation share of the renewable energy sources can increase substantially over time 

even if their current costs are high. Rosendahl (2004) even suggests that if learning rates 

differ across carbon dioxide reduction measures, carbon taxes could be differentiated accor-

ding to these rates (at least as long as the learning effects possess clear public good features).

The above suggests that if energy system models are to generate meaningful and policy-

relevant results, reliable estimates of the learning rates are needed. However, it is probably 

2 Still, McVeigh et al. (2000) show that even though the costs of renewable energy technologies in the past have 
fallen far beyond expectations, they have often failed to meet expectations with respect to market penetration. 
This suggests that the costs of the traditional energy sources have fallen as well and apart from cost disadvanta-
ges there exists additional legislative and institutional obstacles to increased renewable energy diffusion. 
3 This result does not necessarily appear in all types of learning-by-doing models. For instance, Goulder and 
Mathai (2000) show that the impact of learning-by-doing on the timing of climate policy is ambiguous.  
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fair to conclude that previous empirical studies of learning rates provide few uniform 

conclusions about the magnitude of these rates. For instance, McDonald and Schrattenholzer 

(2000) conclude that the estimated learning rates for various energy supply technologies show 

evidence of substantial differences across studies.4 Increased knowledge about the sources of 

these variations is thus called for.

In the present paper we therefore 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 impacts. The choice of wind power is motivated 

by the facts that: (a) it represents a key energy supply 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. These studies concern only the cost of 

onshore wind power; learning curve studies on offshore wind power are much scarcer (e.g., 

Junginger et al., 2004) and these are not addressed here. To our knowledge this is the first 

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

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

technology learning rates.

The paper proceeds as follows. Section 2 analyzes some key economic-theoretical and 

practical issues in the assessment of technology learning rates. In section 3 we present the 

data to be used in the meta-analysis, and outline some important model estimation issues. 

Section 4 displays and discusses the estimation results. Finally, section 5 provides some 

concluding remarks and implications.  

2. The Economics of Learning Curve Analysis
Learning curves are used to measure technological change by empirically quantifying the 

impact of increased experience and learning on the cost of production (e.g., Arrow, 1962), 

i.e., the unit cost decreases concurrently with an increase in cumulative production or capacity 

(Jensen, 2004a). In this section we build on Berndt (1991) and Isoard and Soria (2001), and 

derive different learning curve models for wind power technology costs from a standard 

neoclassical Cobb-Douglas cost function. This approach permits us to identify a number of 

4 See also Ibenholt (2002), who analyzes the causes of variation in learning rate estimates for the wind power 
technology.
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learning curve model specifications, and discuss some of the most important differences 

across these as well as any associated implications. 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 or (alternatively) the wind 

turbine (e.g., in US$ per MW) during time period t is denoted .C
tC 5 It can be specified as: 
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and where  represent scale effects in the form of, for instance, the average size of the wind 

turbines in rated capacity in time period t,  are the prices of the inputs (i = 1,…,M) required 

to produce and operate wind turbines (e.g., labor, energy, materials etc.), and r is the returns-

to-scale parameter which in turn equals the sum of the exponents so that: 
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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,  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.

tA

5 Ferioli et al. (2009) argue for the exploration of multi-component learning, and they investigate under which 
conditions it is possible to combine learning curves for single components to derive one learning curve for the 
technology as a whole. The essence of this approach is that a technology is disaggregated in its key (technology 
and/or cost) components, and for each component it can be analyzed at which rate learning-by-doing takes place. 
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 (see also section 3).  
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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,  (e.g., Junginger et al., 2010). 

Specifically, in this type of specification we have:

tCC

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.6 This parameter is an important 

input in the calculation of the learning-by-doing rate (see below).

Previous learning studies tend to make different assumptions concerning the geographi-

cal domain of learning. Some studies assume that learning in the wind power industry is a 

global public good, and  therefore represents the cumulative installed wind power capa-

city at the global level. This implies thus that the learning-by-doing impacts that follow from 

domestic capacity expansions will spill over to other countries worldwide, 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), i.e., learning-by-doing that takes place as wind power is installed in a given 

country-specific context. Such model specifications, though, build on the assumptions that 

learning does not involve any international spillovers.

tCC

7

In some of the more recent learning 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). Public R&D is 

assumed to improve the technology knowledge base, which in turn leads to technological 

progress. Specifically, these studies typically acknowledge that R&D support adds to what 

might be referred to as the R&D-based knowledge stock, , and in this case we thus have:tK

6 In learning curve studies of wind power the currently installed capacity is often assumed to equal cumulative 
capacity (i.e., essentially assuming no windmills are assumed to been shut down during the given time period). 
7 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 percent of total investment costs while the 
remaining 30 percent can be attributed to often nation-specific costs (e.g., installation, foundation, electric 
connections, territorial planning activities etc.). This suggests that it is useful to consider global and national 
learning in combination (see also Langniss and Neij, 2004).  
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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 assist in analyzing 

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 way in which they 

specify the R&D-based knowledge stock. Some simply assume 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 innovation, 

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. Moreover, also in the 

R&D case it is necessary to address the issue of the geographical domain of R&D-based 

knowledge. Following the above the following specification of the R&D-based knowledge 

stock can be used (e.g., Ek and Söderholm, 2010):  

N

n
xtntt RDKK

1
11                (5) 

where  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, and 

ntRD

 is the annual depreciation rate of the knowledge stock ( 10 ).

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. Data on the market shares for wind turbine producing countries in importing coun-

tries are overall scarce, but some recent data are provided in Lewis and Wiser (2005) and 

BTM Consult (2005). These suggest, for instance, that in the Danish case there have existed 

few R&D spillovers from abroad since (in 2003) about 99 percent of all installed wind turbi-

nes were domestically produced. However, the corresponding shares for, for instance, Ger-
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many, Spain, Sweden and the UK were 48, 71, 0 and 0 percent, respectively, in the year 2003. 

This suggests the presence of substantial R&D spillovers in at least Sweden and the UK; the 

wind power markets in these countries have been entirely dominated by Danish and German 

wind turbine suppliers.

Following the above it is now useful to discuss how the above basic 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: 
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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.8 Berndt (1991) shows under which 

circumstances this is a plausible assumption. 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, . We obtain: tC

rr
t

r
t

r
tt QKCCkC KL /1//         (7) 

where is defined as in equation (6). Moreover, by taking natural logarithms and introducing 

the following definitions: 

k

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) 

8 However, see Yu et al. (2011) for a nice exception in which silver and silicon price indexes are incorporated in 
a learning curve analysis of photovoltaic technology.  
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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 and it shows the percentage change (decrease usually) 

in the cost for each doubling of cumulative capacity. For instance, a learning rate of 20 

percent indicates that a doubling of cumulative capacity results in a cost level corresponding 

to 80 percent of the initial level. Moreover, 

L21

K21 is the learning-by-searching rate.  

Finally, while equation (8) 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 elabo-

rate on the consequences of ignoring these influences. Most notably, most early learning 

curve studies only address the impact on cost of changes in the cumulative capacity of the 

relevant technology, thus ignoring both scale and R&D impacts (e.g., Neij, 1999; Hammon, 

2000). This type of model specification is typically referred to as the single-factor learning 

curve, and can thus be expressed as:

tt CCC lnln 10               (10) 

Econometrically this raises concerns about the possible presence of omitted variable bias. 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 (Berndt, 1991). For instance, 

only in the restrictive case of constant returns to scale (i.e., 1r  and 03 ) there is no bias 

from leaving out the scale effect  from the econometric estimation. From the above we can 

also easily determine the direction if this bias. For instance, in the case of increasing returns to 

scale (i.e., 

tQ

1r  and 03 ), estimation of the learning curve in equation (8) yields a higher 

estimate of the learning rates than if one includes the output variable. Correspondingly, if 

returns to scale are negative the learning rate estimates obtained by estimating equation (8) 

will be biased downwards. Coulomb and Neuhoff (2006) represent one of few studies that 
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explicitly investigate the interaction between learning-by-doing and the increase in average 

wind turbine sizes over the years. 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 rate than when this impact is ignored. Their 

analysis suggests diseconomies of scale for wind turbines (in Germany).  

Finally, Nordhaus (2009) argues that most learning curve approaches suffer 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 coeffi-

cients are indeed picking up the learning activity impacts they should remain statistically 

significant also after a time trend has been added to the model. This test is performed in other 

studies (e.g., Hansen et al., 2003; Papineau, 2006), and some of these show that the impact of 

cumulative capacity on costs is very sensitive to the inclusion of a time trend in the tradi-

tional learning curve model (see also Söderholm and Sundqvist, 2007). A similar argument 

could be made for the R&D based knowledge stock and scale effects, which also tend to show 

strong positive trends over time. For instance, in wind power technological progress over time 

has been heavily associated with increases in the turbine size. In the empirical section of this 

paper we return to the issue of empirically separating scale, R&D, and learning effects and 

how these concerns have affected estimates of learning-by-doing rates in previous studies.

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. By carrying out a meta-

analysis of different model results we intend to identify the main factors that influence the 

reported outcomes in previous studies. 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. Since 

meta-analysis extends far beyond an ordinary literature review by analyzing the results of 

several studies in a statistical manner its potential usefulness as an analytical tool for 

economic estimation in areas where there is quite a broad study-to-study disparity is widely 

discussed (Stanley, 2001). In this section we first present the studies analyzed in the paper, as 

well as the different variables considered in the quantitative meta-analysis. We also discuss a 

number of important model estimation issues. 
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3.1 The Data Set and Variable Definitions

We collected information from 35 different learning curve studies on onshore wind power; 

this provided us with 113 observations of the learning-by-doing rate. Table 1 summarizes the 

different studies analyzed in this paper, and displays the geographical region studied in each 

paper, 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 

displays a wide range of reported estimates of the wind power learning-by-doing rate. The 

highest estimates exceed 30 percent, while a few studies even report negative learning rates, 

thus suggesting that costs tend to increase with cumulative experiences.  

In the meta-analysis the learning-by-doing rate, i.e., the percentage decrease in cost for 

each doubling of cumulative capacity (or production), represents the dependent variable. 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 considered 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. The relevant definitions of the independent 

variables are discussed below. 

Before proceeding, however, it is useful to briefly elaborate on the empirical problems 

pointed out by Nordhaus (2009), i.e., the statistical difficulties in separating learning-by-doing 

from, most notably, scale effects, the development of R&D-based knowledge and exogenous 

technological change (here represented by the time trend). For this reason we also consider an 

alternative model estimation in which simply the above impacts are removed and replaced 

with a dummy variable taking the value of one (1) if the study represents a single-factor 

learning curve (and zero otherwise). In this way we test whether this simple – but commonly 

used – specification yields learning rate estimates that are either higher or lower than the ones 

reported in the more sophisticated specifications (including, for instance, scale and/or R&D).

Table 2 summarizes the definitions and some descriptive statistics for the variables 

included in the empirical meta-analysis. It may be noted that other variables – above those 

listed in Table 2 – were tested, but none of these had a statistically significant impact on 

learning rates. One example is the peer-review effect, i.e., we found no evidence that peer-

reviewed studies (ceteris paribus) report different learning rates than studies that have not 

been peer-reviewed.
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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 & 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 (2005) Germany (global/national)  5 10.9-17.2/7.2 

Durstewitz et al. (1999) Germany (national) 1 8.0 

Ek & 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 & 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 & Norberg-Bohm (1999) California (national) 1 18.0 

Mackay & Probert (1998) USA (national) 1 14.3 

Madsen et al. (2002) Denmark (national) 4 8.6-18.3 

Miketa & 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 & Nakata (2005) Japan (national) 2 7.9-10.5 

Söderholm & Klaassen (2007) Denmark, Germany, Spain, UK (national) 1 3.1 

Söderholm & Sundqvist (2007) Denmark, Germany, Spain, UK (national) 12 1.8-8.2 

Wiser & Bolinger (2010) USA (global) 1 9.4 
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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 equation (12). 

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

The geographical scope variable (GS) addresses the fact that previous learning curve studies 

differ in the assumptions they make about the geographical domain of learning-by-doing. For 

our purposes we specify this variable as follows:

G

R

CC
CCGS           (11)     

where is the cumulative capacity (or production) in the geographical region considered 

in each estimation, and is the corresponding level at the global level. Thus, GS measures 

RCC
GCC
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the average share of cumulative experience in the countries studied as a share of total global 

experience. This implies, for instance, 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).  

We hypothesize that the more extended the geographical scope (i.e., a higher value of 

GS), the higher are the estimated learning rates. The reason is that the learning rate, by 

specifying a given percentage cost reduction for each doubling of cumulative experience, 

captures the assumption that learning-by-doing is subject to 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 MW we need to deploy another 1000 MW for the 

same percentage reduction in cost to take place. We believe it is fair to hypothesize that the 

estimated learning rates are not entirely scale-independent, and that they thus are influenced 

positively when considering, say, a global rather than a national scope for learning.  

The variable mid-year (MY) is included to address the time period for which each of the 

observed learning rates were estimated. Some studies consider earlier time periods than 

others, and 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 a market power issue and not an innovation impact, but since the 

vast majority of studies do not explicitly acknowledge input prices in their model specifi-

cations any observed cost decreases may be attributed to learning (rather than input price) 

impacts. It is also plausible to argue for the opposite relationship, namely that as the techno-

logy matures it becomes more and more difficult to improve performance and lower costs (in 

part because the demand for input factors increases with increased market penetration of the 

technology). By including in the meta-analysis the mid-year (MY) for the time periods studied 

in the different investigations (and model specifications) 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 

learning rate estimates that indicate relatively slow cost reductions. One explanation for this 

may be the fact that many wind turbine components were originally designed for other 

purposes, and the cost of these components might already have 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 
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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 percent). 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 above assertion is correct we would expect an increase in this variable to have a 

negative influence on the estimated learning effects. 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. 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 explicit investment costs.  

As has been noted above, a number of recent studies have extended the traditional 

(single-factor) learning curve concept to also address the impact of public R&D efforts 

(R&D).9 Examples include Goff (2006), Klaassen et al. (2005), Kouvaritakis et al. (2000) and 

Söderholm and Klaassen (2007). Excluding these impacts may imply the presence of omitted 

variable bias, and thus lead to an overestimate of the learning-by-doing rate, LR. Thus, some 

of the variation in the R&D variable is explicable by the variation of learning-by-doing, and if 

the R&D variable is dropped all variation in this variable common to that in the learning-by-

doing variable (e.g., cumulative capacity) is then ascribed to the learning-by-doing effect. 

Different studies use varying approaches to address public R&D by, for instance, making 

different assumptions about, knowledge depreciation, R&D spillovers etc. For this reason our 

meta-analysis simply includes a dummy variable that takes the value of one (1) if the learning 

rate estimate controls for public R&D impacts in any way (and zero otherwise). Following the 

                                                
9 So far no learning curve study for wind power has addressed the role of private R&D in the cost reduction 
process. See, however, Ek and Söderholm (2010) for a general discussion of the separate roles of private and 
public R&D in a wind power learning context.  

 14



above, we would 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 (Junginger et al., 2005; Coulomb and Neuhoff, 2006). 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. A number of the included studies have attempted to separate these two 

effects by including a scale effect variable in their learning curve models. Similar to the above 

discussion about R&D effects, excluding scale effects may cause omitted variable bias, and 

lead to an overestimate of the learning-by-doing rate (see also section 2). Accordingly, we 

include a dummy variable SE that takes the value of one (1) if the learning rate estimates 

control for scale effects (and zero otherwise) 

As was noted in section 2 the inclusion of a time trend (used as a proxy for exogenous 

technological change) could imply significantly different estimates of the learning-by-doing 

rate (e.g., Kahouli-Brahmi, 2009; Papinau, 2006; Söderholm and Sundqvist, 2007). Such 

results also suggest – in line with Nordhaus (2009) – that it may difficult to separate the 

impacts of exogenous technological change from the pure learning effects. For this reason we 

include an additional dummy variable TT that takes the value of one (1) if the learning rate 

estimates are based on a model specification including a time trend (and zero otherwise).  

Finally, as noted above in this section, we do 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.  

3.2 Econometric Specification

Following the above we specify two linear meta-analysis regression 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 can be specified as follows:  

 15



iijjij xy          (12) 

where i indexes each observation, j indexes the individual study, y is the dependent variable 

(i.e., the learning rate), x is a vector of explanatory variables (see Table 2),  is the classical 

error term with mean zero and variance , and 2
j 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 stastitic tests whether the group effect specification is statisti-

cally significant or not (H0: 0j ), and Hausman’s chi-squared statistic tests the random 

effect model against the fixed effect model (H0: j  as a random effect; H1: j  as a fixed 

effect). In our case we obtain a Lagrange multiplier test statistic of 1.02 and 1.13, 

respectively, for our two regression models; these fall far below the 95 percent 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) list three additional potential problems in meta-regressions: 

the presence of selection bias, heterogeneity in data and methods, and heteroskedasticity. The 

problem of selection bias appears if not all members of the target population (in our case the 

population of wind power learning curve studies) have an equal opportunity of being selected 

in the sample. Even though some of the potential sources of selection bias are not easy to 

control for, we attempted to reduce this bias by identifying as many studies from different 

origins as possible. Moreover, the problem of heterogeneity was addressed by selecting only 

those studies that focused on studies from a specific time period (1995-2010). The 

methodological heterogeneity was addressed by the use of different methodological dummy 

variables (see section 3.1).

Heteroskedasticity implies that the variances of the error terms are not constant across 

observations. There exist several different types of tests to identify this potential problem. 
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Three common tests include White’s General test, the Goldfeld-Quandt test and the Breusch-

Pagan/Godfrey LM test. According to Greene (2003) both White’s General test and the 

Goldfeld-Quandt test have important weaknesses. For instance, in the latter case one must be 

able to identify the explanatory variable which causes the heteroskedasticity. For these 

reasons the Breusch-Pagan/Godfrey LM test was used here, and based on this test the null 

hypothesis of homoscedasticity was rejected at the one percent level for both equations (see 

also section 4). For this reason the t-statistics and statistical significance levels reported in the 

empirical investigation have been calculated by means of the White estimator for the hetero-

skedasticity-consistent covariance matrix (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. This means that about 60 percent of the 

variance in the learning rate observations is left unexplained. In other words, a substantial part 

of the variance is due to the error terms or to variation in non-observed variables. Still, low R-

squares are very common when relying on cross-sectional data (Greene, 2003; Nelson and 

Kennedy, 2008).

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, 

and as expected 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 percent of global 

capacity to 20 percent) implies roughly a one (1) percentage point increase in the average 

learning rates. 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 depending on whether global or national cumu-

lative experiences were 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. The above suggests that it is of vital important 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). 
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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 

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

We know that for most energy technologies there is evidence of both global and national 

learning components (see also section 2), but few studies have addressed how to estimate 

these in a consistent manner. This is however particularly important for studies that rely on 

total wind power investment (or production) costs. Ek and Söderholm (2008) and Lindman 

(2010) are exceptions; both these studies use a panel data set for five European countries and 

separate between domestic and global cumulative experience (capacity). They find evidence 

of substantially lower national compared to global learning rates. For instance, in Ek and 

Söderholm (2008), the global learning rate is estimated at 11 percent while the corresponding 

national rate is 2 percent. 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 percent (3160 MW) increase globally. This is – in spite of the low 

estimated national learning rate – an indication of far from insignificant domestic learning.  

Furthermore, in model I the coefficient representing the mid-year variable is statistically 

significant only at the 16 percent level. Nevertheless, the results suggest that we cannot reject 

the null hypothesis that learning rate estimates are independent of the time period considered. 

This is in some contrast with studies that have considered the significance of learning-by-

doing across different time periods (e.g., Söderholm and Sundqvist, 2007).  
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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 cost of wind power capacity installed) generally 

generate lower learning-by-doing estimates. This result is consistent with the above-discussed 

notion that more significant learning effects are to 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 market short-term fluctuations 

(e.g., due to temporary bottlenecks in the production) or price mark-ups by dominating 

suppliers (at least during the early time periods).  

The coefficients representing the dummy variables SE and TT are both highly statistic-

cally insignificant. Still, the coefficient representing the R&D dummy variable is statistically 

significant at the ten percent level; it indicates that studies that address the impact of public 

R&D on wind power costs report (ceteris paribus) lower learning rate estimates. The inclusion 

of this variable in the learning analysis implies an extension of the original single-factor 

learning curve, and econometrically this may reduce the problem of omitted variable bias. 

Specifically, a potential upward bias of the estimated learning-by-doing rate – as pointed out 

by Nordhaus (2009) – can in this way be avoided.

Still, Nordhaus (2009) also emphasizes the difficulties in separating the learning effect 

from, for instance, exogenous technical change, and many empirical learning studies report 

high correlation rates between the time trend, the returns-to-scale measure and the R&D-

based variable. 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 (and zero otherwise). The results show that this new dummy variable has 

a statistically significant and positive impact on learning rate estimates, thus providing some 

support for the notion that single-factor specifications generate higher learning rates than the 

extended model specifications. The size of the estimated coefficient suggests that single-fac-

tor learning curves overall results in learning rates that are almost 3 percentage points higher 

than those generated by different extended model specifications.  
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Moreover, the alternative model estimations confirm the important role of geographical 

scope, and also in this specification we find that the coefficient representing the turbine (TU)

variable is statistically significant at the five percent level.  

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 techno-

logy learning rates. However, it is fair to conclude that previous empirical studies of learning 

rates provide few uniform conclusions about the size of these rates. For this reason the present 

paper has conducted a meta-analysis of learning rates in the wind power sector.  

The empirical results 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 compo-

nents. The results also suggest that the use of extended learning curve concepts, e.g., inte-

grating 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 

learning curve 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 necessarily 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 (Arrow et al., 2009).  
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Abstract
In order to generate meaningful and policy-relevant results from future energy forecasting 
models, reliable estimates of the learning rates are 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 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 to compare the results from different types of model specifications. The empirical 
results support the notion that the estimates of learning-by-doing rates may differ across 
different model specifications. In our data set the presence of global learning for wind power 
appears more important than that of national learning, but the estimates of the (global) 
learning rate are only marginally influenced by the introduction of R&D and scale effects. 
The results also show, though, that the impact of cumulative capacity on wind power costs 
appears to be very sensitive to the inclusion of a time trend in the traditional learning curve 
model.  
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1. Introduction 
Growing concerns about environmental degradation have stimulated the development of new 

carbon-free energy technologies. Still, the future progress of these environmental friendly 

technologies is likely to depend heavily on cost development through further innovation and 

learning (Loiter & Norberg-Bohm, 1999; Neij, 1997). In order to forecast future cost 

developments of energy technologies, use is frequently made of the so-called learning curve 

concept. Learning curves are used to empirically quantify the impact of increased experience 

and learning on the cost of a given technology, and they specify, for example, the investment 

cost as a function of installed cumulative capacity (Junginger et al., 2010).  

The estimates of the technological learning rate are used as inputs in energy forecasting 

models (Jamsab, 2007). The fundamental idea is that investments in new carbon-free energy 

technologies are more expensive than those in existing carbon-intense technologies, but the 

cost of the former can be assumed to decrease with increases in their market share. At some 

point in the future the carbon-free technologies (e.g., wind power) will become a more 

economically attractive choice than the existing carbon-intense technologies, since the old 

technology often experience less potential for cost reductions (Grübler et al., 2002). The cost 

reductions are thus the result of learning-by-doing, that is to say, performance improves as 

capacity expands. 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 quite frequently used all over, all aiming at 

lowering the costs of new environmentally friendly technologies (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 forecasting models, reliable estimates of the 

learning rates are needed. However, it is probably also reasonable to conclude that earlier 

empirical studies of learning rates present hardly any homogeneous conclusions about the 

magnitudes of these rates (e.g., Christiansson, 1995; Goff, 2006; Jamsab, 2007; Wiser & 

Bolinger, 2010). For instance, Lindman and Söderholm (2010) show that the learning rate for 

wind power ranges between -3 and 33 percent depending on study, and similar divergences 

exist for other technologies. For clarification, a learning rate of -3 indicates that a doubling of 

capacity results in a cost increase of 3 percent from its previous level, and a learning rate of 

33 indicates that a doubling of capacity results in a cost reduction of 33 percent. In turn, these 

 1



wind power learning curve estimates are dependent on a number of key assumptions (some, 

not always well-documented). For example, some studies use national cumulative capacity to 

explain the cost reductions (e.g., Durstewitz and Hoppe-Kilpper, 1999; Goff, 2006; and 

Ibenholt, 2002), while some use global capacity (e.g., Isoard & Soria, 2001; and Jamsab, 

2007). If one argues for 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, 2010; Langniß and Neij, 2004). Other 

examples of key assumptions that may differ among the different learning curve studies are; 

the inclusion of other explanatory variables such as R&D, scale effects, and whether or not a 

simple time trend has been added. Hence, while there is no question that productivity benefits 

from experience and hence learning, the exact mechanism is still vaguely understood. In 

particular, there seems to be no common point of view whether there are interindustry or 

international spillovers, e.g., does learning occurs at a global rather than at a national scale, 

and whether the improvements lead to long-lasting technological changes, and even whether 

the learning effects can be separated from other (exogenous) technological change or not 

(Coulomb and Neuhoff, 2006; Nordhaus, 2009).  

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 drawn 

to the question of the choice of national or global cumulative capacity, and the inclusion of 

other variables such as R&D, scale effects, as well as the inclusion of a time trend. 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 2009, global 

cumulative installed capacity increased from about 2 GW to over 157 GW (EPI, 2010). In 

turn, the cost of wind-generated electricity has been reduced, but it is still higher than the cost 

of conventional power generation (e.g., combined cycle gas turbines). Nevertheless, this is 

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. Since it is not only the use of different data sets (with 

different variable definitions covering varying time periods) that causes the differences in 

learning curve estimates, but differences are also believed to be a result of the use of different 

model specifications, the results should be of a more general interest. The estimation of the 

different model specifications are carried through by the use of econometric techniques, and 
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by the comparison of the results from these model specifications when using the same panel 

dataset 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). 

Given the stated purpose, 20 different learning curve models are analyzed. The paper 

proceeds as follows. In section 2 the econometric models of learning are presented. Section 3 

provides a description of the data used and some econometric model estimation issues. In 

section 4 the empirical results are presented and discussed, and in the final section 5 some 

concluding remarks and implications are provided.  

2. Economic Models of Technology Learning 
The basic idea of learning curves and the estimation of learning effects is an approach to 

measure technical change in the form of cost improvement in technologies as a result of 

innovative activities, or 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. There exist a number of studies that have found an empirical 

relationship between cost reduction and cumulative capacity (McDonald and Schrattenholzer, 

2001; Klaassen et al., 2005).  

 
2.1 The One-Factor Learning Curve Specification 

One course of action to examine this probable empirical relationship is to derive the different 

learning curve models (in this case; for wind power technology costs) from a standard 

neoclassical Cobb-Douglas cost function (e.g., Berndt, 1991; and Isoard and Soria, 2001). By 

doing so, this approach permits the researcher to set the learning curve concept in a standard 

neoclassical cost theoretical framework and thereby identify a number of learning curve 

model specifications and discuss some of the main differences across these and any associated 

implications. In this section we present a number of learning curve specifications, and we also 

comment on some of the most important theoretical foundations (assumptions) underlying 

these. 

The simplest and, in energy technology studies, most commonly used form of the 

learning curve connects the cost of the technology to the cumulative capacity installed, and 

for the wind power industry it can be written as: 
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L
ntnt CCC 0                (1) 

 

where  represent 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.  is the 

level of total installed wind power capacity in country/region n (n = 1,…,N) for a given year t 

(t = 1,…,T), and this is used as a proxy for learning. Installed capacity is thereby often 

assumed to equal cumulative capacity (i.e., no windmills are assumed to have been shut down 

during the given time period).  

ntC

ntCC

Previous learning curve studies have a tendency to make different presumptions 

regarding the geographical domain of learning. Some of the earlier studies presume that 

learning in the wind power industry is a global public good, and 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 domestic capacity expansions will 

spill over to other countries worldwide, and thereby the estimated learning rates will be 

relevant only to the case where global capacity doubles. On the other hand, some studies 

focus instead on the impact of domestic 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. These latter model specifications, though, build on the 

assumption that learning does not involve any international spillovers. However, whichever 

presumption you will have regarding geographical domain, cumulative capacity installed is 

still the main driver to explain cost reduction of the technology, and by taking the logarithm 

of equation (1) a linear model is obtained. This model can be estimated econometrically and 

thereby an estimate of L is obtainable. We have the following:  

ntCC

 

ntntLnt CCC lnlnln 0              (2) 

 

where nt is the disturbance term, which is assumed to have a zero mean, a constant variance, 

and is independent  and normally distributed. The learning rate is then defined as 1-2 L and it 

shows the percentage change (decrease usually) in 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).  
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In contrast to previous generation of learning curves, when the focus was on production 

planning or strategic management, the centre of attention in most modern energy technology 

applications has shifted to endogenous technical change and the use of reliable estimates of 

technological learning rates as inputs in energy forecasting models (Papineau, 2004; Jamasb, 

2007). The potential problem, though, is the question of whether these learning estimates are 

reliable or not? If not, the use of such estimates could result in serious difficulties. If, as an 

example, these estimates are used as inputs in an energy forecasting model, which is designed 

to choose the most cost-effective technology mix, the best technology might not be the one 

that is chosen. Despite the fact that the general opinion seems to be that productivity benefits 

from experience and hence learning, the exact mechanism is still vaguely understood. For 

example, there is no general agreement if learning occur at a global rather than at a national 

scale, and if the learning effects can be separated from other (exogenous) technological 

changes or not (Coulomb and Neuhoff, 2005; Nordhaus, 2009).     

 
2.2 Extended Learning Curves 

As mentioned earlier, some of the previous studies that examine learning curves, and thus 

calculate learning rates, use cumulative installed capacity for the area (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, 2005; Neij, 

1997; 1999; Neij et al. 2003; 2004; Söderholm and Klaassen, 2007). However, if one 

considers the international interaction and the thereof expected knowledge 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; Jamsab, 2007; Junginger et al., 2005; Kahouli-Brahmi, 2009), 

and if one stresses the fact that the investment costs for wind power usually to comprise both 

of a national and an international component, it might be useful to consider both global and 

national learning in combination (Ek and Söderholm, 2008).  

According to Langniß and Neij (2004), as the wind power technology is getting more 

and more mature, the scope of learning gets more and more international. In the beginning of 

its developing phase, wind power developed in a rather national and isolated context, and this 

is most certainly not the case today. Then again, certain parts of learning (such as 

authorisation, territorial planning activities, grid connection, foundation etc.) will probably 

remain mainly nation-specific because of its particular geographical, legal or its economic 
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framework conditions, and thus allowing learning only to evolve in a national context. Hence, 

by following this reasoning and earlier formulations, the learning curve where both global and 

national capacities are used can therefore be written as: 

 

ntntLNtLGnt CCNCCGC lnlnlnln 0      (3) 

 

where  represent the cumulative installed wind power capacity at the global level, 

 represent the cumulative installed wind power capacity at the national level, and 

tCCG

ntCCN nt  is 

the new disturbance term which assumes to have zero mean, constant variance, being  

independent  and to be normally distributed. 

 A potential methodological problem when estimating these kinds of learning curves 

deserves a little more attention though; this 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 nonzero 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 (Berndt, 1991). Clearly, this could be a problem 

here, since costs most certainly might be influenced by other variables than cumulative 

capacity. Therefore, some of the earlier learning curve studies have also considered the 

importance of analyzing the impact of including other potential significant explanatory 

variables (e.g., scale effects, time trends etc.) in their learning models.   

In some of the more recent studies, the simple formulation of the learning curve in (2) 

has been extended to incorporate cumulative R&D expenses directed towards wind power or 

(alternatively) an R&D-based knowledge stock as additional explanatory variables (e.g., 

Klaassen et al., 2005; Söderholm and Klaassen 2007). R&D is assumed to improve the 

technology knowledge base, which in turn leads to technical development. These kinds of 

extended learning curves are commonly known as two-factor learning curves, and in addition 

to the general 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 the R&D-based variable. 

Following earlier formulations, the two-factor learning curve can therefore be written as:    

 

ntntKntLnt KCCC lnlnlnln 0       (4) 
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where  is the R&D-based knowledge stock and ntK nt  is the new disturbance term, which is 

assumed to have zero mean, constant variance, being  independent and to be normally 

distributed. In previous studies aiming at empirically evaluating technology learning rates in 

the wind energy sector, the two approaches represented by equations (2) and (4) are the most 

commonly used.  

Following Nordhaus (2009), a potential problem of estimating learning effects may lay 

in the problem of identifying differences in productivity due to learning from exogenous 

technological change. This problem is claimed to exist as a result of the methodological 

difficulty to separate 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., spillovers from outside the industry, R&D, economies of scale and scope, as well 

as exogenous fundamental inventions (for a more comprehensive explanation of his 

reasoning, see Appendix I).      

3. Data Sources and Model Estimation Issues 

3.1 Data Sources and Definitions 

Given the stated purpose, 20 different learning curve models are estimated using econometric 

techniques and a data set that is based on, and extends to, the one used by Ek and Söderholm 

(2010). Specifically, in this paper we use 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). In accordance with the above, the data used to 

estimate the ten models include: (a) the cumulative (installed) capacity of windmills (MW) 

globally; (b) the cumulative (installed) capacity of windmills (MW) on a European level; (c) 

the cumulative (installed) capacity of windmills (MW) on a national level; (d) the cumulative 

(installed) capacity of windmills (MW) globally, justified for national capacity; (e) windmill 

investment cost (US$ per kW); (f) domestic public R&D support in the European countries; 

(g) average size of wind turbines installed in kW. All prices and costs have been deflated to 

1998 prices using country-specific GDP deflators. Some descriptive statistics for all variables 

are presented in Table 1.  

The data on cumulative world capacity and cumulative European capacity were obtained 

from the Earth-Policy Institute. The investment cost data used here represent averages of 
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various real-life wind energy installations (with the exception of the UK 1992 observation, 

which is only based on one project). The Swedish wind power investment cost data were 

obtained from the Swedish Energy Agency. In contrast to most other estimates of windmill 

investment costs, this 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 30 to 40 percent 

of the total (Langniß and Neij, 2004). The data on the average size of wind turbines (in kW) 

for each country and year were collected from Henderson et al. (2001) and BTM Consult 

(2005). 

 

Table 1: Variable Definitions and Descriptive Statistics 

Variables Definition and units Mean Std. Dev. Min Max

Cumulative Global wind capacity Cumulative Global 
capacity in MW 
 

6140 50 1270 23900 

Cumulative European wind 
capacity 

Cumulative European 
capacity in MW 
 

3556 3745 83 17328 

Cumulative National wind capacity Cumulative National 
capacity in MW 
 

518 719 <1 4400 

Cumulative Global wind capacity 
justified for National capacity 

Cumulative Global 
capacity minus National 
capacity in MW 
 

5622 4690 1187 23659 

Investment cost for wind power 1998 US$ per kW 1501 332 870 2268 

R&D-based stock of knowledge Domestic public R&D 
support in the European 
countries 
 

1009 171 528 1269 

Returns-to-scale Average size of wind 
turbines installed in kW 
 

430 213 100 919 

In order to construct the knowledge stock variable, annual public R&D expenditure data from 

the International Energy Agency’s online database were used. In order to manage this, 

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) study 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 that are 

utilized in this paper. The International Energy Agency presents public R&D data for wind 

power starting in the year 1974. In this year the respective domestic R&D expenses were 
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practically (but not entirely) zero. These low figures represent the initial conditions in 

constructing the R&D based knowledge stock. As an example, the knowledge stock reported 

in 1990 for a specific country is a function of the annual R&D expenses throughout the time 

period 1974-1988, and with the above depreciation rate attached to the stock.         

3.2 Different Learning Curve Specifications 

The different specifications of the learning curve models to be compared empirically are 

presented in Tables 2-4. Models I-III all build on the traditional one-factor learning curve 

concept in which investment cost is explained by cumulative capacity, but they differ with 

respect to the geographical scope of the cumulative capacity. In model I national capacity is 

used to explain price reductions achieved from learning, while in model II European capacity 

is used, and in model III global capacity is used. Here, one can expect that the learning rate 

from model III is higher that the learning rate from models II and I. By comparing these three 

models, it is possible to capture if a global instead of a local scope matters when one estimate 

the learning effects. On a local scale, when the cumulative capacity increases and doubles 

from, as an example, 50 MW level to a 100 MW level, this probably should not have an 

equally significant effect as if the cumulative capacity doubles on a global scale from, as an 

example, 15 000 MW to a 30 000 MW level.   

Table 2: One-factor Learning Curves 

Model Estimated learning equation Comments 

I ntnt CCNC lnln 10   
with national capacity 

II tnt CCEC lnln 10   with European capacity 

III tnt CCGC lnln 10  
 

with global capacity 

 

Models IV-VI use global cumulative capacity (Table 3), while in models VII-X both national 

and global cumulative capacities are used (Table 4). In line with Langniß and Neij (2004) and 

Ek and Söderholm (2010), the combination of considering both national and global capacity 

in combination in model VII-X, is of interest since the investment cost for wind power 

include both a national and an international component; the wind turbine itself (which can be 

bought in the global market) constitutes about 60 to 70 percent of the total investment costs 

while the remaining 20 to 30 percent often can be ascribed to as being mainly nation-specific 
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costs (e.g., authorisation, territorial planning activities, grid connection, foundation etc.). 

Hence, it is useful to make a distinction from models that only use national or global capacity, 

and also consider these two in combination. Model VII also builds on the traditional one-

factor learning curve concept in which investment cost is explained by cumulative capacity, 

but in contrast to model I-III, use is made of both national and global capacity as explanatory 

variables. In models V and IX the learning curves are extended by adding scale effects. 

Models IV, VI, VIII and X, have been extended to incorporate R&D expenses directed 

towards wind power, and where model IV and VI uses global cumulative capacity, model 

VIII and X uses both national and global cumulative capacity. Models VI and X are extended 

further by also adding scale effects.       

 
Table 3: Global Learning Curves with R&D and Scale 

Model Estimated learning equation Comments 

IV nttnt KCCGC lnlnln 210   
with R&D 

V nttnt QCCGC lnlnln 210   with scale 

VI  ntnttnt QKCCGC lnlnlnln 3210  with R&D and scale 

Table 4: Learning Curves with both Global and National Capacity 

Model Estimated learning equation Comments 

VII nttnt CCNCCGC lnlnln 210   

VIII ntnttnt KCCNCCGC lnlnlnln 3210   
with R&D 

IX ntnttnt QCCNCCGC lnlnlnln 3210   with scale 

X ntntnttnt QKCCNCCGC lnlnlnlnln 43210  
 

with R&D and scale 

All ten specifications of learning curve models above are also tested for the inclusion of a 

simple time trend. The basic idea behind this is that if the estimated learning coefficients 

indeed are picking up the learning impacts (as expected), they should remain statistically 

significant also after a time trend has been added to the model. If they do not remain 

statistically significant, this could be a sign of that the former estimated results (without time 

trend) were just capturing exogenously given technical progress.     
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3.3 Econometric Issues 

Before estimating the different learning equations, there are a number of important 

econometric issues to consider. First of all, its reasonable to assume that all learning equations 

have an additive error structure, nt , and then one can decompose each of the error terms into 

two components so that:  

 

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 innovation, across the five European countries. These might include geographic 

differences such as wind conditions and/or institutional variations, including ownership 

patterns and planning and permitting constraints. These differences can be assumed to be 

fixed over time for a given country, and then one can eliminate the country-specific 

component by introducing different intercepts (dummy variables) for the different countries. 

This course of action 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, 1995). This also implies that the estimates are 

based only on within-country variations, i.e. on time series variations, something that most 

likely is appropriate for learning curve analysis. The remaining error terms are assumed to be 

normally distributed with zero mean and constant variance.  

4. Empirical Results  
A potential problem might arise in view of the fact that R&D efforts are in turn also likely to 

be affected by the maturity (and hence cost) of the technology. Hence, both the investment 

and the R&D-based knowledge stock could be viewed as being endogenous and thus 

simultaneously determined. In order to test for the presence of endogeneity, the Hausman 

specification test was employed (Hausman, 1978). When the Hausman specification test was 

preformed for the R&D-based knowledge stock in all learning equations that included this 

variable, no statistically significant support for endogeneity was 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 results have been estimated after 
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correcting for autocorrelation applying the Cochrane-Orcutt procedure. All econometric 

analysis was performed using the statistical software Limdep.  

The parameter estimates for different learning curves with no time trend included are 

presented in Table 5, together with calculated learning-by-doing rates (LR) and, where 

appropriate, learning-by-searching rates (LSR), and returns-to-scale effects. Overall all 

models display relatively decent goodness-of-fit measures, R2-adjusted, ranging from 0.764 to 

0.853. However, the estimated learning-by-doing rates vary considerably across the different 

model specifications of the learning curve.  

When comparing models I, II and III, it becomes obvious that the estimated learning-by-

doing rate is substantially lower if one use national capacity as the explanatory variable 

instead of European or global capacity. The learning-by-doing rate from models I, II and III 

are 7.9, 9.1 and 13.7, respectively, and the choice of geographical scope of learning appears to 

have a significant effect on the results. For instance, between 1991 and 2002, installed 

cumulative capacity in Spain doubled almost 10 times, as it increased from 5 MW to 4825 

MW. In the United Kingdom installed cumulative capacity doubled a bit more than seven 

times as it increased from 4 MW to 552 MW. In the same period, global cumulative installed 

capacity doubled less than four times as it increased from 2170 MW to 31100 MW (EPI, 

2010). Hence, the learning that can be associated to any one doubling is smaller if one uses 

the national installed capacity instead of the global (or European) cumulative installed 

capacity, as the explanatory variable. Thus, overall the above results indicate that the choice 

spatial scope of capacity expansion is of great importance when estimating learning rates, and 

when comparing different learning rates from different learning curve estimations it is of great 

importance to have this in mind. 

Model VII also builds on the traditional one-factor learning curve, but in contrast to 

models I-III, both national and global capacities are used as explanatory variables. The results 

of these learning curve estimations shows that the global learning-by-doing rate is still at a 

fairly high and stable level, 11.6 and it remains at a highly statistically significant level. The 

national learning-by-doing rate though, indicates a rather low learning rate, 1.9, and it 

becomes statistically significant only at the 18 percent level. In model V the learning curve is 

extended by adding scale effects. However, here the returns-to-scale effect is positive. This 

was not the expected outcome; because the installation of larger wind turbines over time 

should contribute to cost decreases over time, and thus not resulting in cost increases. 

However, this effect is not statistically significant. 
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Models IV and VI were extended to incorporate R&D expenses directed towards wind power. 

The coefficient representing the R&D-based knowledge stock in wind power is positive in 

both of the models. This is not expected; new investments in public R&D should contribute to 

cost decreases, but this effect is not statistically significant in any of two models that included 

this coefficient. In model VI the learning curve is extended further by also here adding scale 

effects. However, also here the returns-to-scale effect is positive, and not statistically 

significant. Nevertheless, the global learning-by-doing rates from model IV and VI, are 14.9 

and 16.2, respectively, and still statistically significant at the one percent level.  

Models IV-VI use global cumulative capacity, while in models VII-X both national and 

global cumulative capacities are used. By adding scale effects to the learning curve model IX, 

the same pattern is shown as in model V. Also here, the returns-to-scale effect is positive and 

not statistically significant. The global learning-by-doing rate is 13.2 percent and sill 

statistically significant. The national learning-by-doing rate from model IX, indicates a 

national learning rate of 2.3 percent, although it becomes statistically significant only at the 

14 percent level. 

Models IV and VI, VIII and X were all extended to incorporate the R&D-based 

knowledge stock directed towards wind power. The coefficient representing this stock for 

wind power is also positive in all four models. In models VI and X the learning curve is 

extended further by adding scale effects. However, also here the returns-to-scale effect is 

positive in both cases, and not statistically significant in either of the two models. However, 

the global learning-by-doing rates from models IV, VI, VIII and X are 14.9, 16.2, 12.6, and 

13.3 respectively, and still statistically significant at the one percent level. The national 

learning-by-doing rate from models VIII and X, indicates national learning rates of 2.1 to 1.3 

percent, but it becomes statistically significant only at the 15 to 16 percent levels.   

Table 6 repeats the model estimations I-X but with a simple time trend added to each of 

the regressions. Overall the results show that the inclusion of a time trend implies 

significantly different estimates of the learning-by-doing rate. For instance, in model I the 

learning-by-doing rate decreases from 7.9 percent to 2.1 percent as a simple time trend is 

added, implying that in the absence of a time trend, too much variation might be incorrectly 

attributed to industry-specific learning-by-doing instead of to exogenous technological 

progress.  
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Apparently, for all of the models I-X, the estimates of the learning-by-doing parameter appear 

to be rather sensitive to the inclusion of a time trend. However, the lowest difference is found 

in model VII, in which the learning-by-doing rate “just” becomes one percent lower on a 

global level and 0.2 percent lower on a national level, when a time trend is added. Moreover, 

in models IV, VI, VIII, and X, which included a scale effect parameter, the learning-by-doing 

parameter is no longer statistically significant. 

For a better illustration of the above estimated results concerning the learning-by-doing 

rates for all of the different learning curves, a simple bar chart can serve as a brief review.

Learning-by-doing rates from the 10 learning models without time trend included are 

presented in Figure 1, and the corresponding learning rates with a time trend included are 

presented in Figure 2. In sum, the results illustrate that the empirical estimates of learning 

rates might differ significantly across different model specifications even though the same 

dataset is used. The choice of national or global cumulative capacity, and the inclusion of 

other variables such as R&D, scale and the inclusion of a time trend are of great importance 

for the results. Furthermore, the results of the inclusion of a simple time trend also supports 

Nordhaus (2009), when it comes to the potential problem of identifying differences in 

productivity due to learning from exogenous technological change.  

 

 
 

Figure 1: Learning rates from the 10 learning models without time trend 
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Figure 2: Learning rates from the 10 learning models with time trend 

 

5. Concluding Remarks 
This paper has critically analyzed the choice of modeling specification in learning curve 

analyses of wind power. Special attention has been drawn to the question of the choice of 

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

scale effects, as well as the inclusion of a simple 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 to compare the results from 20 different 

types of model specifications. 

The empirical results indicate that the choice of the geographical scope of learning is of 

great importance when estimating learning rates; the estimated learning-by-doing rate is 

substantially higher if one use global capacity as the explanatory variable instead of national 

capacity. In our data set the presence of global learning for wind power also appears more 

important than that of national learning, but the estimates of the (global) learning rate are only 

marginally influenced by the introduction of R&D and scale effects. The use of extended 
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learning curve concepts, thus integrating either scale effects, or R&D (or both) into the 

analysis, have a somewhat surprisingly small effect on the global learning-by-doing rates, 

compared to those generated by one-factor learning curve studies. For example, by adding 

R&D, the global learning-by-doing rate increases from 13.7 to 14.9, when comparing model 

III and model IV, and from 11.6 to 12.6, when comparing model VII and model VIII. This 

casts some doubt on the frequently claimed notion that the single-factor learning curve (thus 

only addressing the impact of cumulative capacity) results in an upward bias of the estimated 

learning-by-doing rate.  

Furthermore, the estimates of the learning-by-doing parameter appear to be rather 

sensitive to the inclusion of a time trend, and these results support Nordhaus’s (2009) 

reasoning when it comes to the potential the problem of identifying differences in productivity 

due to learning from exogenous technological change. 
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Appendix I The Potential Learning Curve Problem According to Nordhaus 

Following Nordhaus (2009), some of the potential problems of estimating learning effects 

may lay in the problem of identifying differences in productivity due to learning from 

exogenous technological change. Here exogenous technological change mean all sources of 

cost declines other than the learning curve determined technological change, e.g., spillovers 

from outside the industry, R&D, economies of scale and scope, as well as exogenous 

fundamental inventions. A simple is set out by Nordhaus to clarify this difficulty. 

If one assumes that all developments are exponential, output ( ) is assumed to grow at 

constant growth rate , so . As a result, cumulative output at time t  ( ) is then:  
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By taking the logarithmic derivative of (A1) we get the growth rate of , which istY g . The 

learning curve is assumed to have a true learning coefficient, b . Moreover, there is an 

assumed constant rate of exogenous technological change at rate h. Thus, the cost function 

can as a result from this be written as:   
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Prices are assumed to be proportional to current direct marginal cost, so the rate of decrease in 

cost ( ) equals the decrease in price ( ), which is given by: tc tp
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Since marginal cost is constant, price becomes exogenous to current demand. Demand is 

determined by a demand function with constant price elasticity ( ), the elasticity of per capita 

demand with respect to aggregate output is , and constant population growth is n . As a 

result, these give the growth in output (demand) as:  

tw

 

nwpg ttt         (A4) 

 21



By substituting nwz tt , which is the autonomous (non-price-induced) growth rate part 

of demand, and solving (A3) and (A4), the following reduced-form equations for the rate of 

cost (price) decline and the rate of output growth are obtainable. Given that the growth rates 

are constant, the time subscripts are nullified. Hence, the price decline is: 

 

)( zpbbghp   

or: 

b
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which is the equation for cost (price). The equation for output growth is:  
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From equations (A5) and (A6) the slope of the so called behavioral learning curve,  is 

calculated, and given that this is equal to , then: gp /

 

zh
bzhgp /         (A7) 

 

where h is the rate of exogenous technological change (that is constant), b is the assumed true 

experience coefficient, z is the autonomous (non-price-induced) growth rate of demand, and 

  is the price elasticity of demand. This illustrates the difficulty in separating the true 

learning parameter, b, from the complicated relationship with the other coefficients in (A7). 

Hence, to attain the true learning parameter, reliable estimates of the rate of exogenous 

technological change, the price elasticity of demand, and the rate of autonomous growth of 

demand, would be considered a necessity. Besides, there is a great risk that the empirical 

experience parameter  will be biased. To demonstrate this possibility, a numerical example 

might serve as good illustration: Let our representative industry have a price elasticity of 
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demand of  = 1, a rate of exogenous technological change of h = 0,01, and a autonomous 

growth rate of demand of  z = 0,03. If the true learning effect, b = 0, then:     

 

25,0
04,0
01,0

03,001,0*1
01,0 03,0*0      

 

Thus, in this case, the empirical learning coefficient, , is 0,25 although the true learning 

coefficient is zero. Then, if the assumption of the true learning effect, b = 0, is dropped, and 

instead is replaced by, b = 0,2, the empirical learning coefficient is equal to:  

 

  4,0
04,0

016,0
03,001,0*1

,0 03,0*2,001      

 

Consequently, the empirical learning coefficient, , is biased, from 0,2 to 0,4. The only case 

in which the empirical learning coefficient is unbiased is when the rate of exogenous 

technological change, h = 0, then: 

   

2,0
03,0

006,0
03,00*1

0 03,0*2,0     

 

Thus,  = b, and the general conclusion is that as long as the rate of exogenous technological 

change, b  0, then the interaction of the rate of exogenous technological change, the price 

elasticity of demand, and the rate of autonomous growth of demand will affect the estimated 

learning coefficient.   
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