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Abstract 
 
Climate change constitutes a major threat to our planet. Finding and developing new technologies that can 
utilize renewable sources of energy is an essential component in combating this threat. The concerns are 
global, and today there is large variation in innovation intensity across advanced countries. Motivated by 
these differences, this thesis provides an empirical investigation of the determinants of country-level 
production of patents related to renewable energy generation. The investigation examines the impact of 
public environmental policy by assessing the effect of policy stringency and environmental taxes on 
renewable patents. Green innovative capacity is not separated from general innovative capacity. Drawing 
from the concept of national innovation system we therefore identify country-specific factors of innovation 
and examine to what extent they can be translated to the domain of environmental technology. We construct 
a panel of 22 OECD countries over the years 1994-2015 and analyze how governmental R&D expenditures, 
how different macroeconomic and institutional factors, as well as how environmental policy stimulate 
innovative activities. We analyze these factors using regression analysis and we use two count data 
models, namely the Poisson model and the Negative Binomial model. Our findings suggest that public 
policy is important for inducing innovation, both by deciding the level of R&D resources available to the 
economy and the level of environmental taxes. Furthermore, our thesis provides evidence that certain 
determining factors of general innovative performance also affect countries’ innovative capacity in green 
technologies. 
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Sammanfattning 
 
Klimatförändringarna utgör idag ett allvarligt hot mot vår planet. Vår förmåga att ta fram ny teknologi, inte 
minst inom förnyelsebar energi, har pekats ut som en avgörande faktor för att vi ska kunna möta 
klimatkrisens utmaningar. Idag kan vi observera stora skillnader mellan länder när det kommer till deras 
förmåga att introducera och utveckla teknik kopplad till förnybara källor. För att förstå vilka faktorer som 
avgör ett lands benägenhet att generera ny teknologi inom detta område genomför vi i denna uppsats en 
empirisk undersökning med fokus på patentstatistik. Vi undersöker både effekten av stringens samt om 
miljöskatter kan användas för att stimulera mer förnybar innovation. Då länders innovativa förmåga inom 
grön teknologi är svår att separera och är starkt kopplad till dess generella innovativa förmåga utgår vår 
studie från teorin om nationella innovationssystem. Genom att använda det ramverket identifierar vi flera 
olika landspecifika faktorer som antas påverkar länders benägenhet att patentera teknik och vi utvärderar 
således teorins relevans inom området för förnyelsebar energi. Denna studie bygger på paneldata från 
OECD-länder mellan åren 1994 - 2015, data som sedermera används för att analysera hur statliga insatser 
kopplade till FoU, hur olika institutionella och makroekonomiska faktorer, samt hur miljöpolicy påverkar 
innovation inom grön teknologi. Våra resultat visar att policy, både i form av satsningar på FoU samt att 
miljöpolitiska åtgärder, spelar en betydande roll för att främja innovation inom förnyelsebar energi. Vidare 
finner vi i denna uppsats att de faktorer som påverkar ett lands generella innovativa förmåga också till en 
viss del påverkar dess förmåga att ta fram och patentera ny teknik kopplad till förnyelsebara energikällor. 
 
 
 
 
 
 
 
 
 
 
Nyckelord: Innovation, Förnybar energi, Nationella innovationssystem, Paneldata, 
Miljöpolicy  
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1 Introduction

One of the most pressing issues of our time is how we will manage the transition to a
more sustainable society. Through the ratification of the Paris Agreement1, for the first
time in history, nearly 200 countries pledged to jointly combat climate change. The
e�orts to address this threat are concretized in the goal to limit global warming below 2
degrees Celsius above pre-industrial levels and that we should pursue e�orts to limit the
temperature increase even further to below 1.5°C (UNFCCC, 2019).

Over the last 25 years the contribution of renewable energy sources to total energy
supply has steadily increased and in 2016 13.7% of total primary energy supply (TPES)
was generated using energy from renewable sources2 (IEA, 2018). One of the keys
to reaching the 2°C goal lies in our collective ability to develop new technologies and
processes that can utilize these sources in the production of energy, moving away from
our dependence of carbon-based resources that are not only limited in supply but also
contribute to the increasing temperature of our planet (IPCC, 2018). Understanding what
factors contribute to the introduction of such technologies is thereby important for policy
makers seeking to create a more sustainable society and in realizing the goals of the Paris
Agreement. Advanced economies evidently vary in their innovative ability and the aim
of this thesis is therefore to investigate how country-specific factors related to innovative
capacity can help us understand those di�erences. Furthermore we seek to explore the
role environmental policy plays in inducing innovation within this technological field.

Several models and concepts have been put forward to grasp the process of innovation.
As an attempt to explain domestic processes of innovation, the notion of National Systems
of Innovation (NIS) emerged. NIS is a system-based view on innovation that identifies
several institutional, economic and regulatory forces that individually and jointly influence
innovative activity in a country. The empirical literature on national innovation systems
tends to use the concept of NIS to explain innovative activity in general, less prone to
explore the concept’s adequacy in the context of specific technological fields. In outlining
the research on the NIS concept, Balzat & Hanusch (2004) identify two dominating
trends, one being performance-oriented studies on NIS and the other taking a descriptive
perspective to highlight qualitative di�erences between innovation systems. Empirical
investigations on NIS have found that the institutional framework plays an important
role in influencing national innovative performance (Liu & White, 2001; Furman et al.,
2002; Gans & Stern, 2003) and in comparing e�ciency across countries best practices of

1The United Nations Framework Convention on Climate Change (UNFCCC) agreement to combat
climate change reached at the 21st Conference of the Parties - COP21 - in Paris, on 12 December 2015.

2In the OECD countries this share was 10.2% in 2017.
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innovation policies have been pointed out (Matei & Aldea, 2012). The aim of this thesis
is to contribute to the existing literature related to NIS by attempting to determine the
impact of country-specific factors on patenting activity within renewables.

Further, seeing introduction of new technology in renewable energy generation as
a mean to realize the goals towards combating climate change, we also analyse the
influence of environmental policies on innovation in renewable technologies. Doing so,
this study assesses the induced innovation hypothesis which suggests that economically
driven innovation responds to relative costs of production inputs. Here environmental
policy has the opportunity to impact inventors’ relative costs of either putting e�orts
towards environmental friendly or damaging technologies. Today, production costs remain
higher in renewable energy sources than in corresponding non-renewables (Johnstone et
al., 2010), suggesting that there is room for policy intervention to induce change. In the
empirical literature several factors’ inductive capacity on environmental innovation have
been investigated, ranging from pollution abatement costs and expenditures (PACE)
(Lanjouw & Mody, 1996; Ja�e & Palmer, 1997; Brunnermeier & Cohen, 2003), to energy
prices (Popp, 2002), types of environmental policy instruments (Johnstone et al., 2010)
and environmental policy stringency (Johnstone et al., 2012). This question has also in
later years garnered a lot of attention within the Directed Technological Change (DTC)
framework which emphasizes the role of carbon taxes and R&D subsidies (Acemoglu et
al., 2016; Aghion et al., 2016). We add to this literature, and in particular to the findings
of Johnstone et al. (2012) as we employ a measure of environmental policy stringency,
that to our knowledge, has not been used before in studies of induced environmental
innovation. Two hypotheses emerge from this discussion:

1. Institutional factors stimulating general national innovative capacity also a�ect
national innovative activity within the specific technological domain of renewable
energy.

2. Environmental policies, and in particular more stringent environmental policies
and environmental taxes, induce technological innovation within renewable energy
generation.

In order to investigate these questions, we use country patent statistics as an indicator
of innovative output and construct a data set consisting of 22 OECD countries3 over
the time-period 1994-2015. Using a simple Poisson model with fixed e�ects we first
investigate what factors a�ect innovation within technologies related to renewable energy

3a list of countries can be found in Appendix B
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generation. The results are then assessed and analyzed using the Negative Binomial
model and we conduct a sensitivity analysis to determine their robustness. Our findings
suggest that some of the country-specific determinants of overall innovative capacity
related to both R&D expenditures and other institutional factors highlighted in the NIS
literature influence innovation in renewable technologies. This finding thereby partly
bridges the gap between the determinants of ”innovation in general” and environmental
innovation. Furthermore, our results indicate that an active environmental policy is
an important determinant of innovation in renewables. We thereby contribute to the
literature by providing further evidence on the capacity of environmental taxes and policy
stringency to induce environmental innovation. These findings highlight that public
policy plays an important role in shaping a country’s green national innovative capacity
beyond just increasing the level of R&D resources available to the economy. The paper
emphasizes the impact of formal institutions and by doing so suggests that policy makers
should consider a broad set of both general and environmental policy options to promote
new technology in renewables.

The remainder of this paper is organized as follows. Section 2 provides the reader with
the theoretical background and describes previous empirical findings related to National
Innovation Systems and environmentally induced innovation. Section 3 discusses patent
statistics as an innovation indicator and presents the data and variables used in our
estimations. In section 4 we present our model specification along with our empirical
results. Following this we elaborate on the key results in section 5 where we also discuss
their policy implications. Lastly, section 6 concludes.

2 Theoretical Framework and Previous Empirical Studies

2.1 National Innovation Systems

The concept of national innovation systems (NIS) is a scheme that aims at understanding
the complex nature of innovation, and more specifically what fosters innovation processes
and innovative activities within nations. The NIS approach, as the name indicates,
regards innovation as a phenomenon that occurs within a system, and tries to explain
the complex set of actors - institutions, businesses, governmental forces and researchers -
and the relationships between those actors that together facilitate and foster innovative
activity within a nation (OECD, 1997).

The concept of national innovation systems was developed in the 1980s by several
authors such as Freeman (1988), Lundvall (1988), and Nelson (1988). The idea was
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subsequently expanded upon and more widely di�used in the 1990s through additional
publications and contributions by Lundvall (1992) and Nelson (1993) as well as Edquist
(1997). However, it is possible to trace the roots of the concept back to the writings of
Adam Smith (1776) and Friedrich List (1841). Smith incorporates knowledge creation in
his analysis of the division of labor while List’s concept of national systems of production
acknowledges the important role that national institutions and infrastructure play in
encouraging education and learning related to the development of productive forces
(Lundvall et al., 2002). The emergence of the concept coincides with the increasing
recognition of knowledge and technological development as drivers of economic growth.
As such, the NIS approach has gained increased attention in recent years, both reflected
in its growing use by international organizations and in the increasing interest given to it
by policymakers (Balzat & Hanusch, 2004).

Traditional approaches on technological development and innovative progress tend to
focus on a simplified idea built on inputs (e.g. scientists or research expenditures) and
outputs (e.g. new knowledge or new inventions). Although attractive in their simplicity,
such models however fail to capture that innovation in reality occur through non-linear
processes rather than following a strictly linear pattern where additions of scientific
inputs will directly increase the number of innovations (outputs) (OECD, 1997). The
NIS framework takes this reality into account, and as such incorporates the complex
relationships between the system’s actors and allows for the occurrence of constant
interactions and feedback mechanisms in the innovation process (Kline & Rosenberg,
1986). During the 1970s and 80s a majority of countries in the OECD experienced
a reduction in productivity, despite high investments in R&D (Samara, Georgiadis &
Bakouros, 2012). This productivity paradox, as it was later dubbed, helps to illustrate
what we discuss above; that the innovation process is more dynamic and complex than
what is proposed by the linear innovation model.

By proposing a system-based view, the NIS framework recognizes that the nation-
specific environment most likely influences the innovation process, and as such the
framework puts emphasis on the role played by institutions in shaping this environment
in which firms, organizations and other economic agents operate. As the concept has
been around since the 1980s, contributing authors have proposed several definitions of
the concept. Although they di�er somewhat in their formulations they all incorporate
the relevant aspects that we discuss above (OECD, 1997):
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• ”...the elements and relationships which interact in the production, di�usion and
use of new, and economically useful, knowledge ... and are either located within or
rooted inside the borders of a nation state” (Lundvall, 1992).

• ”...a set of institutions whose interactions determine the innovative performance ...
of national firms” (Nelson, 1993).

• ”...the network of institutions in the public and private sectors whose activities and
interactions initiate, import, modify and di�use new technologies” (Freeman, 1987).

Further attempts have been made to identify which elements make up the innovation
system. One theory proposes that all national innovation systems are built on five
core components; social networks and dynamic labor markets, shared assets that lower
costs for innovative companies, flexible business models, financial models to support
innovation and appropriate government policies (Cowhey & Aronson, 2017). Another
viewpoint breaks it down to seven parts; institutional conditions, knowledge and human
resources, research activities, market conditions, financial system, innovation process and
technological performance (Samara, Georgiadis & Bakouros, 2012).

Institutions are often discussed within the NIS context as constituting the main base
of national innovation systems. Institutions include both formal ones; e.g. laws, (strength
of) intellectual property rights and constitutions, and informal ones; e.g. sanctions,
traditions and taboos (North, 1990). In the case of innovation systems, the most
important institutions are those that relate to innovation, knowledge and new technology.
Institutions in this context are for instance the patent system, tax system and legal
system protecting intellectual property rights (Liu & White, 2001). Nelson (1993), on
the other hand, discusses institutions in terms of industrial and governmental research
laboratories, industrial agencies and universities, elements which he considers make up
the core of the national innovation system. As such, there seems to be an inconsistency
in the NIS literature as we encounter at least two di�erent meanings of the concept of
institutions. First, institutions are practices, rules and intangible arrangements that direct
and constrain behaviours of actors. Second, institutions are actors such as educational
establishments (universities and research institutes) and education systems (Liu & White,
2001). Regardless of one’s viewpoint, it is worth noting that an economy’s innovative
performance does not only depend on the behaviour and capacity of individual institutions
in isolation, but also on how they are linked to each other and to other parts of society
(Calia, Guerrini & Moura, 2007; Rycroft & Kash, 2004).
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The literature on national innovation systems also observes that governmental policy
has an active and determining role when it comes to shaping a nation’s innovation
system and thereby innovative capacity (Nelson, 1993). As policies a�ect the surrounding
environment in which the economic agents operate they can determine how the actors
within the system perform and interact with each other. Policies may thereby create
incentives for - or discourage - innovative behaviour. According to Furman et al. (2002)
the overall science and technology environment is included in what they call a nation’s
common innovation infrastructure which also involves the mechanisms supporting higher
education and research and the total number of ideas that have been invented, i.e.
the cumulative stock of knowledge upon which new ideas are introduced (Furman
et al., 2002). Among such policies directed towards innovation, governmental R&D
expenditure is perhaps self-explanatory, while support provided to the education system
and governmental support for small businesses also influence the way a country innovate
and di�use new technology (Furman et al., 2002).

Beside innovative infrastructure, Furman et al. (2002) point out two additional
dimensions that furhter determine a country’s capability to innovate and commercialize
new ideas. They highlight the importance of a nation’s industrial clusters, which stems
from theories developed by Porter (1990), and to the strength and functioning of the
interactions between the innovation infrastructure and the industrial clusters (Furman et
al., 2002). Similarly, Freeman (1995) stresses the role of the national education system,
policy, technical and scientific institutions and also adds cultural factors to the scope of
mechanisms that influence the capacity to innovate. Supply of risk capital, openness to
international investment and trade and information and communication infrastructure
are also factors associated with the common innovation infrastructure (Gans & Stern,
2003).

The concept of national innovation systems has been criticized for being too wide,
as it can include almost anything (Lundvall, 2007), and due to the concept’s size and
complexity it is very di�cult to use it in evaluations of innovative performance (Balzat,
2002). From a Schumpeterian perspective the concept has also been criticized for putting
relatively little emphasis on the role of entrepreneurial activities in driving innovation
(Carlsson, 2007) and by doing so might put too little emphasis on monetary incentives
in its analysis. Despite these drawbacks, NIS provides us with a conceptual framework
for understanding what drives di�erences in innovative capacity. By making a clear
distinction what separates one system from another, namely geographical borders, it
provides a tool to assess the role of country-specific institutions and regulation as drivers
of innovation. Moreover, Carlsson et al. (2002) make a point of acknowledging that since

6



the system consists of several parts, a study investigating national innovation systems
might benefit of looking at each part separately and then putting the results together into
a comprehensive picture; ”Measuring the performance of a system seems to be a great
deal easier if the level of analysis is a product, industry or group of industries” (pp. 242).
As this study aims at measuring the innovative performance related to a specific type of
technology (product) - renewable energy generation - this is exactly what we intend to
do. In Section 2.2 we discuss some papers in which the authors have evaluated, measured,
and empirically investigated national innovative systems and innovative performance,
focusing on cross-country comparisons.

2.2 Cross-country analyses on national innovation systems

In order to make cross-country comparisons of innovative performance Furman, Porter
and Stern (2002) developed the concept of national innovative capacity (NIC), defined
as ”the ability of a country - as both a political and economic entity - to produce and
commercialize a flow of new-to-the world technologies over the long term” (p. 900). The
concept is in part built on the NIS concept discussed in the previous section but it
also incorporates two other di�erent, but closely related, theoretical concepts, namely;
endogenous growth theory (Romer, 1990) and the theory of international competitiveness
(Porter, 1990). In their model a nation’s innovative capacity is thought to be determined
by three important components; the common innovation infrastructure, the cluster-
specific innovation infrastructure, and the quality of linkages between the two (Furman
et al., 2002). They define a number of variables intended to capture di�erent dimensions
of these three components, and those are added to their model in a step-wise fashion to
determine which factors a�ect national innovative capacity. As a measure of innovative
performance the authors use patents, or more specifically ”the number of patents granted
to inventors from a particular country other than United States by the USPTO in a given
year” (p. 909).

The authors perform an analysis on 17 OECD member states over the years 1976-1996
and conclude that the relative size of R&D expenditures or the relative number of
researchers accounts for a large part of the variation in patenting intensity across the
countries included in the sample. Other variables that seem to significantly a�ect the
innovative capacity of a country are; (i) openness to international trade, (ii) the quality
of intellectual property protection, (iii) share of research performed by higher education,
(iv) share of GDP spent on education, (v) share of R&D funded by business sectors and
(vi) level of GDP per capita. Their findings suggest that public policy plays an important
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role in determining a country’s innovative capacity. Policy choices are important as they
shape human capital investment, innovation incentives, cluster circumstances, and the
quality of linkages. Thus, to increase the level of innovation policy choices must include
more than just increasing the level of R&D resources available to the economy (Furman
et al., 2002).

Applying the model and the framework discussed above to a large sample of 75
countries Porter & Stern (2002) construct an innovative capacity index that allows them
to rank countries based on their overall innovative capacity. This index is calculated as
the unweighted sum of four sub-indexes capturing the essential components of the NIC
called ”proportion of scientists and engineers”, ”innovation policy”, ”cluster innovation
environment”, and ”linkages” which are derived from a regression analysis. Subsequently,
the paper also ranks the sample countries in these four categories. A similar index using
the same methodology was created by Gans & Stern (2003). This ”Innovation index” was
constructed by analysing a panel of 29 OECD countries between the years 1980 and 2002
and reflects ”the expected number of international patent applications per million persons
given a country’s current configuration of national policies and resource commitments”
(p. 23). What both papers highlight is that there seems to be clear di�erences between
countries’ innovative capacity, and that these di�erences seem to be somewhat persistent
over time4.

In order to explain why countries di�er in their innovative activity Johansson et al.
(2015) investigate 18 industries in 11 European economies over the years 1991-2015. In
their study they proxy innovation as patents granted by the USPTO, and subsequently use
a matrix (concordance table) developed by Schmoch et al. (2003) to match International
Standard Industrial Classification (ISIC) codes to International Patent Classification
(IPC) codes. This allows them to compare di�erences not only at the country level
but also on the industry level. To measure how di�erences in the national innovation
system a�ect patenting they include a set a variables, namely; openness to trade (sum of
exports and imports divided by GDP), market capitalization (value of the stock market
divided by GDP), public expenditures on education per capita, an index measuring
how the institutional environment promotes the development and application of new
technology and lastly an index of intellectual property protection from Ginarte & Park
(1997) (Johansson et al., 2015). Furthermore they include variables related to the level
of R&D intensity in the di�erent industries as well as value added divided by GDP for

4The report by Gans and Stern (2003) has since its initial publication been updated (see Gans &
Hayes, 2004; 2005; 2006; 2007; 2008), and these subsequent reports largely confirm the results from the
original study.
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each of the 18 industries. Applying a pooled Negative Binomial model with country-
and industry-dummies they use this data to construct rankings of R&D e�ciency in
patent production for the countries and industries used in their study. The authors find
that there are substantial di�erences in R&D e�ciency across countries and systematic
di�erences in patent intensity across countries. They conclude that country-specific
factors, positively or negatively a�ect R&D e�ciency, which could suggest that some
countries have adjusted their innovation systems to facilitate and support R&D and
innovation activities (Johansson et al., 2015).

Several authors (Hollanders & Esser, 2007; Matei & Aldea, 2012) apply non-parametric
Data Envelopment Analysis (DEA) to a set of variables that reflect di�erent input and
output dimensions of the national innovation system to determine their e�ciency. In
the paper by Matei & Aldea (2012), a group of European countries are examined and
ranked according to their technical e�ciency. The study performs a comparative analysis
of specific indicators representing a national system of innovation. The indicators are
a set of factors related to a nation’s availability of educated workforce, cooperation
between private and public sectors, quality of the research system, and intellectual
assets, that together make up the DEA model’s input factors. The output is measured
in terms of employment and exports in knowledge-intensive products and services. A
country’s technical e�ciency is evaluated to what degree the country manages to produce
its estimated maximum level of output given its system’s inputs. All variables are
derived from the Innovation Union Scoreboard (IUS) which also classifies countries in
four performance groups; innovation leaders and followers, and moderate and modest
innovators. The results indicate that innovation-leading countries (according to IUS) do
not always have the most e�cient innovation system, while modest innovators are not
necessarily technically ine�cient (Matei & Aldea, 2012). Their model reveals di�erences
between expected innovative outcome given the appearance of a national innovation
system, and the actual innovative performance that operators in the system manage
to achieve. This finding points to the complexity of the innovation process, and to the
realization that policy needs to adjust to its surrounding environment.

As DEA is not able to account for statistical noise in estimation of innovative e�ciency,
Fu & Yang (2009) applies Stochastic Frontier Analysis (SFA) to evaluate cross-country
innovative activities. They construct an international patenting frontier to identify sources
of variation in innovative performance in terms of di�erences between innovation systems.
Beside revealing a country’s ability to innovate, this paper also measures the e�ciency
of the national innovation system as indicated by the distance to the patenting frontier.
Thereby, the model takes into account two aspects measuring a country’s innovative
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capacity; ability and e�ciency. The authors argue that the development level of the
economy, reflected in infrastructure, technological progress and the sophistication level of
institutions, has a significant e�ect on the economy’s innovative e�ciency. More, they
find that private sector R&D and R&D performed by higher education institutions, as
well as degree of intellectual property rights have significant positive e�ects on innovative
capacity, whereas openness to trade and access to venture capital a�ect innovative
capacity negatively. In sum, the authors point to the importance of understanding the
di�erence between inputs and e�ciency transformations, in order to design a successful
policy environment for innovation (Fu & Yang, 2009).

The empirical literature on NIS, which is summarized in Table 9 in Appendix A,
provides us with valuable insights on what factors contribute to countries’ innovative
performance and e�ciency. However, most of the studies on the subject tend to focus on
the most aggregate level, that being general innovative capacity rather than investigating
a specific technological field. As stated in the end of Section 2.1 we move the discussion to
the field of environmental innovation which thus helps to bridge this gap in the literature.

2.3 Induced Innovation

The induced innovation hypothesis was introduced by Hicks (1932) and suggests that
changes in the relative prices of production will motivate firms to invent new production
methods to reduce the need for the relatively expensive factor. Originally developed in
the context of labor economics and formulated in terms of real wages and labor-saving
innovations, this idea was later linked to the research process and to firms’ profit-
maximizing R&D decisions by authors such as Ahmad (1966) and Kamien & Schwartz
(1968) in the 1960s and further developed in the 1970s by Binswanger (1974) (Ja�e et
al., 2003). By recognizing that firms’ R&D investments are driven by profit-motivated
interests, it is argued that the rate and direction of innovation stemming from these
activities are also likely to respond to changes in relative prices (Ja�e et al., 2002). Since
environmental policy is capable of increasing the price of environmental inputs implicitly
and explicitly, environmental economists recognize that the induced innovation hypothesis
can be used to understand the relationship between policy and technological change as
well as evaluating the e�ect of di�erent policy instruments (Popp, 2010) within national
systems of innovation.

The hypothesis can be applied both within neoclassical theory and from an evolu-
tionary economics perspective. In the former, firms are regarded as optimizing agents
always seeking to maximize profits (Ja�e et al., 2003). From this viewpoint, if the relative
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price of an input increases, for example energy, firms would direct their R&D e�orts
towards coming up with innovations that either saves energy, are more energy e�cient,
or derive energy from other sources. This in order to lower their costs and maximize
profits. However, as pointed out by Palmer et al. (1995), if firms are already choosing
their profit-maximizing level of R&D, then imposing a constraint that induces a change
in R&D would decrease firm profits as it causes them to operate at sub-optimal levels.
This tendency implies that environmental regulation and policies may be very costly.

Evolutionary economists regard firms’ R&D investment decisions and firms’ search for
new technologies as activities stemming from ”routines” or ”rules of thumb”. That is, firms
engage in satisficing rather than optimizing behavior (Nelson & Winter, 1982). Therefore,
the evolutionists have a more allowing perspective when it comes to the consequences of
changes to the environment that firms operate in. Since firms are satisficing, it is possible
that firms miss opportunities for increased profits since they are not looking for them
as long as things are going reasonably well. In this context, policies or environmental
regulation can cause firms to find previously undetected profit opportunities as they will
induce a stimulus to new search. This indicates that the cost of environmental regulation
may not be as severe as the neoclassical approach suggests, seeing that it may lead to
the discovery of new ways of doing things (Ja�e et al., 2003). In fact, it has even been
argued that these new ways of doing things might even be more profitable than the old
ways, leading to an asserted ”win-win” outcome (Porter & van der Linde, 1995).

Although economists have been debating what costs are associated with environmental
policies, there seems to be a consensus within the the theoretical literature on induced
innovation that governments and policy makers should be capable of stimulating innovative
e�orts within environmental technologies. As measures of innovative activity, such as
patents, have become more readily available in recent years, several studies have tried to
estimate the influence of prices and environmental policies on environmental innovation.
We discuss this in the following section.

2.4 Empirical evidence on induced innovation

Even though data on patents and R&D expenditures have become increasingly available
in recent years, a challenge that still remains is that of measuring the intensity of
inducement across firms and industries. The best case scenario would be if we could
measure how the shadow price of pollution or environmental inputs a�ect innovation
(Popp, 2010). However, because no such shadow price is readily observable, studies
looking into this relationship need instead use di�erent proxies, such as characteristics of
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environmental regulations, expenditures on pollution abatement, or prices of polluting
inputs (e.g. energy prices). Table 10 in Appendix A provides an overview of some of the
key papers in this strand of literature.

Using a concordance, Ja�e & Palmer (1997) link US patents to di�erent industries
allowing them to study the relationship between environmental regulation and industry-
level patents. Using data from the PACE survey to measure the costs of environmental
compliance the authors are unable to find any significant relationship between regulatory
compliance expenditures and patenting activity. Although, this can be explained by
the fact that the authors do not only include patents associated with environmental
technologies but rather a count of all patents as their dependent variable. However,
their results suggest a significant positive relationship between regulatory compliance
expenditures and R&D expenditure.

Lanjouw & Mody (1996) conduct a cross-country analysis on environmental innovation
including Japan, United States, Germany and 14 low- and middle-income countries with
data ranging from the mid 1970s to late 1980s. As opposed to Ja�e & Palmer (1997) they
use International Patent Classifications (IPC) to identify several environmental patent
classes. By doing so, their findings suggest that there seems to be a relationship between
environmental regulation and innovation, as their results indicate that there is a positive
association between pollution abatement costs and expenditure (PACE) (measured at
the macro level) and patenting activity in environmental technologies for Japan, United
States and Germany (Lanjouw & Mody, 1996).

Brunnermeier & Cohen (2003) investigate determinants of environmental innovation
among US manufacturing industries on a panel data set over the period 1983-1992.
In line with above studies, the authors use patent data to measure innovation, here
specifically measured as successful environmental patent applications granted to the
industry. The investigation focuses on the relationship between pollution abatement costs
and pollution abatement monitoring, and environmental innovation, and findings point
out that increases in pollution abatement expenditures are corresponding to increases
in environmental innovation (in their model patents increase by 0.04% when PACE
increases by $1 million). As for monitoring e�orts however, no such relationship is found
(Brunnermeier & Cohen, 2003).

In order to test the Hicksian hypothesis of induced innovation in the context of envi-
ronmental innovation, Popp (2002) gathers data on US patents related to 11 alternative
energy and energy-e�cient innovations and energy prices to see whether changes in prices
a�ect innovative activity in these technologies. Furthermore, his model also controls for
factors such as the quality of knowledge and other factors influencing R&D e�orts. By
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using a distributed lag model consistent with an adaptive expectations model of price
in which expected future prices depend on a weighted average of past prices, his results
show that energy prices have a strongly significant positive e�ect on energy innovation.
Also noticed is that governmental expenditure on energy R&D hardly has any e�ect on
innovation in energy-saving technology (Popp, 2002).

Focusing on the impact of environmental policies, Johnstone et al. (2010) examine
technological innovation in renewable energy using panel data on 25 OECD countries over
the period 1978-2003. Applying source-specific models, the researchers aim to observe
whether various policies (such as price-based policies like tax credits and feed-in tari�s
or quantity-based policies such as renewable energy certificates (REC)) a�ect innovation
in specific renewable sources di�erently. Their findings point to a significant role of
public policies in relation to the number of patent applications in total renewable energy
technologies. The time period exhibits an increasing activity in patent applications in
several technologies related to renewable energy. Simultaneously, the study observes
increasing e�orts of public policies in support of renewable energy throughout the time
period. Furthermore, their model indicates that there is variation in the e�ects of policy
instruments on innovation in technologies related to di�erent kinds of renewable energies.
For instance, a di�erence between the influence on wind and solar energy by feed-in
tari�s vis-à-vis REC targets is observed. For feed-in tari�s, the incentive has a positive
and significant impact on solar power (a high-cost energy source), whereas wind power (a
low-cost source) is not found to be a�ected by the feed-in tari�s. The opposite relationship
is observed for REC targets (Johnstone et al., 2010).

Lastly, another study on induced innovation in the context of environmental tech-
nologies focusing on the role of public policy is that of Johnstone et al. (2012) in which
the authors hypothesize that more stringent environmental policies induce technological
innovation. Using a selection of IPC classes that targets specific areas of environmental-
related technologies in air, water and waste they collect patent data from the European
Patent O�ce (EPO) World Patent Statistical Database (PATSTAT) for 77 countries over
the years 2001-2007. To measure environmental stringency they use an indicator from the
World Economic Forum’s ’Executive Opinion Survey’. In this survey the respondents are
asked to rate their country’s overall regulation between 1 and 7, where 1 = lax compared
with that of most of other countries and 7 = among the world’s most stringent. Looking
at the e�ects on all countries in their sample they find that increases in perceived policy
stringency do indeed have a positive e�ect on environmental innovation activity. They
also examine whether the e�ect di�ers across country types. Here their results show
that the e�ect is stronger for OECD countries than for non-OECD countries as well as
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the e�ect increases when looking at countries with a higher Government expenditure on
R&D (GERD) to GDP ratio. In order to present their results in concrete terms they
calculate the marginal e�ect for their models which indicates that a one unit increase in
policy stringency would induce 1.5 - 4.5 more patents, or a 6 - 9% increase on average
(Johnstone et al., 2012).

Policies represent an incremental part of a nation’s innovation system and, as shown,
have the capability of inducing innovation in certain types of technologies. However, we
must take into account that the e�ectiveness of policies in inducing innovation could
depend on the overall structure of the innovation system in which the policies are put in
place. Examining the empirical research on induced innovation we observe that country-
specific institutional factors are less commonly considered in this context. Our paper
thus contributes to the literature by shedding some light on this area. In the next section
we discuss the role of a certain type of policy, namely taxes and subsidies as emphasized
in the Directed Technological Change framework.

2.5 Directed Technological Change

The idea that environmental policy and regulation can induce innovation and in extension
direct technological change towards cleaner technologies has in recent years been expanded
upon in studies by Acemoglu et al. (2012, 2016) and Aghion et al. (2016). These articles
propose models in which technological change is regarded as endogenous, i.e. taking place
within the model, while also acknowledging that profit-maximizing firms actively decide
whether to devote research and resources to improvements in either clean (environmentally
friendly) or dirty technologies. In this strand of literature a great emphasis is put on the
impact of carbon taxes and research subsidies, not only when it to comes to inducing
innovation in environmental technologies but also, and more importantly, how these
instruments can be used to re-direct innovation from dirty to clean technologies.

Acemoglu et al. (2012) point out that a policy aimed at redirecting technological
change from dirty to clean inputs needs to combine both carbon taxes and research
subsidies. Research subsidies are needed to directly encourage the path of research
towards the development of clean technologies, while carbon taxes are needed to control
for emissions and to discourage research in the dirty sector. Their model suggests that
the level of carbon taxes and research subsidies that needs to be implemented depend
on the level of substitution between the two inputs (clean vs dirty), whether dirty input
resources are exhaustible or not, and on the initial stock of resources and quality of the
environment. In the empirically plausible case where inputs are su�ciently substitutable,

14



the paper concludes that policy intervention needs only be temporary to successfully
direct technological change. As interventions in the form of taxes and subsidies will
direct research towards clean technology, this will allow its relative productivity to grow,
making it increasingly profitable for scientists to venture into this sector. Once clean
technologies are su�ciently advanced, profit-maximizing firms will automatically shift
their innovation and production toward such technologies, and further governmental
intervention will at this point not be needed. Furthermore, the model highlights the
importance of intervening sooner rather than later due to path dependency, implicating
that the costs of switching increases the longer we delay intervening. The gravity of path
dependency is expanded in the paper by Acemoglu et al. (2016) in which the authors
acknowledge the fact that dirty technologies have had a head start compared to their
clean counterparts. Due to path dependency, capital investments in infrastructure and
R&D have historically been directed towards dirty technologies, allowing the stock of dirty
innovations to grow and such technologies becoming more advanced. Hence, the marginal
e�ect of investing in this sector is higher (more profitable) than in the clean sector, which
creates a gap between the two types of technologies that discourages research e�orts
towards clean technologies (Acemoglu et al., 2016).

In order to test how research subsidies and carbon taxes a�ect innovation within
the clean and dirty energy sectors Acemoglu et al. (2016) apply a microeconomic model
to US data between 1974-2004. Their findings suggest that both carbon taxes and
research subsidies have a positive influence on innovation in the clean energy sector, and
that by using both it is possible to speed up the transition from dirty to clean energy.
Similar evidence is provided in a paper by Aghion et al. (2016) that analyzes directed
technological change in the auto sector using patent data from a sample of 3 243 firms in
80 countries between 1965-2005. Their findings suggest that increases in tax-inclusive
fuel prices (their proxy for carbon taxes) stimulate innovation in ”clean” technologies
whereas dirty innovation is depressed. Furthermore, their results provides evidence of
path dependency as firms more exposed to clean innovation are more likely to direct their
research towards this sector in the future. In the same manner, firms that historically
have focused on dirty innovation are also more likely to continue this behaviour going
forward.

This extension of the literature on induced environmental innovation thus underlines
the impactful role that taxes and subsidies can play in re-directing technological change
towards clean innovation. Technologies in renewable energy are arguable clean substitutes
to dirty sources of energy, but due to path dependency a transition to such energy sources
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could prove to be di�cult. Therefore it is important that intervention is not put on hold
as such behaviour would make the transition even more di�cult and costly.

3 Data

3.1 Patent Data

The fact that innovation is an elusive concept and thus di�cult to measure is a problem
that has eluded economists for a long time. Given the important role that innovation
plays in modern economies, the scientific community has put much attention on finding a
reliable way to measure the phenomenon. Candidates such as research and development
expenditures or number of scientific personnel are not suitable because they measure
innovative inputs rather than outputs and are thus at best imperfect indicators of an
economy’s innovative performance (Griliches, 1990; Johnstone et al., 2010). Total factor
productivity (TFP) is another potential candidate, although it is a�ected by other factors
than innovation such as the business cycle and a country’s overall economic performance
(Nagaoka et al., 2010). Further, some studies use innovation sales, measured as the share
of sales attributed to new products and processes to measure innovative output (Lööf
& Heshmati, 2002; Faber & Hesen, 2004). This way or measuring innovative output
has the advantage that it considers the commercial viability of innovation as it accounts
for innovations’ impact on firms’ sales. Related to this measure is arguably the most
conventional way to measure innovative performance, namely patents. This indicator
has certain properties that makes it suitable for studies that compare innovative activity
between countries in narrow technological fields, such as environment-related technologies
(Haščič et al., 2015).

A patent is an o�cial document issued by national patent o�ces that grants the
exclusive right to an individual to produce or use a specific new technique, instrument or
process for as long as the patent lasts. To qualify for patent protection, an innovation is
required to be novel, involve a non-obvious step, and be commercially viable (Dernis &
Guellec, 2002). Patent systems aim to promote innovation and technological development,
as they protect the innovator’s ideas from being exploited by others and provide economic
incentives for creation of new ideas.

Patenting is a way codifying knowledge (OECD, 1997) and patents o�er a good index
of inventive activity as patents focus on the outputs of the innovative process (Griliches,
1990). Patent data provides a large amount of information about the nature of the
invention, inventor(s) and applicant (Dernis & Guellec, 2002). Moreover, it has several
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characteristics that makes it a preferable measure of innovation compared to the ones
discussed above. As it is widely accessible, quantitative and discrete, patent data is easily
subjected to the development of indicators. Furthermore, and important in the context
of studies on environmental-related innovation, patent data can be disaggregated into
specific groups and sub-classes since each patent contains extensive information on their
specific technological features (Haščič & Migotto, 2015).

Also, patent systems consistently work the same way internationally and the systems
have not been subject to any major changes throughout the years (Griliches, 1990).
Because granting patents follows an objective standardized procedure, patent statistics
are comparable across countries and across time, yet another feature that is attractive
when studying innovation and technological development (Haščič & Migotto, 2015).
However, we must note that there are some disadvantages associated with using patents
as a proxy for innovation. As Griliches (1990, p.15) famously put it:

”Not all inventions are patentable, not all inventions are patented, and the
inventions that are patented di�er greatly in ”quality”, in the magnitude of

inventive output associated with them.”

Breaking down this observation, the first proclamation that not all inventions are
patentable means that not all inventions meet the three requirements of novelty, being
non-obvious and commercially viable. The implications are that patents exclude and
cannot measure for example organisational, managerial and non-technological innovations
(Haščič & Migotto, 2015).

The decision to patent an invention is voluntary, and thus the reasons for applying
or not applying for a patent will be influenced by many factors. It can be argued that
secrecy is a more important mean of protection, and since applying for a patent means
revealing an idea to competitors, this cost can be greater than what is expected to
be gained by acquiring the patent (Popp, 2002). According to De Rassenfosse (2010),
non-patented innovations may account for more than 50% of all innovations. In addition,
surveys of inventors show that the propensity to patent in fact varies across industrial
sectors, countries and over time (Haščič & Migotto, 2015) giving weight to the second
part of the statement, that not all inventions are patented.

Although the inventor’s pertained costs for applying and granting a patent suggest
that the patented item may be expected to generate a future earning, not all inventions
accomplish to become commercialised and adopted, resulting in varying economic value
among patents (Haščič & Migotto, 2015). Furthermore, most patents only represent small
technological improvements, while major scientific breakthroughs are far less common.
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Even though this suggests that patents di�er greatly in ”quality”, Dernis & Guellec
(2001) note that there are very few cases of economically significant inventions that have
not been patented. Although, as discussed, usage of patent counts is not spared from
di�culties, it is still the best source of data on innovation which is readily available and
comparable across countries (Johnstone et al., 2010).

3.2 Dependent variable - Patents related to renewable technologies

As we aim to investigate what factors a�ect innovative capacity within renewable tech-
nologies we gather patent data from the OECD environmental statistical database. The
patent statistics o�ered in this database have been constructed using data from the
European Patent O�ce (EPO) Worldwide Patent Statistical Database (PATSTAT) which
is a database that covers data from over 90 patents o�ces, with some data ranging all
the way back to the late 19th century for some countries (Haščič & Migotto, 2015).

As discussed above patent statistics have the preferable characteristic that they
can be disaggregated into specific groups and sub-classes. The OECD database from
which we collect our data considers those patents which can be related to di�erent
environmental technologies based on their International Patent Classification (IPC) code
and its extension Cooperative Patent Classification (CPC) code (Haščič & Migotto,
2015)5, classifications which have been developed by the World Intellectual Property
Organisation (WIPO). Thereof, the patent counts studied in this paper rely on the
IPC classifications used by the OECD to determine whether a patent is related to the
technological field of renewable energy generation. The OECD uses the Y02 scheme
introduced by Veefkind et al. (2012) to define whether certain patents can be characterised
as relating to renewable energy generation, a summary table of which is found in Table
11 in Appendix C.

The database considers the year in which the inventor(s) first filed for patent protection,
anywhere in the world, as the invention year. This priority date is widely considered to
be the closest date to the actual invention. Furthermore, to decide a patent’s country of
origin the database uses the country of residence of the inventors(s) (Haščič & Migotto,
2015). When a patent is the result of several inventors residing in di�erent countries the
database provides each country with a fractional count of the patent. For instance when
a patent is the result of two (three, or more) inventors residing in di�erent countries,
each country will be given a count of 0.5 (0.33, etc).

5A complete list of the IPC classes and search strategies used to compile the database can be found
in OECD (2016).
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When collecting our data we only consider patents belonging to a patent family
size larger than or equal to 2 (PF Ø 2) as a routine to mitigate the issues relating to
the observation that inventions di�er greatly in quality. Patent family size annotates
the number of jurisdictions (patent o�ces) in which patent protection has been sought
(Harho� et al., 2003). There are substantial costs associated with applying for patent
protection, why it is more likely that inventors file for protection at multiple patent o�ces
only if the invention is considered being of ”high-value” (Haščič et al., 2015). Empirical
evidence suggests that the quality of an invention rises with the number of o�ces in
which it has been applied for patent protection (Harho� et al., 2003).

During our sample period, 1994 to 2015, a total of nearly 59.000 patent applications
in renewable technologies were filed among the 22 countries. Since 1990, overall patenting
activity in renewables has grown and an exponential increase appears to have taken o�
around the turn of the century lasting until the late 00s when a peak was reached and
a decline followed. Figure 1 illustrates this development and shows that the average
patenting activity in 2015, the final year of our sample, is back at levels observed seven
years earlier, suggesting a level of maturity in renewable technologies.

Figure 1: Average patent applications in renewable technologies (all countries)

Figure 2 gives patent counts in renewable technologies by inventor country. We see
that Japan had the highest number of renewable patents up until mid-2000s when the
United States took over this position. Also noticeable is the great di�erence in patenting
activity across countries, as the top four countries (United States, Japan, Korea and
Germany) together are responsible of 73% of all patent applications.
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Figure 2: Patents in renewable technologies by inventor country over time

However, if we are to compare countries’ innovating activity we need to account for
the relative di�erences in the size of nations’ scientific capacity and e�orts (Johnstone
et al., 2012). In Table 1 the respective country’s patent counts are weighted by three
measures of innovative input to yield measures of patent intensity. For the two first inputs,
the same five countries rank at the top (highlighted in bold) with Denmark showing
exceptionally high values in both categories, which most likely is attributed to their
relative small size and well-known patenting capacity in wind energy (Johnstone et al.,
2010). We also observe that the largest producer of patents in renewable technologies, the
United States, comes in second to last when weighted by expenditures on general R&D.
Examining R&D related to energy, we observe that Hungary and Portugal suddenly rank
amongst the top five countries, despite being amongst the lowest ranked in the two prior
categories.

20



Table 1: Number of patent applications in renewable energy technologies per unit of R&D e�ort
(1994-2015)

Country GERD R&D Personnel Energy R&D
AUS 3.26 0.38 1.47
AUT 4.24 0.62 1.23
BEL 2.52 0.34 (1.48)
CAN 2.20 0.23 0.69
DEN 16.26 1.91 1.94
FIN 1.71 0.20 0.31
FRA 1.93 0.24 1.16
DEU 5.23 0.76 2.08
GRC 3.45 0.17 (1.00)
HUN 1.70 0.11 (2.09)
IRL 3.67 0.47 (0.83)
ITA 2.57 0.28 0.55
JPN 4.69 0.71 2.45
KOR 5.01 0.78 (2.55)
NDL 3.64 0.44 0.55
NOR 5.65 0.66 1.79
PRT 1.90 0.14 4.50
ESP 3.99 0.35 0.95
SWE 1.92 0.30 0.63
TUR 0.65 0.07 1.37
GBR 3.18 0.32 2.04
USA 1.65 0.35 0.92

Note: The table gives the annual mean number of patent applications for renewables during 1994-2015, classified by inventor
country, and normalized by country’s GERD (in billion US Dollars, using current prices and PPP), R&D personnel (in thousands)
and R&D expenditures related to energy (in million USD Dollar, using 2017 prices and PPP)
Countries in top five for each category are indicated in bold face
Brackets signal that observations on Energy R&D are not available for whole time period.

3.3 Independent variables

R&D is arguably one of the most important inputs when it comes to determining a
country’s innovative capacity (Furman et al., 2002) and including variables related to the
level of R&D is thus essential in the national innovation system framework. Our study
includes three di�erent variables capturing the level of capital and labour devoted to
this input factor; gross domestic expenditure on R&D (GERD), total domestic RD&D
expenditure related to energy (EnergyR&D) and total R&D personnel and researchers in
the business enterprise sector (R&D Personnel).

GERD is the most general variable as it is an aggregate measure covering all sectors
of the economy. This instrument is not limited to a certain product or technology. As
such, all expenditures related to research and development are incorporated and therefore
this variable works as a measure of resources devoted to the ideas-producing sector of
the economy. Using a measure of aggregate R&D expenditure can be found in numerous
empirical papers relating to national innovation systems and patenting activity (see e.g.
Furman et al. (2002) and Johnstone et al. (2012). GERD is expressed in current US
Dollars (USD) and is adjusted for Purchasing Power Parity (PPP).

Our second variable of innovative input, R&D Personnel, captures the number of
people that are dedicated to the introduction and development of new technology. The
measure is expressed as full-time equivalent personnel working on R&D in the business
enterprise sector. This means that someone working 50% is counted as 0.5, which
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generates a continuous quality of the variable. Both public and private enterprises and
institutes providing services to such enterprises are counted as the business enterprise
sector (OECD, 2015).

Thirdly, we include a measure that specifically relates to the energy sector, namely
total RD&D budget related to energy. By adding this, we aim to examine how targeted
R&D a�ects patenting activity in renewable technologies and whether such investments,
as we suspect, have a larger e�ect than general R&D expenditures. The data, gathered
from the OECD iLibrary, has been compiled by the International Energy Agency and is
measured in 2017 US Dollars (USD) again adjusted for PPP.

In Figure 3 we observe that both GERD and R&D personnel follow a similar trend
over time which seems to be rather linear. Both seem to take a small dive in the late
2000s before returning to the trend observed before. As R&D expenditures include wages,
salaries and bonuses to scientists, researchers and other R&D related personnel, the two
variables are likely correlated and it is therefore not surprising that they follow a similar
trend. Energy-related R&D follows a bit dissimilar trend and most noticeable is observed
having a large increase between 2008 and 2009, which in large part can be attributed
to the United States that increased their R&D related to energy almost by a five-fold
between these years.

Figure 3: Measures of R&D

Note: The figure depicts yearly averages of our three measure of innovative inputs

Albeit, a country’s innovative performance does not only depend on the level of
innovative inputs as emphasized by the NIS conceptual framework, but is also influenced
by systematic factors such as institutions and policy decisions. Those factors may have
the capacity to either amplify or reduce the e�ciency of a country’s innovative e�orts. We
include several measures of institutional and policy-related factors to see how and if they
a�ect a country’s innovative performance within renewable technologies. Acknowledging
the vastness and complexities of the NIS concept we are aware that our variables are
only able to capture a small fraction of the concept and are by no means exhaustive. In
particular we do not include variables related to non-formal institutions in our model. We
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base our selection of variables in large part on previous studies on the subject (Furman et
al., 2002; Johansson et al., 2015) which have found these to be important determinants
of innovative performance. It is here worth noting that these previous studies have
investigated how those factors a�ect general innovative performance, i.e. total patenting
activity. As we state in hypothesis 1, we therefore seek to investigate if the results related
to overall patenting capacity can be translated to innovation related to renewables.

In producing innovative outputs, not only the quantity but also the quality of the labor
force is an important determinant (Furman et al., 2002; Liu & White, 2001). We include
the relative expenditure on education (% of GDP) to measure the intensity of human
capital investments made by the government, using data from the World Bank. The
assumption is that increased expenditure on education contributes to a more high-skilled
base of workers from which firms and institutions across the economy can hire labor, both
for formal R&D activities and other innovative-related activities (Furman et al., 2002),
which thereby spill over and positively a�ect innovation within renewable technologies.
Worth noting is that the variable expresses government expenditure and may therefore
be lower in countries where the education system is more reliant on private actors.

Further, we include an index variable that accounts for the quality of the legal
environment which is theorized to a�ect a country’s innovative activities. In particular
our variable ”assess the extent to which a country’s legal framework allows individuals
to acquire, hold, and utilize private property, secured by clear laws that the government
enforces e�ectively” (Miller et al., 2019, pp. 457). We include this factor as there seems
to be a positive link between the quality of the legal environment, often proxied as the
strength of the national intellectual property (IP) system, and a country’s propensity to
patent (Danguy et al., 2014; Furman et al., 2002; Johnstone et al., 2010) and following,
the question becomes if this link is also present in regards to patents within renewable
technologies.

Critics of the NIS concept have expressed that the framework neglects profit-driven
aspects of innovation, proclaiming that the concept fails in understanding the profitable
incentives that push the inventor or scientist to transform an idea into a commercialized
product, and eventually apply for the right to patent (Carlsson, 2007). In order to
address such claims, we include a variable that captures businesses’ incentives to innovate,
measured as the fraction of GERD financed by private actors. It has been argued that
private firms engage in innovation-based competition (Furman et al., 2002) and that
such competition could increase the innovative activities occurring within a nation as it
causes firms to sink more resources into R&D in order to stay competitive. The measure
also accounts for di�erences across countries with dissimilar financing structures in R&D.
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Using this measure, we intend to account for the role that business enterprises play in
production of renewable technologies.

The degree to which countries are open to international trade and therefore to
international competition and technology transfer, is another factor that potentially can
influence a country’s innovative performance (Furman et al., 2002). The underlying idea
is that intensified international competition encourages innovation and forces scientists
and researchers to hold international patents in order to protect and economize on their
ideas (Johnstone et al., 2010). Furthermore, a more open economy has access to a
larger (global) market which increases the possibilities to derive returns from R&D
and it has been shown that international competition seems to stimulate innovation
in environmental technologies (Brunnermeier & Cohen, 2003). Additionally, domestic
innovative performance might benefit from knowledge spillovers derived from having a
more open economy (Fu & Yang, 2009). Such spillovers might be particularly important
for nations developing technologies that address such global issues as the environment
and climate change. We therefore include a measure of openness to trade, measured
the conventional way as a country’s sum of exports and imports in goods and services
divided by GDP.

In accordance with our intended goal to examine determinants of innovation in
renewable energy, a form of environmental innovation, we include variables that reflect
environmental policy. Such policy measures have often been the focus in previous papers
which seek to explain environmental innovative performance (e.g. Brunnermeier & Cohen,
2003; Johnstone et al., 2010; Johnstone et al., 2012; Lanjouw & Mody, 1996). Firstly, we
include an index of environmental policy stringency (EPS) from OECD to account for the
relative stringency of environmental policy. The index is composed of 14 environmental
policy instruments, and the degree of stringency is based on the extent of which policies
put an explicit or implicit price on polluting or environmentally harmful activities
(OECD, 2019). It ranges from 0 (not stringent) to 6 (highest degree of stringency).
Seeing that the index covers a great variety of policy instruments, we argue that the
risk of making misleading comparisons across countries is reduced. Because we explicitly
examine patents in renewable energy generation, the fact that OECD’s EPS index is an
indicator of policies primarily related to climate and air pollution, of which fossil fuels
are heavily accountable, there are reason to believe this measure of policy stringency
is specifically relevant in the context of renewable energy innovation. Previous work
on factors of environmental innovation has considered a variety of measures mostly
based on survey data to reflect environmental policy stringency (Ja�e & Palmer, 1997;
Brunnermeier & Cohen, 2003; Johnstone et al., 2012). This paper thus adds to the
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literature by employing a new measure and similar to the measures used in previous
studies we expect that our variable also has a positive e�ect. Figure 4 shows the mean
value of the EPS-index over 1994-2015 for each country, illustrating a consistency among
the OECDs where the index value of the majority of countries span between 1.5 - 2.5 on
average. Outside this range, we find Turkey and Ireland at the bottom, while Denmark
stands out as having the most stringent environmental policy.

Figure 4: Average Environmental Policy Stringency

A targeted tax is a frequently used policy instrument to direct technological change
towards more environmental-friendly technologies, and we therefore include a variable of
total environmental tax revenue related to energy collected from the OECD statistical
database. This energy tax measure includes tax revenue derived from energy products
(fossil fuels and electricity) including those used in transportation (petrol and diesel) and
includes all CO2-related taxes and is measured in 2010 US Dollars (USD) adjusted for
PPP. Heavier taxation on energy derived from fossil fuels should in accordance with the
DTC framework lead to increased patenting activity in more environmentally friendly
technologies, i.e. renewable technologies. However, it is worth noting that this is not a
perfect proxy for the e�ect of taxes as increases in this measure need not only be the
e�ect of increased environmental tax levels but can also stem from increased usage of the
taxed energy sources.

Figure 5 gives an idea of the overall development in governmental revenue from
environmental tax related to energy. We see that there has been a rise in tax revenue
between 1994 and 2015, which is interpreted as either increases in usage of tax-burdened
products and processes or increases in the level of taxation on such behavior or a
combination of both. Fluctuations in the figure indicate signs of a drop in tax revenue
around the time of the recent financial crisis.

25



Figure 5: Average environmental tax revenue related to energy

Lastly, to measure the relationship between energy prices and renewable patents,
we employ an index of energy prices collected from the International Energy Agency
(IEA)6. This is a real index, meaning that it controls for inflation, and is constructed
using end-use prices of di�erent energy products7 for both industry and households. The
base year of the index is 2015 (index value = 100), and it thus allows us to see how the
price of energy has varied over time for all countries included in our sample. We suspect
that as the price of energy rises, more e�orts will be made in producing technologies
related to renewable energy generation, thus leading to an increase in patenting activity,
a suspicion which is in line with previous research in the area (Popp, 2002; Johnstone et
al., 2010). In Figure 6 we visualize how the price of energy has developed over time for
all countries in our sample.

Figure 6: Real index of energy prices

6The data was downloaded from the OECD iLibrary
7Including oil products, electricity, natural gas and steam coal
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To summarize the statistical features of the variables we include in this study, we
provide Table 2 covering mean values, standard deviations, minimum and maximum as
well as number of observations.8

Table 2: Summary Statistics

Variable Name Mean Std. Dev. Min. Max. N

Patents related to renewable technologies PATENTS 121.062 267.59 0 1756 484
General Expenditures on R&D GERD 34.607 73.753 0.607 495.098 484
Expenditures related energy R&D EnergyR&D 0.681 1.33 0.002 11.132 445
FTE Personnel devoted to R&D R&DPersonnel 238.223 380.522 8.654 2057.69 484
Environmental policy stringency EnvPolicy 2.077 0.917 0.458 4.133 484
Property rights protection PR 80.397 12.898 40 95 479
Openness to trade Openness 74.947 38.117 16.104 216.187 484
Governmental expenditure on education EducExp 5.165 1.261 2.251 8.56 484
Private R&D funding PrivR&D 52.639 12.582 19.475 78.173 478
Environmental Tax Revenue EnvTax 20.68 20.89 1.531 81.228 484
Energy Price Index EnergyPrice 89.113 17.835 36.525 134.917 484
GDP per Capita GDP 38.883 16.256 6.890 91.617 484

4 Model Specification and Empirical Results

4.1 Model Specification

As we hypothesize that innovative performance in renewable technologies is influenced by
a number of di�erent factors related to innovative inputs (i.e. R&D), policy, institutional
and macroeconomic factors related to the national system innovation, and prices, we
specify the following reduced-form equation:

PATENTSi,t = —1R&Di,t + —2POLICYi,t + —3NISi,t + —4PRICEi,t + —5GDPi,t + “T + –i + ‘i,t (1)

where i = 1,..., 22 indexes the cross-sectional unit (country) and t = 1994,..., 2015
indexes time. The dependent variable, patents, is measured as the number of patent
applications in the technological area of renewable energy. The explanatory variables
include a vector of variables related to R&D (R&Di,t), environmental policy (POLICYi,t),
the national system of innovation (NISi,t) and a variable for energy price (PRICEi,t).
GDPi,t measures GDP per capita and is included to control for the level of technological
sophistication as suggested by Furman et al. (2002), while T is a set of year-dummies
used to control for the evolving di�erences across years in the level of innovative output
(Furman et al., 2002). Furthermore, –i is included to capture the e�ect of unobservable
country-specific heterogeneity. All the residual variation is captured by the idiosyncratic
error term (‘i,t).

8A table (12) containing the definitions of the variables as well as the sources from where they are
collected can be found in Appendix D.
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Altogether, our collection of data composes a set of eleven regressors in addition
to the dependent variable. Our dependent variable takes the form of a non-negative
integer-valued random variable, that is a count variable, meaning that it represents the
number of occurrences of a specific event, in our case; filings of a patent application. To
handle this type of data in the context of panel data Hausman et al. (1984) developed a
generalized Poisson regression model and applied this to analyze the relationship between
patents and R&D expenditures using a dataset consisting of 128 firms over a period
of seven years (1968-1974). To allow for persistent individual e�ects (i.e. each firm’s
propensity to patent), fixed or random e�ects was included in the model. Using this
model with fixed e�ects has since become a common departure point in practice when
conducting extended specification search (Greene, 2012) and will furthermore be the
departure point in this paper as well.

Worth bearing in mind is that this model makes the strong assumption of equidisper-
sion, meaning that the conditional variance is equal to the conditional mean, V ar [yi|xi] =
E [yi|xi], something that is rarely observed in real-life data. Failure to account for this
may understate the estimated standard errors (Cameron & Trivaldi, 1998). In the case
of overdispersion, V ar [yi|xi] ”= E [yi|xi], Cameron & Trivaldi (2010) suggest that one
either uses the Poisson estimator with robust standard errors or apply the Negative
Binomial (NB) estimator which explicitly takes overdispersion into account. Since the
NB model is designed to deal with overdispersion, its use may lead to improved e�ciency
in estimation compared to the robust Poisson estimator. The Poisson panel estimator
on the other hand relies on weaker distributional assumptions, that is correct specifica-
tion of the mean. Using Poisson with robust standard errors might therefore have the
advantage of being more robust compared to the NB model under uncertainty in the
distributional assumptions. After we have conducted our specification search we will
therefore re-estimate the preferred specification both using robust standard errors and
applying the Negative Binomial estimator to see how that a�ects our results.

Seeing that our data set is comprised of several variables related to national innovation
systems, induced innovation and environmental policy we decide to use a step-wise
approach where we start with a very restricted model which we subsequently make more
and more complex by adding new variables. This way, we intend to identify a model that
properly explains the factors that drive innovation in renewable energy generation in the
OECDs9. To decide the preferred model we thereafter conduct a set of statistical tests
(which either favours a restricted or unrestricted model).

9a similar approach is used in (Furman et al., 2002).
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Looking at Figure 3 we see that our three measures related to R&D appear to be
highly correlated and the correlation matrix10 confirms this suspicion. Including all
three measures would thus cause our model to su�er of multicollinearity and fail to yield
reliable estimators. In our initial specification (1) we therefore only include the most
general measure, that being GERD, to see whether or not this has a significant e�ect
on patents related to renewable technologies. Seeing that the Poisson model transforms
the dependent variable to a logged variable, we can interpret the coe�cients as semi-
elasticises (Cameron & Trivaldi, 1998) meaning that a one point increase in GERD (1
BIL USD) in model (1) is associated with an approximate 0.1% (¥ 100ú0.00104) increase
in patents related to renewable technology. In model two (2) we include our variables
related to the national innovation system and as we see, all these variables enter into the
model significantly. We see that the e�ect of GERD increases to 0.00266 suggesting that
when controlling for variables related to the national system of innovation, increasing
GERD by 1 billion USD leads to a 0.26% increase in renewable patents. Interestingly
enough our variable related to R&D investments made by the private sector is negative
which suggests that patenting related to renewables decreases as the share of total R&D
funded by private enterprises increases. In model (3) we include the variables related
to environmental policy. Not surprisingly both variables show a significant positive
sign, which can be interpreted as stronger environmental policy increases the incentives
to innovate in renewable technologies. Again we see that including these variables
increases the e�ect of GERD on renewable patents, now indicating that a 1 billion USD
increase in general R&D expenditures increases renewable patents by approximately
0.34%. Comparing model (3) to (2) we also observe that the e�ect of property rights
remains quite stable, in both models an increase by one unit would approximately lead
to a 1% increase in renewable patents. The e�ect on openness to trade, educational
expenditure as well as private R&D funding however decreases from 0.00392 to 0.00293,
0.296 to 0.190, and -0.00777 to -0.0126 respectively, all however remain significant. Lastly
in model (4) we include our price variable to examine what e�ect the price of energy has
on innovative performance in renewable technologies. As the table show, the variable
does not have a significant e�ect on renewable patents. This might be explained by the
fact that this variable is measured as an index with the same base year (2015 = 100)
for all countries, and not as the actual prices of energy meaning that the cross-country
di�erences in price that may be present is not accurately captured. Furthermore, we
notice by looking at the correlation matrix that this variable is highly correlated with
our policy stringency variable. The fact that the variables correlate may be a reason why

10See Appendix G.
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the price variable turns out to be insignificant. It is also likely that energy prices are
strongly influenced by energy taxes, which might help to explain this result.

Table 3: Poisson Model with Fixed E�ects

Dependent variable: (1) (2) (3) (4)
Renewable Patents Only R&D Including NIS variables Including policy variables Including prices

GERDi,t 0.00104úúú 0.00266úúú 0.00343úúú 0.00346úúú

(0.000173) (0.000220) (0.000227) (0.000230)

PRi,t 0.0107úúú 0.0102úúú 0.0105úúú

(0.00114) (0.00120) (0.00126)

Opennessi,t 0.00392úúú 0.00293úúú 0.00303úúú

(0.000920) (0.000941) (0.000948)

EducExpi,t 0.296úúú 0.190úúú 0.194úúú

(0.0187) (0.0198) (0.0202)

PrivR&Di,t -0.00777úúú -0.0126úúú -0.0129úúú

(0.00237) (0.00244) (0.00246)

EnvPolicyi,t 0.0995úúú 0.0994úúú

(0.0117) (0.0117)

EnvTaxi,t 0.0338úúú 0.0339úúú

(0.00239) (0.00239)

EnergyPricei,t -0.000789
(0.000889)

GDPi,t 0.0590úúú 0.0310úúú 0.0385úúú 0.0383úúú

(0.00393) (0.00452) (0.00447) (0.00448)

Significant Year E�ect YES YES YES YES
N 484 473 473 473
Countries 22 22 22 22
Loglikelihood -3116.31 -2808.613 -2653.942 -2653.548
AIC 6278.621 5671.225 5365.884 5367.096
BIC 6374.808 5783.521 5486.497 5491.869
All regressions include controls for country and year e�ects as well as technological sophistication (GDP per capita)
Standard errors in parentheses
ú

p < 0.10, úú
p < 0.05, úúú

p < 0.01

Model selection involves trade-o�s between fit, parsimony, and ease of interpretation.
One way to determine which model to use is to examine the model-comparison statistics
- log likelihood, and Akaike and Bayes information critera (AIC and BIC) (Cameron &
Trivedi, 2010) and then proceed with the model that provides the lowest values. Looking
at the statistics of our models, this procedure favors model (3), although model (4) seems
to provide us with rather similar values. The fact that (2), (3) and (4) are extensions of
(1), and as such include the same parameters means that the models are nested in each
other. We can therefore use the likelihood-ratio test (LR-test) to see which of (3) and (4)
is preferable (Cameron & Trivedi, 2010). If we can reject the null hypothesis (p < 0.05)
this means that we should use the alternative model, in our case model (4). As the test
statistic provides us with p = 0.3748 we can conclude that we should not use model (4)
and that model (3) is the one that best fits our data.11 Our preferred model therefore

11the output of the test can be found in the appendix, which also includes LR-tests to check between
model (1) and (2), and model (2) and (3).
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becomes:

PATENTSi,t = —1GERDi,t + —2PRi,t + —3Opennessi,t + —4EducExpi,t

+—5PrivR&Di,t + —6EnvPolicyi,t + —7EnvTaxi,t + —8GDPi,t + “T + –i + ‘i,t

(2)

4.2 Fixed or Random E�ects

Thus far, we have estimated our model using fixed e�ects but we also need to consider
the alternative, that is random e�ects. According to Cameron & Trivaldi (1998) the
random e�ects model should be used if the sample is drawn from a population and one
wants to make inferences on the population. If one instead wishes to limit oneself to
explaining only the sample, the fixed e�ects model should be used. In the latter case,
the researcher thus makes inferences conditional on the e�ects that are in the sample,
while in the former the inferences are unconditional with respect to the population of all
e�ects (Hsiao, 2003).

Using random e�ects estimator means assuming that –i is independent and identically
distributed (iid). In particular this implies that the random e�ects are uncorrelated with
the regressors. The estimation thus relies on the strong assumption that individual specific
unobservables are uncorrelated with individual specific observables. This assumption is
not made in the fixed e�ects model. In this model –i could be determined by individual-
specific time-invariant regressors (Cameron & Trivaldi, 1998). If the random e�ects
model is correctly specified, it is then possible to use either the fixed or the random
e�ects model as they are both consistent, in this case however RE is more e�cient. If
the random e�ects are in fact correlated with the regressors the random e�ects estimator
loses its consistency and it is preferable to use fixed e�ects (Cameron & Trivaldi, 1998).

A common test used to determine which estimator is preferable is the Hausman test
(Cameron & Trivaldi, 1998)12. Under the null hypothesis, both the RE and FE estimator
are consistent but RE is more e�cient and failure to reject the null thus suggests one
should use random e�ects. Rejection of the null hypothesis means that only the FE
estimator is consistent and that one should proceed with using this over the RE estimator.
Table 4 shows the results when the model has been re-estimated using random e�ects and
we observe that although the estimates change, the estimated coe�cients are very similar
compared to the fixed model and the standard errors become somewhat smaller implying
e�ciency gains from using random e�ects. We conduct a Hausman test which provides
evidence for using the random e�ects model as we cannot reject the null hypothesis13.

12Hausman et al. (1984) also uses this test and it leads to rejection of the random e�ects model.
13the output of the test can be found in Appendix F.
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However, we must be aware of the fact that our sample of 22 OECD economies has
by no means been selected using a random process and can not be argued as being a
representative sample of the population. Thereby we decide to not use RE, despite the
results of the Hausman test, as making inferences regarding the whole population of
countries is not appropriate. Furthermore, RE only provides us with small e�ciency
gains and although not as e�cient, FE is still a consistent estimator and safe to use as it
does not make the same strong assumptions as the RE model.

Table 4: Fixed vs Random E�ects

Dependent variable (3) (5)
Renewable patents Fixed E�ects Random E�ects

GERDi,t 0.00343úúú 0.00340úúú

(0.000227) (0.000222)

PRi,t 0.0102úúú 0.00978úúú

(0.00120) (0.00118)

Opennessi,t 0.00293úúú 0.00281úúú

(0.000941) (0.000934)

EducExpi,t 0.190úúú 0.183úúú

(0.0198) (0.0197)

PrivR&Di,t -0.0126úúú -0.0136úúú

(0.00244) (0.00225)

EnvPolicyi,t 0.0995úúú 0.0985úúú

(0.0117) (0.0117)

EnvTaxi,t 0.0338úúú 0.0344úúú

(0.00239) (0.00236)

GDPi,t 0.0385úúú 0.0353úúú

(0.00447) (0.00436)

Significant year e�ects YES YES
N 473 473
Countries 22 22
Loglikelihood -2653.942 -2843.5
AIC 5365.884 5747.001
BIC 5486.497 5871.773
Standard errors in parentheses
ú

p < 0.10, úú
p < 0.05, úúú

p < 0.01

4.3 Poisson or Negative Binomial

Before jumping too far in our conclusions we need to check whether the simple Fixed
E�ects Poisson model is a good fit given the structure of our dependent variable. If the
dependent variable is in fact overdispersed, the simple Poisson model may lead us to false
conclusions regarding the impact of our regressors as it might understate the standard
errors leading to seemingly significant results.

Looking at the descriptive statistics of our dependent variable the first evidence of
overdispersion we notice is that the conditional variance is significantly higher than the
conditional mean (V ar = 267.62, while Mean = 121.1). Second, we examine our patent
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data in a histogram and observe that it is strongly skewed to the right further raising
our suspicion that it does not follow a Poisson distribution.

Figure 7: Histogram

As proposed by Cameron & Trivaldi (2010) we therefore re-estimate our model firstly
using robust standard errors and secondly by applying the Negative Binomial model
with fixed e�ects. As mentioned previously, given correct specification of the mean, one
could use Poisson with robust standard errors as opposed to the default standard errors
even if the data is not Poisson distributed. The estimators will thus remain consistent
between the models but will come at the cost of losing e�ciency (as the standard errors
will increase) (Cameron & Trivaldi, 1998). When using the NB estimator, we suppose
that our dependent variable, the count of renewable patents (PATENTSi,t), follows a
negative binomial distribution, as assumed in Johnstone et al. (2010). Patent count is
modeled as a Poisson process with an unobserved error parameter (u) which introduces
heterogeneity in the variance, and an intensity parameter (µ) explained (in log) by a
vector of explanatory variables (X) (Johnstone et al., 2010):

PATENTSi,t æ NegBin(µ; ‡), that is (3)

PATENTSi,t æ with

Y
_]

_[

µ = µ̃ · u = exp(—X)

u æ �
1

1
‡ ; 1

‡

2 (4)

Hence, E(PATENTSi,t) = µ and V ar(PATENTS) = µ(1 + ‡2µ), meaning that
the assumption of equidispersion is relaxed. In this specification we observe that as
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‡2 æ 0 the model will converge to a Poisson distribution with intensity µ (Johnstone et
al., 2010).

The results are found in Table 5 and contrasted with the initial simple Fixed E�ects
Poisson results. As the simple Fixed E�ects Poisson model understates the standard
errors in cases where the equidisperion condition is not met we see that when using the
other two estimators our results change considerably. Comparing the Poisson model
using robust standard errors to the simple Poisson, all SEs increase leading to several
previously significant coe�cients becoming insignificant.

Table 5: Comparing model estimators

Dependent Variable: (3) (6) (7) (8)
Renewable Patents Poisson FE Poisson FE Robust Neg.Bin FE Neg.Bin RE

GERDi,t 0.00343úúú 0.00343úú 0.00315úúú 0.00317úúú

(0.000227) (0.00154) (0.000458) (0.000435)

PRi,t 0.0102úúú 0.0102 0.00602ú 0.00608ú

(0.00120) (0.00939) (0.00321) (0.00314)

Opennessi,t 0.00293úúú 0.00293 -0.0006 -0.00142
(0.000941) (0.00382) (0.00193) (0.00186)

EducExpi,t 0.190úúú 0.190 0.0687 0.0528
(0.0198) (0.147) (0.0428) (0.0418)

PrivR&Di,t -0.0126úúú -0.0126 -0.0156úúú -0.0149úúú

(0.00244) (0.00953) (0.00373) (0.00363)

EnvPolicyi,t 0.0995úúú 0.0995úú 0.0413 0.0504
(0.0117) (0.0472) (0.0377) (0.0368)

EnvTaxi,t 0.0338úúú 0.0338úú 0.0240úúú 0.0254úúú

(0.00239) (0.0148) (0.00357) (0.00339)

GDPi,t 0.0385úúú 0.0385 0.00683 0.0100ú

(0.00447) (0.0295) (0.00592) (0.00554)

Significant Year E�ects YES YES YES YES
N 473 473 473 473
Countries 22 22 22 22
Loglikelihood -2653.942 -2653.942 -1665.819 -1848.985
AIC 5365.884 5365.884 3389.637 3760
BIC 5486.497 5486.497 3510.251 3888.9
Standard errors in parentheses
ú

p < 0.10, úú
p < 0.05, úúú

p < 0.01

In the robust model (6), the variables that lose significance are Property Rights,
Openness, Governmental Expenditure on Education and Private R&D Funding, which
means that none of the variables used to measure the influence of NIS appears to
a�ect patenting in renewable technologies. However, remaining variables related to the
environmental policy framework are still significant when using robust standard errors
but they are indicated at the 5% level of significance instead of the previous 1% level.
Gross domestic expenditure on R&D also remains significant at the 1% level. This finding
highlights that environmental policies in combination with R&D e�orts are important
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determinants of patents in renewable technologies while the general innovation system
appears less deterministic in the context of environmental patenting.

As for the results generated using Negative Binomial with fixed e�ects (7), not only
standard errors are a�ected but examining the coe�cients also shows that the e�ect of
each factor changes. The interpretation of the coe�cients does not change, they are still
interpreted as semi-elasticises like in the Poisson model (Hilbe, 2011). The standard
errors in (7) are larger than those in model (3), but smaller compared to model (6).
This is in line with our expectations as the Negative Binomial model explicitly handles
overdispersion, leading to a more e�cient estimators compared to the robust one. Again,
expenditure on R&D is significant at the 1% level and indicates a positive impact only
slightly weakened compared to model (3). Two of the factors related to the national
innovation system remain significant, that being property rights (PR) now exhibiting
a smaller positive e�ect on patents, and private R&D funding which now has a larger
negative impact. While the latter is significant at the 1% level, the former is now only
significant at the 10% level. As for our two variables representing national environmental
policy, environmental taxes remain significant at 1% whereas the EPS index no longer
comes out significant. Further, the e�ect of environmental taxes decreases from 0.034 to
0.024 indicating that the role of environmental policy is smaller than revealed in previous
estimations. In sum, using estimates that tackle overdispersion in our data influences the
results mostly regarding the significance of our coe�cients. Although we also observe
that the size of certain coe�cients is a�ected, we argue that the most notable e�ect is
the loss of significant results.

Although the Poisson model has a weaker distributional assumption i.e. correctly
specifying the mean which makes it more robust (Cameron & Trivedi, 2010), the model
statistics displayed at the bottom of Table 5 indicates that the Negative Binomial model
provides us with a better fit. This is evident as the AIC, BIC and Log likelihood statistics
are significantly lower in comparison. Furthermore, previous studies (see e.g. Johnstone
et al. (2010), Wagner (2007) and Messeni Petruzzelli et al. (2011)) point to the Negative
Binomial model’s capability to handle overdispersion as a justification for using it when
analyzing patent counts since such data is often characterized by this property (Hausman
et al., 1984). Taking above arguments and statistical justification into account, we opt
for using the Negative Binomial regression in the following sections where we conduct
sensitivity analyses. We observe that the estimated results in (7) and (8) are very similar,
with random e�ects providing only minor e�ciency gains. Once more we cannot reject
the null hypothesis after conducting the Hausman test14, meaning that using either FE

14the test statistics can be found in Appendix F.
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or RE is possible. However, based on the same arguments provided in Section 4.2, our
final accepted model is (7) i.e. the Negative Binomial regression with fixed e�ects, and
the two following subsections will subsequently analyze these results more in depth.

4.4 Sensitivity to innovative inputs

In Table 6 we estimate the model as specified in Equation 2, but alternate the innovative
input variable, resulting in two novel models which we compare to our base model. In
model (9) we use the number of workers devoted to R&D (R&DPersonneli,t) while in
model (10) we use RD&D expenditure related to energy (EnergyR&Di,t). The motivation
is to investigate whether the propensity to patent within renewable technologies is sensitive
to di�erent measures of R&D. We find that each one of our innovative input variables
is positive and significant at the 1% level. What is notable is that the e�ect of R&D
targeted towards renewable energy is larger than the e�ect of the general measure of
R&D (GERD) which is in accordance with our expectations as explained in Section 3.3.
This result suggests that policies and governments have impactful roles in stimulating
innovation within this technological sector. Furthermore, this finding is in line with
the DTC literature that points out subsidies as important tools in directing innovation
towards clean technologies (Acemoglu et al., 2012; 2016; Aghion et al., 2016). In model
(10) the coe�cient suggests that a 1 billion USD increase in targeted R&D would increase
the number of patents by approximately 4.3%. Since salaries, wages, bonuses etc. paid
out to R&D personnel are included in the GERD measure it is not surprising that R&D
Personnel remains significant and positive in (9). As this variable is measured in thousand
full-time equivalent scientists, this means that an increase by 1000 workers dedicated to
R&D would increase the number of renewable patents by about 0.14% (ceteris paribus).

We also observe that all significant variables in our base model (7) remain significant
and keep the same sign when the proxy for innovative input varies. However, we see that
the coe�cients change somewhat when compared to model (7). In model (9) the level of
property right protection and environmental taxes show a less positive e�ect on patenting
within renewable technologies. Most notable is that the e�ect of environmental taxes has
decreased by almost 44%, and we see that the negative e�ect of private R&D funding
has lessened. While the e�ect of environmental taxes has decreased it is important to
point out that this is the only model in which Environmental Policy Stringency shows
a significant e�ect (at the 5% level) on renewable technologies as opposed to model (7)
and (10) where it is insignificant. This fact might explain the weaker e�ect of taxes
that the result indicates. Considering the interpretation of both policy stringency and
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environmental taxes, it seems that environmental policies are still important determinants
in the production of patents related to renewable technologies.

In model (10) the e�ect of the level of property rights protection has increased and is
significant at the 5% level indicating that the legal environment is a stronger determinant
in the production of patents when R&D is directed toward renewable technologies. We
also observe that the negative e�ect of private R&D funding is smaller compared to
model (7), showing a coe�cient of ≠0.00999, and that the positive e�ect of environmental
taxes has decreased.

Summarizing the findings from this section, it seems that although the factors that are
significant in (7) keep the same sign and remain significant in (9) and (10), their estimated
e�ect seems to be rather sensitive to what measure is used as proxy for innovative input.

Table 6: Comparing di�erent innovative inputs

Dependent variable: (7) (9) (10)
Renewable Patents with GERD with R&D Personnel with R&D on Energy
Estimation method Neg.Bin FE Neg.Bin FE Neg.Bin FE

GERDi,t 0.00315úúú

(0.000458)

R&DPersonneli,t 0.00141úúú

(0.000156)

EnergyR&Di,t 0.0433úúú

(0.0152)

PRi,t 0.00602ú 0.00505ú 0.00854úú

(0.00321) (0.00306) (0.00370)

Opennessi,t -0.000600 -0.000297 -0.00314
(0.00193) (0.00185) (0.00207)

EducExpi,t 0.0687 0.0249 0.0119
(0.0428) (0.0417) (0.0444)

PrivR&Di,t -0.0156úúú -0.0143úúú -0.00999úú

(0.00373) (0.00368) (0.00419)

EnvPolicyi,t 0.0413 0.0878úú 0.00835
(0.0377) (0.0362) (0.0411)

EnvTaxi,t 0.0240úúú 0.0135úúú 0.0168úúú

(0.00357) (0.00368) (0.00361)

GDPi,t 0.00683 0.00966ú 0.00679
(0.00592) (0.00577) (0.00643)

Significant Year E�ects YES YES YES

N 473 473 434
Countries 22 22 22
Loglikelihood -1665.8 -1656.6 -1566.7
AIC 3389.6 3371.2 3191.3
BIC 3510.3 3491.8 3309.4
Standard errors in parentheses
ú

p < 0.10, úú
p < 0.05, úúú

p < 0.01
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4.5 Sensitivity analysis by sample countries and study period

We further review the robustness of our findings by dividing the data into various sample
subgroups similar to Furman et al. (2002). The results are presented in Table 7.

First, we restrict the analysis to European countries (11), meaning that the regression
is based on data excluding the sizeable amount of patents produced in the United
States, Japan and Korea. It could be assumed that by limiting the sample to only
European countries we examine a more homogeneous group of countries in terms of
welfare, innovation environment and cultural tradition compared to the group including
all 22 countries. Putting our attention to European countries, we see that the e�ect of
energy taxes decreases from approximately 0.024 to 0.013, while openness to trade exhibits
a significant negative impact of ≠0.005, suggesting that an increase in international trade,
as a share of GDP, has a dampening e�ect on patenting in renewable technologies. The
latter finding is a rather surprising one since we hypothesize that this variable would
have a positive e�ect on patenting; a more open economy is expected to face greater
international competition and be able to benefit from knowledge spillovers leading to an
increase in patent activity. Seeing that R&D expenditure as well as property rights lose
their significance in this restricted sub-sample indicates that variation within European
data is not su�cient to verify the role of factors determining environmental innovation.

Restricting our sample to the pre-2010 period in (12), we examine the influence
of each factor before the peak in patenting activity observed in our sample. In this
shorter sample we find that all previous results except property rights remain significant.
However, in the full sample estimation the property rights variable is only significant at
the 10% level and it is therefore not too surprising that it becomes insignificant since
we lose 126 observations (¥ 26%). In addition, the influence of environmental policy
stringency and Governmental expenditure on education are now significant at the 5%
and 1% level respectively. It therefore seems that a more high-skilled work force was
an important determinant in the production of patents within renewable technologies
for the pre-2010 period and the result suggests that increasing the share of GDP spent
on education by 10 percentage points is associated with a 1.3% increase in renewable
patents. The positive coe�cient of environmental policy stringency suggests that greater
stringency in policy has a positive impact on the number of patents produced in this
period, and it is possible that part of the reduced influence of environmental taxes may
be picked up by the significant policy stringency variable. Another observation that we
make is that the e�ect on R&D expenditure seems to be stronger in this estimation
evident by its slight increase from 0.0031 to 0.0036.
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In sum, more factors seem to a�ect patenting in renewables when we limit the sample
to the pre-2010 period. This is most likely attributed to the negative trend that is
observed following 2010, which our model seems unable to properly explain, and it is
possible that a more elaborated and complex model could shed light on this (which
is something that we leave for future research). Furthermore, the European subgroup
generates results where only two factors are significant. Thus, what appears being evident
regarding renewable patenting within the full sample of 22 OECD countries is not as clear
when examining only the 17 European OECDs. It might therefore be the case that there
are di�erences between the European and non-European countries that are not picked up
by our model and inclusion of variables to measure these di�erences could prove helpful
in explaining why the results di�er when only European countries are analyzed.

Table 7: Comparing sub-sample groups

Dependent variable: (7) (11) (12)
Renewable patents Full sample using only using only

European countries pre-2010 observations
Estimation method Neg.Bin FE Neg.Bin FE Neg.Bin FE

GERDi,t 0.00315úúú 0.00337 0.00361úúú

(0.000458) (0.00217) (0.000615)

PRi,t 0.00602ú 0.00603 0.000505
(0.00321) (0.00428) (0.00419)

Opennessi,t -0.000600 -0.00565úú -0.00276
(0.00193) (0.00261) (0.00293)

EducExpi,t 0.0687 0.0456 0.167úúú

(0.0428) (0.0460) (0.0586)

PrivR&Di,t -0.0156úúú 0.00955 -0.0146úúú

(0.00373) (0.00592) (0.00440)

EnvPolicyi,t 0.0413 -0.0120 0.135úú

(0.0377) (0.0570) (0.0536)

EnvTaxi,t 0.0240úúú 0.0134úúú 0.0196úúú

(0.00357) (0.00479) (0.00446)

GDPi,t 0.00683 -0.0117 0.00780
(0.00592) (0.00851) (0.00822)

Significant Year E�ects YES YES YES
N 473 369 347
Countries 22 17 22
Standard errors in parentheses
ú

p < 0.10, úú
p < 0.05, úúú

p < 0.01

5 Discussion and policy implications

5.1 Discussion of results

The descriptive data shows that patenting in renewable energy technologies has been
increasing since 1994, although a decline in patenting activity is evident towards the
last six years. Although the group of OECD countries may be considered somewhat
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homogeneous in terms of economic development, jurisdiction and welfare, there are
notable di�erences in patenting activity within the technological field of renewable energy.

In our thesis we investigate what influences the number of renewable patents produced
within countries and therefore how these di�erences in patenting activity can be explained.
We do this by applying the national innovation system framework to see what influence
certain institutional factors have on countries’ innovative capacity along with the induced
innovation hypothesis to investigate the e�ect of environmental policy. We employ a
regression model (as specified in Equation 2) on a panel data set of 22 OECD economies
between 1994-2015. As our dependent variable is a non-negative integer (i.e. count
variable) we employ two di�erent count data models, Poisson and Negative Binomial, to
investigate the e�ects of our selected variables.

Table 8: Key results

Dependent variable: (3) (5) (7) (12)
Renewable patents Full sample Full sample Full sample Pre-2010
Estimation method Poisson FE Poisson RE Neg.Bin FE Neg.Bin FE

GERDi,t 0.00343úúú 0.00340úúú 0.00315úúú 0.00361úúú

(0.000227) (0.000222) (0.000458) (0.000615)

PRi,t 0.0102úúú 0.00978úúú 0.00602ú 0.000505
(0.00120) (0.00118) (0.00321) (0.00419)

Opennessi,t 0.00293úúú 0.00281úúú -0.000600 -0.00276
(0.000941) (0.000934) (0.00193) (0.00293)

EducExpi,t 0.190úúú 0.183úúú 0.0687 0.167úúú

(0.0198) (0.0197) (0.0428) (0.0586)

PrivR&Di,t -0.0126úúú -0.0136úúú -0.0156úúú -0.0146úúú

(0.00244) (0.00225) (0.00373) (0.00440)

EnvPolicyi,t 0.0995úúú 0.0985úúú 0.0413 0.135úú

(0.0117) (0.0117) (0.0377) (0.0536)

EnvTaxi,t 0.0338úúú 0.0344úúú 0.0240úúú 0.0196úúú

(0.00239) (0.00236) (0.00357) (0.00446)

GDPi,t 0.0385úúú 0.0353úúú 0.00683 0.00780
(0.00447) (0.00436) (0.00592) (0.00822)

Significant Year E�ects YES YES YES YES
N 473 473 473 347
Countries 22 22 22 22
Standard errors in parentheses
ú

p < 0.10, úú
p < 0.05, úúú

p < 0.01
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Table 8 provides an overview of our key results and by examining those outputs, we
observe that the simple Poisson model (3) produces the result which best meets our
expectations as it indicates several significant determinants of environmental innovation.
The finding that general expenditures of R&D is a positive determinant is not surprising
as it is arguably the most important innovative input for producing patents. It helps
explain why such a large fraction of the patents produced over the observed time period
can be attributed to a small set of countries as larger economies can devote larger
resources to R&D, thus resulting in more innovative outputs. This result is also in line
with studies looking at the relationship between R&D and general innovative capacity
where a positive e�ect is observed (Furman et al., 2002) but extends this result to the
domain of technologies related to renewable energy generation. As stated in Section 4, a
1 Billion USD increase in gross domestic R&D expenditure is associated with a 0.34%
increase in renewable patents. Thus, the economical significance of this variable warrants
a short discussion. Firstly we note that expenditures related to R&D incorporates a
broad set of e�orts in the research sector, not all of which are related to producing
patents and new technology. Secondly, based on our own calculations, it is further worth
noting that the total number of renewable patents produced in our sample account for
about 1% of total patents in all technologies. However, the positive influence proves that
patenting activity within renewable technologies make use of general R&D investments.

In model (3) we also find that all variables related to the national innovation system
enter significantly. As opposed to GERD these variables are not scale-dependent and
thus provide a more nuanced picture of the observed di�erences in innovative capacity.
This might prove helpful in explaining the variation in R&D productivity we observe in
Table 1. Seeing that these variables are all significant, this result puts emphasis on the
institutional context and extend some of the findings in previous papers (Furman et al.,
2002; Johansson et al., 2015) to the context of environmental innovation.

Within this context we find that the quality of the legal system has a positive impact
on patenting and innovation. We manage to show this using a measure that to our
knowledge has not been employed in previous studies on determinants of innovation. This
variable is an index ranging between 0-100 and our results would therefore suggest that
increasing this by one unit would approximately bring about 1% more renewable patents.
Our results therefore strengthen the argument that it is important for governments not
only to institute fundamental laws that protect innovation but also to make sure that
those are enforced e�ectively, if they are to create a favorable environment in which
innovation can occur.
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One, perhaps striking, finding is the large e�ect that education expenditure seems to
have on our dependent variable. As previously stated, the coe�cients are interpreted
as semi-elasticises, which thus would suggest that a one percentage point increase in
education expenditure would increase the number of patents by ¥ 19% which seems a bit
excessive. However, looking at the data and the summary statistics we notice that the
average expenditure on education as a share of GDP is roughly 5% and has remained
at quite stable levels over the years for most countries in our sample. A one percentage
point increase thus means about a 20% relative increase in expenditure from the average
level which makes our result a bit more comprehensible. Despite this we still need to
be cautious as our results might overstate the e�ect of governmental expenditure on
education. Still, the finding indicates that the intensity of human capital investments is
important in order to increase a nation’s innovative capacity in renewable technologies.

In model (3), the e�ect of openness to trade is also in line with our expectations. It is
estimated that when the share of trade to GDP increases by 1 percentage point, this would
bring about roughly 0.29% more patents related to renewable energy generation. As a
relatively more open economy is more exposed to competition and since the dependent
variable, renewable patents, belongs to PF Ø 2 (i.e. can be categorized as international
patents) it is likely that more open economies will apply for more international patents
as a mean to protect themselves from international competition and enable innovators to
economize on their inventions. The finding also underlies the potential positive e�ect of
knowledge spillovers. Since these technologies could be used to mitigate and tackle such
global environmental concerns as climate change, knowledge spillovers and knowledge
sharing might be particularly important within this field as the gains that can be derived
from such innovations are not only economic but also social.

In one instance our results di�er from the theoretical and empirical literature on
national innovation systems as they seem to suggest that private R&D funding negatively
impacts the number of renewable patents produced in a country. Based on the model
estimate, a one percentage point increase of R&D expenditure by private enterprises
as a share of GERD would cause a 1.26% decrease in patents related to renewable
energy. It is possible that the answer to this lies in the fact that we investigate patents
related to a specific type of technology and not all patents in general. One problem
with using patents as a proxy for innovations is that ”not all inventions are patented” as
Griliches (1990, p.15) put it. Thus, it might be the case that in this particular area of
innovation, firms consider other means of protection being more important than applying
for patents. Another potential explanation is that firms devote more e�orts towards
developing patents in other technological areas than renewable energies. We must be
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aware that this variable measures the share of funding of R&D that is related to the
entire private sector, of which firms within the energy sector might only make up a small
fraction.

We also need to consider that firms operating within this sector might not be driven by
the same profit incentives as ”regular” firms. Therefore, they might not be as motivated
by the economic gains from seeking patent protection or they might consider that there
are other gains from not seeking patent protection.15 Still, this result remains di�cult to
explain and we can only speculate as to why we get this result but it might prove to be
an interesting topic for future research.

Further, the results generated by the simple Poisson model confirm the positive
relationship between policy stringency and environmental innovation which have been
observed in previous empirical studies (Johnstone et al., 2012). Thus, more stringent
policies, ones which increase the costs of engaging in environmentally harmful activities
seem to induce innovation within renewable technologies.The e�ect of this seems to be
rather strong as the coe�cient in model (3) suggests that a one unit increase in stringency
would yield about 10% more renewable patents. This finding might suggest that there
are ”win-wins” related to the introduction of environmental polices, but as stated by
Johnstone et al. (2012) such a conclusion is not warranted. While stringent environmental
policies induce innovation within renewable technologies it does not assess the costs of
such innovation, which means that the impact on economic performance has not been
assessed.

Lastly, our results from the simple Poisson model indicate that the level of revenue
derived from environmental taxes positively a�ects the number of renewable patents
in the countries included in our sample. As proposed in the DTC literature, taxes are
important policy instruments for directing technological change towards clean technologies
(Acemoglu et al., 2012; 2016; Aghion et al., 2016) and our result thereby seems to provide
some evidence in favour of this argument. According to model (3) a 1 billion USD
increase in environmental tax revenue would bring about 3.4% more renewable patents.
In the same way as our GERD variable, the tax variable is scale-dependent. This means
that large economies by their sheer size derive higher tax revenues. Thereby it might be
di�cult to interpret the e�ect this variable has on di�erences in patenting productivity

15Although they still patent their technology, Tesla Motors for example made all their patents publicly
available in 2014, with CEO Elon Musk stating that ”Technology leadership is not defined by patents,

which history has repeatedly shown to be small protection indeed against a determined competitor, but

rather by the ability of a company to attract and motivate the world’s most talented engineers” (Tesla,
2014)
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but rather be interpreted as one of the general determinants of patenting in renewable
technologies.

Taken together the results of the simple Poisson model indicate that the impact of the
country-specific factors in the national innovation systems can be extended to a narrow
technological field. Some of the factors used to explain countries’ general patenting ability
also seem to be important within renewable technologies. Although it is impossible to say
precisely which country-specific factors a�ect innovation within renewable technologies,
whether they are institutional or non-institutional, or if they are of a political, economic
or social nature, it is clear that their e�ect needs to be assessed in future studies on
the subject. As Nelson (1993, p. 518) put it ”nationhood matters and has a pervasive
influence”. A nation’s institutional environment is indeed a very complex and intricate
system consisting of countless di�erent parts. Policy, and in particular environmental
policy, is one such part and as we have shown it is important to assess when investigating
what drives innovation within renewable technologies. In Section 5.2 we therefore discuss
the policy implications that can be derived from our results.

As alluded to in Section 4.3 our data su�er from overdispersion and thus we need to
be careful in regards to inferences made from the simple Poisson model. Although unable
to provide us with as appealing results as model (3), it is plausible that the Negative
Binomial model is more suitable in our case which is also confirmed by the statistical
tests. On the basis of this we need to accept model (7) as our final model and accept the
results generated by it. The inconsistent results generated from the two models highlight
that there are di�culties involved in modelling overdispersed count data, di�culties
that need to be taken into consideration in studies using patents to explain innovation.
Therefore it seems that there are room for improvements to our model and that a more
complex model could possibly provide more robust results. Although inconsistencies
are detectable between the Poisson and Negative Binomial regressions, the NB model
confirms some of its results. This model produces positive significant coe�cients for
R&D expenditure, strength of property rights (now at the 10% level) and environmental
taxes, while R&D expenditure funded by the private sector demonstrates a negative
significant impact. As discussed in Section 4, the e�ect of these variables change in this
estimation. A 1 billion USD increase in GERD now seems to induce approximately 0.31%
more renewable patents, while a one unit increase in property rights and a 1 billion USD
increase in environmental tax revenue is estimated to bring about 0.6% and 2.4% more
renewable patents respectively. Also, the negative e�ect of privately funded R&D is
stronger, suggesting that a one percentage point increase would decrease the number
of patent applications by almost 1.6%. The influences of the remaining variables are
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insignificant. Most notable is that this estimation is unable to confirm the significant
positive e�ect of policy stringency found by Johnstone et al. (2012) who also uses the NB
model with fixed e�ects to measure the impact on environmental innovation. However,
their paper focuses on patents related to technologies in pollution of air and water, and
solid waste management16. Furthermore, their measure of policy stringency is obtained
using survey data which relates to the perceived stringency of overall environmental
governmental regulation. It might therefore be that the perception of regulation is more
important for inducing environmental innovation than the actual degree of environmental
policy stringency. If there is a di�erence between these two measures, and their ability
to explain di�erent types of environmental patenting activity is a topic left for future
research. In sum, we are more confident about the impact of GERD, property rights,
environmental taxes and privately funded R&D, whereas our results regarding openness
to trade, expenditure on education and environmental policy stringency are weakened.

Lastly, looking at the summary results, it is evident that the Negative Binomial
model generates statistically stronger results when applied to the pre-2010 sample as
demonstrated in the increased number of significant variables at the 1% level. This might
be attributed to the fact that we observe something reminiscent of the productivity
paradox post-2010; while R&D expenditures continued to increase among the sample
countries, the number of patents they produced kept decreasing. It is reasonable that
the variables we use in this thesis are not su�cient to explain this phenomenon and
again this highlights the complexities involved in modeling the factors that influence the
innovation process within renewable technologies.

To conclude, as our results di�er when di�erent econometric estimations techniques
are applied to our data, it is important to emphasize that the empirical evidence put
forth in this study needs to be considered with some degree of caution. Still we argue
that the findings provide some interesting insights about how we can understand what
drives innovation within renewable technologies. In the next section we discuss how our
results could be used by policy makers to form desirable environments for innovation in
renewables.

5.2 Policy implications

Our results suggest that public policy is an important determinant of innovation in the
field of renewable technologies. Within our sample of developed and rather homogeneous
OECD countries, policy makers need to consider more policy instruments than simply

16see Table 10 in Appendix A.
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increasing the level of R&D resources. E�orts towards increasing the level of property
rights protection, openness to trade and quality of education, are suggestions to consider
if the aim is to increase domestic innovative output in renewable technologies. It is
important that these nations make sure to constantly reevaluate their policies to create
a favourable environment in which innovation can take place. The downward trend in
patenting activity observed in our sample underscores the importance of this proposition.

Furthermore our results have shown that beyond creating a favourable innovation
system, policy makers need to evaluate their environmental policies. Environmental
policies have the capacity not only to deter firms and individuals from engaging in
environmentally harmful activities but they can also be used to induce innovation within
the area of renewable energy generation. This thus make them important instruments
for policy makers that seek to increase their country’s level of innovation within this
technological field.

6 Summary of findings

6.1 Conclusions

As stated in Hypothesis 1, this paper seeks out to investigate whether country-specific
factors contributing to overall innovation within a country could be translated to the
more narrow technological field of renewables. Basing our choice of variables on previous
studies on the subject of national innovation system, we expected all of them to have a
positive e�ect on patenting. Although not clear cut, most of our findings are in line with
our expectations, with the exception of private R&D that seem to have a negative e�ect
on renewable patenting. This finding stands out as it is significant in all our key models,
and reasons for this result is further discussed in Section 5. This result also suggests that
the innovative process in renewable technologies might be significantly di�erent from
that of overall innovation, again putting emphasis on the complexities involved in trying
to model this process. Understanding how private actors utilize their R&D resources to
create new renewable technologies is something that could be further examined in future
studies on environmental innovation.

Our second objective focused on the role of environmental policy in promoting new
technology in renewable energy generation. As formulated in hypothesis 2, we expected
to find a positive relationship between the number of patent applications and the level
of environmental policy stringency and size of environmental tax revenues. Our study
demonstrates that there is such a tendency, which is why we conclude that environmental
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policy has an inducing e�ect on innovating activity in renewables. This could imply that
the costs of living up to environmental policy standards and objectives might, at least in
part, be o�set by the innovations induced (Johnstone et al., 2012).

6.2 Limitations and suggestions for future research

The fact that our estimated results are not significant across the di�erent models used in
the paper is evidently a limitation of our paper and shows the di�culties associated with
dealing with panel count data. This study could therefore be improved upon by digging
deeper into the di�erent underlying assumptions in the models used in the estimations to
find a model that provides more robust estimates. Our results provide mere indications of
the determinants of innovative capacity in renewable technologies, and such work could
therefore help to provide stronger justifications for the stated conclusions.

In this study we have shown that there are large disparities across countries in terms
of innovative activity in renewable energies. However, we did not investigate whether
these di�erences are dependent on the type of renewable technology, i.e. wind, water or
solar etc. As we have shown that certain country-specific factors related to NIS influence
patenting in all renewables, future researchers could possibly go even further and analyze
their e�ect within for example the aforementioned types of renewables. Furthermore,
such papers could also try to account for variation in natural conditions. Including these
country-specific factors could help provide deeper insights into the choices of policy and
to understand the variation in environmental innovative capacity across countries.

Naturally, this study is limited in terms of variables included to cover the broad
concept of national innovation systems. Modifying and expanding on the factors that
account for country-specific institutional and regulatory elements is therefore a reasonable
step forward to make better inferences of the adequacy of the NIS concept in the domain
of environmental innovation. As an example, our paper omits the dynamics of knowledge
production and knowledge stock and finding suitable ways to incorporate this into the
model could lead to further insights how environmental innovation can be understood.
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Appendices
A Literature Appendix

Table 9: Cross country studies on National Innovation Systems

Article Measure of innovative
output Approach Data Key Results

Furman et al.
(2002) International Patents

Panel regression analysis (OLS) where
variables are added step-wise to deter-
mine their e�ect on innovative perfor-
mance

17 OECD
countries,
1976-1996

Relative size of R&D expenditures and re-
searchers explains a lot of the di�erence in
patenting intensity across countries. Open-
ness to trade, the quality of intellectual prop-
erty protection, share of research performed
by higher education, share of GDP spent
on education, share of R&D funded by busi-
ness sectors and level of GDP per capita
positively a�ects countries innovative perfor-
mance.

Porter & Stern.
(2002) International Patents

Uses regression analysis (OLS) to create
four indexes; common innovative infras-
tructure, innovation policy, cluster in-
novation environment and linkages be-
tween these. National innovative capac-
ity is unweighted sum of these. Uses the
indexes to rank the sample countries

75 countries,
1999-2000

There are cross-country di�erences in inno-
vative capacity explained by di�erences in
the common innovation infrastructure, inno-
vation policy, cluster innovation environment
and linkages between the two former and the
latter.

Gans & Stern.
(2003) International Patents

Time series/cross sectional regression
analysis to determine the significant in-
fluences on innovative output and the
weight associated with each influence.
Then calculate an index for each coun-
try for each year using these weights

29 OECD
countries,
1980-2002

There are significant di�erences between
countries innovative performance which seem
to be persistent over time. Three stable
groups: Leaders (US, Switzerland, Japan
and Sweden), followers (Denmark, Finland,
France and Germany) and laggards (Italy
and Spain).

Fu & Yang
(2009) International patents

Stochastic Frontier Analysis (SFA) used
to create a ’world patenting frontier’.
Countries distance to the frontier then
indicates their e�ciency in patenting

21 OECD
countries,
1990-2002

Aggregate R&D expenditures and workers
are important determinants of patenting ca-
pacity. Patenting e�ciency positively af-
fected by level of IP protection, level of GDP
per capita and share of research funded by
the private sector as well as the higher edu-
cation sector.

Matei & Aldea.
(2012)

Employment in knowledge-
intensive activities
Medium and high-
tech product exports
Knowledge-intensive
services exports

Data Envelope Analysis (DEA) used to
rank countries according to their techni-
cal e�ciency

32 European
countries,
2001, Innova-
tion Union
Scoreboard

Innovation leading countries do not always
have the most e�cient innovation system.
Modest innovations are not necessarily tech-
nically ine�cient. Di�erence between ex-
pected innovative outcome and actual inno-
vative performance.

Johansson et al.
(2015) International patents

Pooled Negative Binomial Model. Coun-
try dummies are used to rank the sample
countries in terms of R&D e�ciency in
the di�erent industries

18 industries,
11 European
countries,
1991-2015

Systematic di�erences in patenting intensity
and R&D e�ciency. Country specific condi-
tions (openness to trade, market capitaliza-
tion, public expenditures on education, insti-
tutional environment for development of new
technologies and intellectual property rights)
play a role in explaining this.
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Table 10: Empirical studies of environmental induced innovation

Article What is induced What causes in-
novation Data Key Results

Lanjouw & Mody
(1996)

Environmentally friendly
patents

Pollution abate-
ment costs and
expenditures
(PACE)

Japan, U.S.,
Germany and
14 low- and
middle-income
countries

PACE positively
a�ects patenting
activity in environ-
mental technologies

Ja�e & Palmer
(1997)

Industry-wide expendi-
tures on R&D and total
number of successful
patent applications

PACE US industry 1974-
1991

Regulatory compli-
ance expenditures
(PACE) a�ects R&D
spending but not
patenting activity

Popp (2002)
Alternative energy and
energy-e�cient innova-
tions

Price of energy
(fossil fuels)

U.S Energy
patents 1970-
1994

Energy prices have
a positive e�ect on
innovation. Govern-
mental expenditure
on energy R&D has
little e�ect on inno-
vation

Brunnermeier &
Cohen (2003)

Successful environmen-
tal patent applications
granted to the industry

PACE US industry 1983-
1992

Patents increase by
0.04% when PACE
increases by $1 mil-
lion

Johnstone et al.
(2010)

Patents within renewable
technologies (Wind, So-
lar, Geothermal, Ocean,
Biomass and waste, and
All renewables)

Environmental
Policies

25 OECD coun-
tries 1978-2003

Public policy has
had a very sig-
nificant influence
on innovation and
there is variation
in the e�ects of
instrument type on
di�erent types of
renewable energy.

Johnstone et al.
(2012)

Environmental patents re-
lated to technologies in air,
water and waste

Environmental
policy stringency

77 countries 2001-
2007, World Eco-
nomic Forum Sur-
vey

Increases in per-
ceived policy
stringency have
a positive e�ect
on environmental
innovation activity.
Stronger e�ect in
OECD countries
and in countries
with high GERD to
GDP ratio.

Acemoglu et al.
(2016)

Patents related to energy
(dirty and clean)

Carbon taxes and
R&D expendi-
tures

US firms in the
energy sector
from 1975 to
2004

Optimal policy in
directing technologi-
cal change should in-
clude both carbon
taxes and R&D sub-
sidies.

Aghion et al.
(2016)

Patents (related to clean
and dirty auto innova-
tions)

Fuel
prices/Knowledge
stocks

3423 firms, 80
countries, 1965-
2003

Increased fuel prices
positively a�ect
clean innovation.
Evidence of path
dependency, as the
level of patenting
and research in ei-
ther sector (clean or
dirty) is dependent
on earlier knowledge
in that sector
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B List of countries

• AUSTRALIA

• AUSTRIA

• BELGIUM

• CANADA

• DENMARK

• FINLAND

• FRANCE

• GERMANY

• GREECE

• HUNGARY

• IRELAND

• ITALY

• JAPAN

• KOREA

• NETHERLANDS

• NORWAY

• PORTUGAL

• SPAIN

• SWEDEN

• TURKEY

• UNITED KINGDOM

• UNITED STATES
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C Patent classes

Table 11: List of patent classes

CODE Description

Y02E10 Renewable energy generation

Y02E10/70 Wind energy

Y02E10/70-766 Wind turbines with rotation axis in wind direction: blades or rotors, components or
gearbox, control of turbines, generator, nacelles, onshore and o�shore towers
Wind turbines with rotation axis perpendicular to the wind direction
Power conversion electric or electronic aspects; for grid-connected applications; concern-
ing power management inside the plant, e.g. battery (dis)charging, operation, hybridisa-
tion

Y02E10/40 Solar Thermal Energy

Y02E10/40-47 Tower concentrators; Dish collectors; Fresnel lenses; Heat exchange systems; Trough con-
centrators
Conversion of thermal power into mechanical power, e.g. Rankine, Stirling solar thermal
engines; Thermal updraft
Mountings or tracking

Y02E10/50 Solar photovoltaic (PV) energy
Y02E10/50-58 PV systems with concentrators

Material technologies: CuInSe2 material PV cells; Dye sensitized solar cells; Solar cells
from Group II-VI materials; Solar cells from Group III-V materials; Microcrystalline
silicon PV cells; Polycrystalline silicon PV cells; Monocrystalline silicon PV cells; Amor-
phous silicon PV cells; Organic PV cells
Power conversion electric or electronic aspects: for grid-connected applications; concern-
ing power management inside the plant, e.g. battery (dis)charging, operation, hybridisa-
tion; Maximum power point tracking [MPPT] systems

Y02E10/60 Solar thermal-PV hybrids
Y02E10/10 Geothermal energy
Y02E10/10-18 Earth coil heat exchangers; Compact tube assemblies, e.g. geothermal probes

Systems injecting medium directly into ground, e.g. hot dry rock system, underground
water
Systems injecting medium into a closed well
Systems exchanging heat with fluids in pipes, e.g. fresh water or waste water

Y02E10/30 Marine energy
Y02E10/30-38 Oscillating water column [OWC]

Ocean thermal energy conversion [OTEC]
Salinity gradient
Wave energy or tidal swell, e.g. Pelamis-type

Y02E10/20 Hydro energy
Y02E10/20-28 Conventional, e.g. with dams, turbines and waterwheels

Tidal, stream or damless hydropower, e.g. sea flood and ebb, river, stream
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D Variables and definitions

Table 12: Variables & Definitions

Variable Full variable
name Definition Source

PATENTS
Patents related
to renewable
technologies

The number (count) of inventions (patent
family size Ø 2) developed by a country’s
inventors

OECD Environment
Database

GERD General Expendi-
tures on R&D

R&D expenditures carried out by all resi-
dent companies, research institutes, univer-
sity and government laboratories, etc., in a
country. In billions of PPP-adjusted current
US Dollars

OECD Main science
and technology indi-
cator

R&D Person-
nel

FTE Personell de-
voted to R&D

Full-time equivalent personnel (researchers,
technicians and other support sta�) devoted
to research and development (in business en-
terprises, government, higher education, and
private non-profit). In thousands

OECD Main science
and technology indi-
cator

Energy R&D Expenditures re-
lated energy R&D

Aggregate Governmental Expenditures re-
lated to renewable energy. In billions of PPP-
adjusted 2017 US Dollars

OECD iLibrary IEA
Energy Technology
RD&D Statistics

PR Strength of Prop-
erty rights

Scale of 0-100 based on a mix of survey data
and independent assessments

2019 Index of Eco-
nomic Freedom

Openness Opennes to trade
Sum of export and import of goods and ser-
vices measured as a percentage (0-100) of
gross domestic product

World Bank

EducExp
Share of GDP
spent on educa-
tion

Public spending on education divided by
GDP times 100 (0-100) World Bank

PrivR&D
Percentage of
R&D funded by
private industry

R&D Expenditures funded by industry di-
vied by total R&D expenditures

OECD Main science
and technology indi-
cators

EnvPolicy Environmental
Policy Stringency

Index between 0-6. The degree to which envi-
ronmental policies put an explicit or implicit
price on polluting or environmentally harm-
ful behaviour

OECD Environment
Database

EnvTax Environmental
Tax Revenue

Aggerate environmetal tax revenue related
to energy. In billions PPP-adjusted 2010 US
Dollars

OECD Environment
Database

GDP GDP per capita Gross Domestic Product in thousands PPP
Adjusted 2010 US Dollars World Bank
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E Likelihood ratio tests

Table 13: Likelihood ratio tests

Likelihood-ratio test LR chi2(4) = 615.40
(Assumption: Model 1 nested in model 2) Prob > chi2 = 0.0000

Likelihood-ratio test LR chi2(2) = 309.34
(Assumption: Model 2 nested in model 3) Prob > chi2 = 0.0000

Likelihood-ratio test LR chi2(1) = 0.79
(Assumption: Model 3 nested in model 4) Prob > chi2 = 0.3748

F Hausman tests

The Hausman tests is based on the distance:

TH = (—̂RE ≠ —̂F E)Õ[V (—̂F E) ≠ VM L(—̂RE)]≠1(—̂RE ≠ —̂F E) (5)

H0: Both the random and fixed e�ects model is consistent, random e�ects model is
more e�cient: The preferred estimator is —̂RE

H1: Only the the fixed e�ects model is consistent: The preferred estimator is —̂F E

Reject H0 if p < 0.05

Table 14: Hausman test

Poisson chi2(26) = 3.62
Random v Fixed e�ects Prob > chi2 = 1.0000
Negative Binomial chi2(29) = 4.64
Random v Fixed e�ects Prob > chi2 = 1.0000
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G Correlation matrix

Table 15: Correlation Matrix

Pairwise Correlations

Renew GERD EnergyR&D R&DPers PrivR&D EducExp PR Openness EnvPolicy EnvTax EnergyPrice
GERD 0.732úúú

EnergyR&D 0.697úúú 0.886úúú

R&DPers 0.671úúú 0.958úúú 0.918úúú

PrivR&D 0.378úúú 0.341úúú 0.447úúú 0.394úúú

EducExp -0.0980ú -0.0782 -0.171úúú -0.137úú 0.165úúú

PR 0.0708 0.122úú 0.0804 0.137úú 0.447úúú 0.485úúú

Openness -0.198úúú -0.347úúú -0.416úúú -0.432úúú 0.0603 0.291úúú 0.192úúú

EnvPolicy 0.315úúú 0.105ú 0.0284 0.0607 0.134úú 0.292úúú 0.118úú 0.221úúú

EnvTax 0.556úúú 0.734úúú 0.665úúú 0.819úúú 0.276úúú -0.290úúú -0.0415 -0.518úúú 0.0458
EnergyPrice 0.319úúú 0.234úúú 0.116úú 0.147úúú -0.0430 0.220úúú 0.0308 0.185úúú 0.659úúú 0.0819
GDP 0.139úúú 0.144úúú 0.124úú 0.125úú 0.248úúú 0.612úúú 0.617úúú 0.124úú 0.373úúú -0.0445 0.374úúú

ú
p < 0.05, úú

p < 0.01, úúú
p < 0.001
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