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A B S T R A C T

Initiatives to foster the development of Renewable Energy Technologies (RETs) can benefit from a deep un-
derstanding of the science base that underlies such technologies, and especially how that science base differs
from that of Fossil Fuel based Energy Technologies (FFETs). This paper investigates both science bases using
citations in patents to scientific journals. We find that RETs generally have a more substantial science base and
draw on a more diverse set of scientific disciplines. On average, the science on which RETs build is more recent,
less applied and is published in journals with a higher WOS Journal Impact Factor. However, for different RETs
(e.g., photovoltaics, wind turbines and non-fossil fuels), we observe much more variation across these dimen-
sions than for different FFETs (e.g., combustion and gas turbines). Furthermore, the broad spectrum of sciences
on which RETs build largely includes the smaller spectrum on which FFETs build. Based on these findings, we
offer several policy recommendations to better stimulate the development of RETs.

1. Introduction

Reducing carbon emissions is high on the policy agenda of many
countries. Often such policies seek to stimulate the development
Renewable Energy Technologies (RETs) through subsidies and tax re-
ductions. While these demand stimulation measures work well to create
a level-playing field for renewable energy technologies that are (al-
most) market ready, the influence on the development of novel and
immature technologies is less clear. Moving from general stimulation of
science and R&D to more targeted policies that stimulate knowledge
development specifically for RETs, while ceasing support to Fossil Fuel
based Energy Technologies (FFETs), is not trivial. Incentives for such
mission-oriented research (Mazzucato, 2016) require a deep under-
standing of the technologies, their underlying scientific knowledge
base, and the interaction between science and technology.

The interaction between science and technology is understood to be
pivotal for technological development (Freeman and Soete, 1997;
Rosenberg, 1976), yet the nature of this interaction may be very dif-
ferent for each field of technology (Mansfield, 1995; Verbeek et al.,
2002). Possible benefits of science, such as accelerating or improving
the efficiency of technology development, are found to depend on the
extent to which a technology consists of highly coupled components
(Fleming and Sorenson, 2004) or highly novel combinations of com-
ponents (Arts and Fleming, 2018). Recent findings indeed suggest that
green technologies combine a higher number of technological

components and are based on more novel combinations than their non-
green counterparts (Barbieri et al., 2020), and that energy technology
generally builds on a large and diverse set of other technologies
(Nemet, 2012; Noailly and Shestalova, 2013; OECD, 2010). This sug-
gests that RETs may benefit greatly from developments in science, and
more so than FFETs. In this study we therefore evaluate how strongly
RETs build on science, how the RETs science base can be characterized
and how this differs for FFETs.

In an earlier analysis of the science base of environmental tech-
nology (including renewable energy technology) for the period
2000–2007, the OECD found a broad dependence on scientific dis-
ciplines (OECD, 2010). With the OECD study as a starting point, this
paper seeks to carve out the specifics of the RET knowledge base by
answering the question: What is the scientific knowledge base of re-
newable energy technology, and how does that differ from non-re-
newable energy technology? To do so, we present an in-depth in-
vestigation, looking at various dimensions of the science bases, such as
the relative importance of basic versus applied research, and the sci-
entific impact of that research. We use recent data, and also investigate
time trends as several studies have suggested that policy for RETs
should also take into account the development stage of the technology
(Abernathy and Utterback, 1978; Anderson and Tushman, 1990;
Huenteler et al., 2016). Our analysis of these different aspects of the
science base of RETs can help policymakers to make informed and
targeted decisions.
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The paper is structured as follows. In Section 2, we discuss the
theoretical background of determining the science base of a technology
and what may be expected for RETs and FFETs. Section 3 explains how
we identify RETs and FFETs and the methodology used for measuring
technology-science links. We do so by constructing these science bases
using patent data and references from patents to the non-patent lit-
erature. Section 4 describes the relevant science bases and science base
quantities. We will explicitly address the distinction between RETs,
FFETs and overlapping technologies.

2. Theoretical aspects of science bases

In line with Arthur’s perspective on technology (Arthur, 2009), we
define technology as the body of knowledge which applies science and/or
engineering to fulfill a human purpose. In evolutionary economics,
technological change is often understood in terms of technological
paradigms and trajectories (Dosi, 1982). A technological paradigm is an
outlook on technological progress, kept by a certain engineering com-
munity and based on a particular collection of scientific and/or tech-
nological findings. A technological trajectory is the continuous devel-
opment of a particular product or technological design within such
paradigm. Important scientific discoveries largely set the playground
for changing paradigms. Any attempt to better understand a given
technology, therefore, should start with a deep understanding of its
science base. Even though the respective knowledge bodies of science
and technology may overlap, their differences and mutual interaction
are a relevant topic in innovation sciences. Some scholars thereby
emphasize the importance of science to the development of technology
(Freeman and Soete, 1997) while others emphasize the reverse relation
(Rosenberg, 1976). Yet, most authors seem to agree that the influences
in both directions are essential, resulting in a complicated, non-linear
pattern of interaction. However, the extent to which technological in-
novation builds on scientific knowledge varies greatly across economic
sectors (Pavitt, 1984) and technologies (Mansfield, 1995; Verbeek
et al., 2002). Fleming et al. approach inventing as a combinatorial
search process, in which science may lead inventors more directly to
useful combinations (Fleming and Sorenson, 2004). Their findings
suggest that especially R&D in technologies which combine a large
number of interrelated ’coupled’ components may greatly benefit from
the guiding role of scientific knowledge. Furthermore, the usage of
scientific literature may help inventors overcome the uncertainties of
exploring new fields and trying novel combinations of knowledge
(Arts and Fleming, 2018). A recent study by Barbieri and co-authors
focuses on the technological knowledge base differences between green
and non-green technologies and indeed suggests that green technolo-
gies combine more technological components and are based on more
unique combinations of knowledge than their non-green counterparts
(Barbieri et al., 2020). We therefore expect that RETs may benefit more
from scientific knowledge than FFETs, and hence to a larger extent
build on scientific knowledge.

Energy technology consists of a diverse set of technologies, each
extensively building on a larger collection of other technologies
(Barbieri et al., 2020; Nemet, 2012; Noailly and Shestalova, 2013). In
general we therefore expect a large disciplinary diversity for the science
base of energy technology. This broad dependence may, however, be
different for RETs and FFETs. The 2010 OECD report mentioned above
indicates that green technology depends on a very broad spectrum of
scientific fields. While technological knowledge is not the same as sci-
entific knowledge, the earlier mentioned study by Barbieri suggests that
the green technologies rely on more diverse technological knowledge
than their green counterparts. Next to the technologies built on, this
difference is also found for the technologies building on RETs and
FFETs: RETs were found to have more spillovers, and to a greater
variety of technological fields than FFETs (Barbieri et al., 2020;
Dechezleprêtre et al., 2014). Dechezleprêtre et al. found that the spil-
lover rates of RETs are comparable to upcoming tech-science fields such

as biotechnology, nanotechnology, robotics, and 3D-printing. Finally,
yet perhaps most importantly, RETs and FFETs differ greatly in terms of
exploited phenomena. Where FFETs revolve around exothermic che-
mical processes (such as combustion), RETs reside to a multitude of
fundamentally different phenomena, such as wind and sunlight but
also, in the case of bio-fuels, on traditional exothermic chemical pro-
cesses. Taking all these aspects into account, we expect a greater di-
versity in the science base of RETs than in the science base of FFETs.

In the industrialized countries, energy generation in the 20th cen-
tury was largely fossil fuel based, leading to a strong development of
FFET (Wilson, 2012). Even though early developments of RETs started
over a hundred years ago, most RETs are generally considered to be in
an earlier stage of development than FFETs. In terms of market readi-
ness, RETs vary considerably (McKinsey, 2013), for instance wind is in
a more mature phase than photovoltaics (Popp, 2017). Technologies in
an early phase of development may also have a more diverse underlying
science base. Where for technologies in a more mature phase a domi-
nant design may be established, building on a (small) number of re-
levant scientific fields, for technologies in more early phase a number of
designs may still be competing, each exploring ideas from several fields
(Anderson and Tushman, 1990; Murmann and Frenken, 2005). The
differences in distance to market may thus correspond to differences in
the extent and diversity of the underlying science base.

To further understand science base differences between RETs and
FFETs, it is useful to distinguish between radical innovation (under-
stood to initiate new paradigms) and incremental innovation (under-
stood to happen within technological paradigms). Innovation in FFETs
is largely understood to happen within current energy technology
paradigms, and can therefore mostly but not exclusively be associated
with incremental innovation (Markard et al., 2012; Markard and
Truffer, 2006). Likewise, RETs can mostly but not exclusively be asso-
ciated with radical innovation. In the context of energy technology,
incremental innovation is linked to large technological systems, char-
acterized by slow innovation and path dependent development. Radical
innovation is linked to fast developments in niches (Markard and
Truffer, 2006). Radical innovations are understood to be based on novel
knowledge (combinations) of both technological and scientific nature
(Verhoeven et al., 2016). Even though paradigm change may not be
synchronized for science and technology, breakthroughs in science may
lead to breakthroughs in technology (and vice versa). Given that sci-
entific breakthroughs are characterized by high impact factors, we ex-
pect radical innovation to build on high impact science more than in-
cremental innovation. Technology may incrementally co-develop with
a certain field of science, and specialize along their trajectories, in
tandem. Such specializing science may only be relevant to a limited
number of neighboring fields of science and may therefore have a lower
impact. That could be another reason why incremental innovation may
be associated with lower impact science. Given this radical-incremental
distinction, we therefore have three expectations: (1) for RETs we ex-
pect a larger science base than for FFETs, (2) the impact of the science
RETs build on is expected to be higher than that for FFETs and (3) we
expect a smaller science technology time lag for RETs than for
FFETs.

3. Data and methods

3.1. Knowledge base definitions

We define the knowledge base of a technology (or technological field)
as the body of knowledge on which it builds. In Section 2, technology
itself was identified as a body of knowledge as well. In this analysis, we
assume that we can meaningfully attribute a size to both types of
knowledge bodies. That allows us to define the knowledge dependence of
a technology as the size of the knowledge base relative to the size of the
technology. This measures to what extent a technology builds on earlier
knowledge. The knowledge base may be of a technological, scientific
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and/or other type of knowledge1. We define the science base of a given
technology (or technological field) as the scientific part of the knowl-
edge base. Accordingly, the science dependence is the size of the science
base relative to the size of the technology. The technology base of a
technology (or technological field) is the technological part of the
knowledge base. Within the technology base, a part of the knowledge
may refer to the technology itself (e.g. to earlier versions or ideas which
are part of the same technology). The size of this part of the technology
base relative to the size of the technology we define as the intra-tech-
nology dependence. It indicates to what extent a technology builds on
itself rather than on other technologies. A high intra-technology de-
pendence of a technology may indicate a more mature phase of a
technological development, as in the beginning a technology mainly
builds on other technologies (and/or science). The size of the other part
of the technology base, we define as the inter-technology dependence.

Using a classification of scientific disciplines, the science base can be
studied in more detail. The distribution of the science base over these
disciplines also allows for diversity comparisons between technologies.
Another perspective on science distinguishes between basic and applied
science. Both are about acquiring new knowledge, yet where the first is
directed primarily towards the underlying foundation of phenomena and
observable facts, the second is primarily directed towards a specific,
practical aim or objective (OECD, 2015). Views on what is basic and
applied research vary however (Calvert and Martin, 2001). Still, most
researchers would agree, as our definition of technology implies, that
applied research is closer to practical application and technology than
basic research. Arguably, a ”technology” or ”engineering” classification
of a research field therefore signals a more applied character of research.
To effectively stimulate the development of a technology, it is important
to understand to what extent it builds on basic or applied science.

Finally, we consider the time scales of the science-technology in-
teraction. Knowledge of typical time scales is vital to accelerate tech-
nological development, and the planning of policies. We define the
science-technology time lag as the average time lag between the pub-
lication of the scientific knowledge and the usage of this knowledge by
technology. This lag signifies how fast knowledge flows, and indicates
the temporal proximity of the science and technology interaction.

We use patents to study the interactions between science and
technology. A technology is represented by a body of patents applica-
tions (henceforth shortly ‘patents’) within a defined technological class.
Patent data is arguably the most extensive and detailed source of
technological developments. Yet, using patent data to represent a
technology also has its limitations. Not all technology that is developed,
is or can be patented, and not all patents lead to successful technology.
In this research, we consider patents filed at the European Patent Office
(EPO) between 1977 and 2016, and use data from the PATSTAT Spring
2017 version.2 Patents usually contain references, which are added by
the patent examiner to identify the relevant body of prior art, in order
to decide whether the application meets the patentability criteria. Such
references are also known as backward citations. For EPO patents, re-
ferences are exclusively determined by the examiner, even though the
inventor may suggest relevant prior art. For innovation scholars, these
references are a useful tool to retrieve the possible building blocks of a
technology. Most references are to other (existing) patents, but they can
also refer to other knowledge sources, generally known as Non-Patent
Literature (NPL). Most NPL references are to scientific literature, mostly
journal articles (Callaert et al., 2006; van Vianen et al., 1990).

The total number of NPL references in patents for a given tech-
nology is a useful indicator for the extent to which that technology
builds on science: For example, using NPL references, Narin found an
general trend of increasing dependence on science at the end of the

20th century (Narin and Noma, 2010). Additionally, NPL references can
also provide insight in the scientific content exploited by the tech-
nology, for instance by looking at the scientific discipline of these re-
ferences. NPL data, however, should be used with caution. For instance,
increasing numbers of NPL references could also be the result of im-
proved search mechanisms at the patent office (instead of reflecting an
increased reliance on science). Moreover, NPL data may be incomplete
(not exhaustive) or may not always be relevant (Meyer, 2000). The
larger the dataset, the more such imperfections can be expected to level
out.

Below, we will first discuss how we identified the relevant patent
data sets for RETs and FFETs, and second, how we processed and
cleaned the NPL data in those data sets. Third, we explain how we
determined science base quantities from that data.

3.2. RETs And FFETs patent classes

To identify Renewable Energy Technologies (RETs), we use the Y02
classification scheme introduced in the Cooperative Patent
Classification (CPC). The Y02 tag signals patents that enable or stimu-
late climate change mitigation (Veefkind et al., 2012). The Y02 classi-
fications further distinguishes a number of subclasses. For our study, we
focus on patents which have at least one classification in the Y02E
subclass, which contains technologies related to energy generation,
transmission or distribution. When we refer in this work to ‘all RETs’ or
‘RETs aggregated’ we refer to unique patents in this subclass. Y02E is
further divided into a number of ‘groups’, a selection of which we will
focus on in this research. We base this selection on the main categories
of RETs as proposed by the International Renewable Energy Agency
(IRENA) (IRENA, 2018): hydropower, bioenergy, solar energy, wind
energy, geothermal energy and tide- wave- and ocean energy (also
called ‘energy from sea’). In addition to that, we include a number of
relevant enabling technologies, which can complement RETs to become
feasible alternatives to FFETs: energy storage, hydrogen energy, fuel
cells, and smart grids. Table 1 provides an overview of the RET tech-
nologies we consider individually in our study, as well as their CPC
codes (Column 2), and the total number of patents for those technolo-
gies (Column 3). Column 4 shows the number of NPL references to
(academic) journals3. We will use these NPL references - and specifi-
cally their academic disciplines - to investigate the science base of these
technologies. (Note that three technologies - energy from sea, geo-
thermal and hydro energy - have too few NPL observations to allow
detailed analysis.) The last column shows the average (earliest) filing
year, and here we can see that all these technologies are relatively
young (between 2005–2008).

To identify Fossil Fuel based Energy Technologies (FFETs), we will
largely follow the list of CPC subclasses constructed by
Dechezleprêtre et al. (2014). These patent classes are presented in
Table 2, along with relevant characteristics. When we refer in this work
to ‘all FFETs’ or ‘FFETs aggregated’, we consider each unique patent
with (at least one) classification mentioned in of Table 2. Note that
most FFETs have an average (earliest) filing year between 2001–2002,
which indicates that FFETs are, on average, older technologies than
RETs.

Remarkably, many of the patents in the FFET (sub)classes also have
a Y02 tag. An example are inventions that aim to reduce carbon gas
emission of fossil fuel based technologies. These inventions both have a
’clean’ and ’dirty’ element to them, and we can call them ’hybrid’
technologies. In order to carefully deal with such hybrids in our ana-
lysis, we perform our analysis for both the total set of FFETs, as well as
for a set of FFETs excluding these hybrids. Dechezleprêtre copes with
this challenge by separately considering ”clean”, ”grey” and ”dirty”

1 In this analysis we will only consider scientific or technological knowledge.
2 We chose EPO patents because of the relatively high quality NPL data for

such patents in PATSTAT.

3 PATSTAT offers a specific classification of NPL types, and references to
(academic) journals are recognized as the ’s’-type in PATSTAT).
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technologies on the group level of classification. Our exclusion, how-
ever, is on the more precise level of individual patents.

Patents also often list multiple CPC codes, and as a result, many
patents are both present in multiple RET and/or multiple FFET tech-
nologies. In fact, the 140,874 unique patents in our data set include a
total of 374,731 CPC classifications. Fig. 2 illustrates which technolo-
gies often co-occur in these classifications. The connections between
RETs show a lower density than those between FFETs. We also observe
that a number of RETs have more co-classifications with FFETs than
with other RETs. Focusing on patents which are only classified in RETs
and patents only classified in FFETs (and not considering patents clas-
sified in both), we see that these RET patents have an average of 1.3
CPC classifications, whereas the average for these FFETs is 3.3. This
suggests that specific RETs (e.g., hydro and photovoltaics) are relatively
unconnected, while FFETs are more connected.

Finally, we focus on the time dimension of the considered EPO
patents. As explained above, our data set starts with patents from 1977
(one year after EPO was established). Fig. 1 shows the number of ap-
plications by year, for the largest technologies considered in this re-
search. A drop in patents can be observed in the last few years of our
dataset: this is most likely not an actual decline, but due to the fact that
it takes up to 18 months before a filed patent is published (which is
necessary to be included in PATSTAT), and the update cycle of PAT-
STAT. The (few) patents in our data set applied for in 2016 are con-
sidered in our overall analyses, but not shown separately.

Fig. 1 shows that in the early time frame there are fewer patents for
RETs than for FFETs. We see that, after approximately 2001, the
number of patents for RETs starts to grow very fast (note the loga-
rithmic scale). Both observations are consistent with the earlier finding
of RETs being a younger technology (Table 1 vs. Table 2).

3.3. Linking NPL data with WOS journal entries

In order to calculate the indicators discussed in Section 3, we link
the NPL journal references with journal entries in the Web Of Science
(WOS) database. As a significant share of NPL data in PATSTAT is far
from harmonized (e.g., a single journal may be referred to in many
different ways), this also requires extensive cleaning of NPL data. While
this section will only briefly explain the main steps we took,
Appendix A provides a detailed explanation.

Our data set contained a total of 68,042 NPL references. We first
considered the references that contained an ISSN (about 13,000). We
used these to create a matching list that contained the full names of those
journals as used in the WOS as well as other common abbreviations and
alternative names used for that that journal. To do so, we also used the
on-line database of the ISSN International Centre (ISSN international
Centre, 1974). The matching list was further complemented with terms

from the Science and Engineering Journal Abbreviations list from the
University of British Columbia Woodward Library, 2020.

We then used this matching list to find matches for the NPL refer-
ences that did not contain an ISSN code (approximately 55,000). To
that end, we applied two different string matching algorithms
(Van der Loo, 2014). Where the two algorithms provided the same best
match (which was in 72 percent of all cases), the match was accepted
and, if not, it was discarded.

Finally, for each technology, we determined the frequency dis-
tribution of cited journals, and downloaded the WOS Journal Impact
Factor, Eigenfactor and WOS Category for the most frequently cited
journals (where available). For all technologies together, this amounted
to 1577 journals, representing 82 percent of all matches.

3.4. Science base characteristics, distributions and indicators

We calculate the knowledge dependence of a technology as the
number of references per patent (to other patents and to NPL).
Similarly, the science dependence of a given technology is the number of
NPL references per patent and the intra-technology dependence of the
technology the number of references to patents in the same class per
patent. The science dependency by year are calculated for patents applied
for in a given year. The science-technology time lags are determined, for
each technology, as the average time difference between the publica-
tion date of the NPL and the earliest filing date of the patent that cites
it.

To determine the science base distribution over different fields of
science, and calculate the values of related indicators we use the clas-
sification system for scientific journals by the Web Of Science (WOS).
This classification distinguishes 252 ‘smaller categories’ (Web of
Science Core Collection Help). We determine the science base dis-
tribution over these categories by counting the total number of NPL
references to journals in these categories (note that our data set refers to
journals in 140 of these categories). This method is similar to the ap-
proaches used by McMillan et al. (2000) and by Leydesdorff and
Zhou (2007), who used it to study biotechnology and nanotechnology,
respectively. Where a journal was classified in multiple categories, it
was counted fractionally. To compare the diversities of different science
bases, we calculate the Shannon index of the relative distributions.

The WOS also offers a more aggregated level of classification called
‘broader categories’, containing ‘Life Sciences-Biomedicine’, ‘Physical
Sciences’, ‘Social Sciences’, ‘Arts-Humanities’ and ‘Technology’. We use
the ‘Technology’ broader category to distinguish between a basic and an
applied science base. For every technology (RETs or FFETs), we calcu-
late the A-fraction as the fraction of NPL references to journals in the
’Technology’ broad category. We note that patents in our data set do not
- or very rarely - refer to the broader categories ’Arts-Humanities’ and

Table 1
RETs and CPC descriptions (CPC, 2018).

Short term CPC code Nr of EPO patents NPL of journal-type Average earliest filing year

RETs Y02E 69,904 40,421 2006
Geothermal energy Y02E 10/1 544 20 2005
Hydro energy Y02E 10/2 2040 80 2006
Energy from sea Y02E 10/3 1308 109 2006
Solar thermal energy Y02E 10/4 6219 503 2005
Photovoltaic energy Y02E 10/5 16,589 14,951 2007
Wind energy Y02E 10/7 10,882 1286 2008
Enabling technologies Y02E 60 18,110 6397 2006
Energy storage Y02E 60/1 8396 2548 2006
Hydrogen technology Y02E 60/3 4167 1797 2005
Fuel cells Y02E 60/5 3882 1508 2005
Smart grids Y02E 60/7 1522 496 2007
Non-fossil fuels Y02E 50 7156 16,430 2006
Clean combustion Y02E 20 5330 1451 2004
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’Social Sciences’.4

Finally, WOS also offers data that allows us to calculate the average
Journal Impact Factor (JIF) associated with the science base of a given
technology. The JIF is a measure of the frequency with which the
”average article” in a journal has been cited in a particular year
(ClarivateAnalytics, a), and is considered to reflect the scientific re-
levance of contributions published in that journal. This view however is
also criticized, see (Waltman, 2016) and references therein. Amongst
other limitations, the JIF may not account for variation in citation
densities across scientific fields. For robustness, we therefore (i) check
for the JIF variations we may expect for citing journals in a certain
scientific field and (ii) repeat the analysis for a second measure of sci-
entific relevance which WOS offers, namely the normalized eigenfactor
(West et al., 2010). While the normalized eigenfactor is also based on
forward citations, the NEF also takes into account the impact of the
source of the citations and excludes the effect of self-citations. As the
NEF is based on proportions of citations rather than absolute numbers
of citations, it is relatively insensitive to variations in citation densities
across scientific fields (West et al., 2010).

4. Results

This section consists of two parts. First, we discuss the overall
knowledge base characteristics of RETs and FFETs. In the second part, we
investigate the actual nature/content of these references to scientific
sources, and determine their academic impact, diversity, their most re-
levant science categories and the extent to which they are basic or applied.

4.1. Overall knowledge base characteristics

Figs. 3 and 4 present, for RETs and FFETs respectively, the knowl-
edge dependence. For each technology, we break down the knowledge
dependence (the total number of references per patent) into (1) the
science dependence (references to NPL), (2) the intra-technology depen-
dence (references to patents in the same technology) and (3) the inter-
technology dependence (references to patents in another technology). For
a substantial part of the RETs, the relatively high knowledge intensities
are mainly the result of high science dependencies. We observe that the
knowledge dependence varies more across different RETs, than it does
across different FFETs. If we only focus on science dependence, we
make the same observation (see Fig. 5). Overall, RETs have higher
science dependencies, especially photovoltaics and non-fossil fuels: for
RETs aggregated, the science dependence represents about 22 percent
of the total knowledge dependence. For FFETs aggregated, this is only
about 8 percent, and even decreases to 7 percent when the Y02 patents
are taken out. The intra-technology dependence also varies a lot more
across different RETs than across the FFETs. Even though some RETs
have high intra-technology dependence, the FFETs generally show
higher intra-technology dependencies. Insofar individual FFETs build
on other technologies, these are usually other FFET technologies. In
summary, (i) RETs vary more than FFETs in the extent to which they
build on previous knowledge, (ii) RETs build stronger on science than
FFETs, (iii) RETs build less on themselves than FFETs. Fig. 5 combines
the different results indicating the ranges of the different science de-
pendencies. The range is far wider for the RETs, mainly due to non-
fossil fuels and photovoltaics. Taking out the Y02 patents from the
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4 The WOS broad categories ’Physical Sciences’ and ’Life Sciences-
Biomedicine’ may include ’smaller categories’ which can reasonably be char-
acterized as applied research as well. Therefore, we also constructed an alter-
native indicator, for which we separately considered each ’smaller category’
that is part of these two broader categories, and characterized them manually as
’applied’ or ’basic’. The results for this alternative indicator were mostly iden-
tical to that of the A-fraction, so we present the results for the latter and simpler
indicator only.
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FFETs, the FFETs range becomes even smaller.
Next, we consider the RETs in Fig. 3 in more detail. The knowledge

dependence varies considerable across different RETs with a standard
deviation of 1.0 ref/pat. The knowledge dependence of non-fossil fuels
(6.9 ref/pat) is the absolute maximum and that of energy from sea
(2.9 ref/pat) the minimum, with other technologies mostly on the lower
side of this spectrum. The science dependencies appear to be propor-
tional to the knowledge intensities (standard deviation 0.8 ref/pat).
Geothermal and solar thermal are exceptions in this respect: they show a
relatively low science dependence of 0.21 ref/pat, while their knowledge
intensities are relatively high. This appears to be largely due to relatively
high intra-technology dependencies. The fact that these technologies

build more on themselves than on external (scientific) knowledge may
indicate a more mature phase of development for these technologies. The
science dependence therefore indicates key differences between the
RETs. We have on the one hand strong science dependencies for photo-
voltaics, non-fossil fuels and most enabling technologies. For wind,
geothermal, solar thermal, hydro and energy from the sea, science ap-
pears less important and the intra-technology dependencies are relatively
high. Photovoltaics however is exceptional in this demarcation, which
despite a high science dependence also has a relatively high intra-tech-
nology dependence. This seems to indicate that although the technology
is maturing, science is still important to its development.

Subsequently, we turn to the FFETs, shown in Fig. 4. We first discuss

Fig. 1. Number of European patent applications by earliest filing year for selected RETs and FFETs. The number of patents increase exponentially for each
depicted technology. The decrease towards 2015 is likely an truncation effect (see main text).

Fig. 2. Co-classification between RETs and FFETs. Node size corresponds to total number of patents. Line thickness corresponds to the number of patents co-
classified in these technologies (green = RET-RET, grey = FFET-FFET, blue=FFET-RET). (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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the FFETs in general, which includes patents with a Y02 tag, and then
the FFETs without Y02 patents. There is little variation in the knowl-
edge dependence across different FFETs (standard deviation of 0.4 ref/
patent). Only fuels seem to have a relatively high knowledge depen-
dence, which appears to be largely due to a relatively high science
dependence and inter-technology dependence.

Overall, the science dependence and intra-technology dependence
are remarkably uniform for different FFETs, with respective standard
deviations of 0.1 ref/pat and 0.6 ref/pat. Interesting to note is that the
knowledge dependence of all FFETs together consists for almost 90
percent of intra-technology dependence. The inter-technology de-
pendencies for the individual FFETs can therefore be understood to
almost exclusively refer to other FFET technologies.

Further, we consider the FFETs in Fig. 4 without the Y02 patents.
Most knowledge intensities are similar to their versions including Y02
patents. The science dependencies however appear to slightly decrease
for cracking and fuels. The intra-technology dependencies of these
technologies instead appear to increase, which also holds for a number
of other FFETs, such as combustion and heat exchange.

Finally, we discuss the time dimension of the overall science base
characteristics of the technologies under investigation. From Tables 1
and 2, we have seen that the average earliest filing years are somewhat
older for FFETs than RETs. We have also seen that all RETs and FFETs
from the early beginning show continuous growth (e.g., have a non-
zero and increasing number of patents over the period 1978–2015). The
propensity to cite science, however, does not follow a similar regularity.
In Fig. 6, which depicts the science dependence by year, we observe
considerable variation across different technologies. Where the science
dependence of non-fossil fuels and fuels seem to continuously increase,
that of wind and combustion seem to first increase and then decrease.
The science dependence of photovoltaics follows a pattern which is
somewhat in between those patterns. If we study the science depen-
dence by year for the other technologies, we find similar variation both
across RETs as FFETs. The importance of science may therefore not just

be technology specific, but also be specific to the phase of development
of that technology.

We conclude this subsection by considering the science-technology
time lags. In Fig. 7 we present the time lags of both the FFETs and RETs
along with the number of NPL references. For the FFETs, we plot the
time lag both on the CPC classification group level as on the CPC (sub)
class level. Though we are mainly interested in the (sub)class level, we
include the values of the subgroup level to demonstrate a general re-
lation between the time lags and the number of NPL references. It ap-
pears that the higher the number of NPL references, the less variation in
time lags, resulting in a cone shape with an horizontal axis at the height
of about 10 years. The FFETs on (sub)class level neatly fall within the
cone, their time lags vary only little between 8.8 and 12.5 years. These
lags do not significantly change once the Y02 patents are removed from
the FFETs. A number of RETs, however, appear to fall outside the cone
to the lower side, their time lags ranging between 5.3 and 12.4 years,
despite rather high numbers of NPL references. For fuel cells, wind and
smart grids, the time lags are particularly small, indicating a rapid in-
teraction between science and technology in these fields. Overall, given
that the RETs generally have more NPL references than FFETs, the RETs
time lags seem relatively shorter than those of FFETs. Again, however,
we observe larger heterogeneity for RETs than for FFETs.

4.2. Science base distributions and indicators

The following section discusses the actual nature/content of the
references to scientific sources for the various technologies5. We de-
termine the academic impact of these sources, their diversity, and their

Fig. 3. RETs knowledge dependence. Break down of the knowledge dependence of RETs in science dependence, intra- and inter-technology dependence. The
shown error bounds are defined by the 35th percentile and 65th percentile of the knowledge dependence. Note that for photovoltaics and non-fossil fuels the mean
can be observed to exceed the 65 percentile.

5 Note that the relatively small number of NPL references of the RETs hydro,
energy from the sea and geothermal energy (see Table 1) did not allow for these
more detailed analyses and will therefore not be considered individually in this
section.
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Fig. 4. FFETs knowledge dependence. Similar to caption Fig. 4, but then for FFETs. We also distinguish between FFETs and FFETs without Y02.

Fig. 5. Schematic representation of science dependence range. Here, we show the range in science dependence for the RETs (green), FFETs (orange) and FFETs
without the Y02 patents (red). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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most relevant science categories and level of applied versus basic sci-
ence.

To determine the academic impact of these sources, we determine
the average WOS Journal Impact Factor (JIF) of references in each

technology and the technologies aggregated, (see Table 4 in
Appendix B). For RETs aggregated the average JIF is 7.57 (standard
deviation 10.3), for FFETs aggregated it is 5.36 (standard deviation
7.9), for FFETs without Y02 patents this drops to 4.64 (standard

Fig. 6. Science dependence by year. Yearly science dependencies for a number of RETs, FFETs and average EPO patents.

Fig. 7. Science Technology Time Lags. Time lags (in years) for each RET and FFET ordered by number of NPL references.
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deviation 6.9). A simple Welch t-test points out that these averages are
significantly different. The majority of RETs we consider individually
also have higher average JIFs than the FFET maximum (6.30 for fuels).
To account for the JIF bias towards certain scientific categories, we
calculate the expected JIF based on the distribution of references over
the scientific categories for each technology and the technologies ag-
gregated (see Appendix B). These expected values indicate that the
average JIF is indeed expected to be slightly larger for RETs than for
FFETs. However, when we consider the proportion between these ex-
pected values with the (measured) average JIF per technology, we find
these proportions are substantially larger for RETs than for FFETs. This
suggest that, within a scientific category, RETs tend to build on sources
with an scientific impact which is relatively high for that category, and
more so than FFETs.

These conclusions however are more nuanced when we consider
how the average JIF relates to the number of references, which we
depict for the different RETs and FFETs in Fig. 8 and similarly for FFETs
without Y02 in Fig. 9. We find that both for the RETs and FFETs, there is
a significant, positive relation between the logarithm of the number
references and the average JIF, the coefficient of which does not sig-
nificantly differ for the RETs and FFETs (for the statistical details see
Appendix B). We find this relation considering the average JIF on the
level of technologies and to some extent also on the level of individual
patents. While the coefficients are significant, most constants (i.e. the
value of the JIF when the number of references =1) are not. This
therefore does not allow us to conclude that the RETs have higher va-
lues than FFETs for a similar number of references, even though
Figs. 8,9 suggest this. The fact that the aggregated RETs refer to sources
with a higher average scientific impact than the aggregated FFETs
therefore appears to be closely related to the greater tendency of RETs
to refer to scientific literature.

Finally, as a robustness check, we repeat a large part of this analysis
for the normalized eigenfactor, the results of which are presented in
Appendix B. These results are very much in line with the earlier con-
clusions based on the JIF.

Considering now the diversity of the science base, as measured with
the Shannon entropy (Fig. 10), we come to a rather different conclu-
sion. Note that for the FFETs, we plot the entropy both on the CPC
classification group level as on the CPC (sub)class level. Though we are
mainly interested in the (sub)class level, we include the values of the
subgroup level as they better demonstrate a positive relation between
the number of NPL references and the Shannon entropy. While we again

observe a positive relation between the number of NPL references and
the Shannon entropy, RETs are rather on the lower end of the spectrum,
compared to FFETs with similar numbers of NPL references. This con-
clusion does not change if the Y02 patents are taken out from the FFETs
(sub)classes in Fig. 11.

The RETs aggregated have a Shannon entropy of 3.3, for the FFETs,
this is 3.4 and when the Y02 patents are removed this reduces to 3.3. If
we instead take the Herfindahl index as a measure of diversity, it leads
to similar conclusions. These measures of diversity, though attractive
for their simplicity, do not account for variations in mutual similarity or
dissimilarity relations between research categories. To account for
these relations, we will therefore also take a more qualitative per-
spective by considering the most important research categories in the
science bases.

The most relevant science categories in the science base distribu-
tions for both the RETs and FFETs are illustrated schematically in
Figs. 12 and 13. The pies represent the most important science cate-
gories, where the size corresponds to the total number of references to
these categories. In Fig. 12 the green part of the pies represent the
number of references from RETs, the red part those from FFETs. The
vertical coordinate of each pie indicates the number of different RETs
which build on it for 5% or more, the horizontal coordinate indicates
the number of different FFETs which build on the category for 5% or
more.

From Fig. 12 it is immediately clear how much stronger the RETs
build on science: almost all pies have a larger degree of green. The only
considerably large category showing the contrary is ‘chemical en-
gineering’. The categories ’physical chemistry’, ’multidisciplinary
chemistry’ and ’energy and fuels’ are important for FFETs, yet are po-
sitioned high and hence important to multiple RETs. In other words,
there appear to be few scientific categories only relevant to FFETs, and
those that are, are only sparsely referred to. RETs, however, have a
number of categories on which they uniquely build, such as ’polymer
science’, ’electrochemistry’ and ’organic chemistry’. These findings be-
come even stronger once the Y02 patents are taken out of the FFETs
(Fig. 13): almost all pies are now on the higher left. The considerable
importance to FFETs of some large categories, such as ’biotechnology’
and ’microbiology’, visible in Fig. 12, disappears in Fig. 13. This is likely
the effect of in- or excluding bio-fuels in FFETs. Figs. 12 and 13 offer a
rather different perspective on the diversity of the science base than the
Shannon entropy. RETs strongly refer to various fields of physics,
chemistry and biology as well as a number of interdisciplinary and

Fig. 8. Average JIF RETs and FFETs with Y02.We plot for all RETs and FFETs with Y02 patents the average JIF for the number of references, where the grey bars
indicate the standard deviations and the lines indicate a logarithmic fit. Note that the positive relation between the JIF and log number of references equally counts
for RETs and FFETs and the coefficients hardly differ.
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engineering fields. References in FFETs are mostly limited to fields of
chemistry, such as chemical engineering, multidisciplinary- and phy-
sical chemistry. Therefore, from a disciplinary perspective, the RET
science base is a lot more diverse than the FFET science base.

In conclusion, we observe an asymmetry in the extent to which RETs
and FFETs build on scientific categories. RETs build on most categories
more strongly and have various large categories uniquely useful to
them. Furthermore, the relevant categories RETs build on, cover a large
spectrum of scientific disciplines. FFETs, in turn, weakly build on most
categories. The few categories they strongly build on are mostly related
to fields of chemistry only.

Finally, we discuss the A-fraction, which indicates the extent to
which a science base consist of applied science. Here, we find no re-
lation at all between the number of NPL references in the science base
and the A-fraction. Yet, as Table 3 shows, this indicator does signal
important differences between the science bases of RETs and FFETs. In
general, the A-fractions of the RETs are lower than those of FFETs,
which suggests that RETs build less on applied science than FFETs.

However, the A-fractions vary more across different RETs, with very
high values for wind and smart grids (0.92) and very low values for
non-fossil fuels (0.30) and photovoltaics (0.22). For most FFETs, the A-
fraction increases when the Y02 patents are removed.

5. Discussion

There is an inherent uncertainty about understanding future tech-
nological developments on the basis of a snapshot of those technologies
today. Identified characteristics of those technologies, such as the ex-
tent to which it builds on science, may or may not change throughout
further development of such technologies. The indicators, while useful,
therefore have to be used with caution and in context. Further, we
discuss a number of limitations on a more technical level. Firstly, we
base our study on non-patent references in patents. While this allows us
to observe the influence of science on technology, it does not allow us to
see the reverse influence. Secondly, we rely on several classifications for
our analyses; the CPC Y02 coding by the EPO and USPTO to identify

Fig. 9. Average JIF RETs and FFETs without Y02. Same as Fig. 8 except for the FFETs without Y02 patents. Both the JIF and number of references are lower when
the Y02 patents are removed.

Fig. 10. Shannon entropy of the science base of each technology. The Shannon entropy of the science base of the RETs (orange), FFETs on the group level (blue)
including Y02 patents and FFETs on subclass level including Y02 patents (grey). (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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RETs, and the coding by Dechezleprêtre to identify FFETs. We analyzed
RETs at the class or subclass level and FFETs at the group or subgroup
level. In addition, we build on existing classifications of scientific areas
into disciplines, and into basic and applied science. While these clas-
sifications have been validated, their use to study emerging technolo-
gies is not trivial. Finally, we focused in the research on EPO patents.
Repeating this research for USPTO patents would be interesting, as ci-
tation behavior may be very different in those patents (Criscuolo and
Verspagen, 2008). The greater tendency of US patent applicants to cite
is likely to intensify the science dependences and broaden broaden the
spectra of scientific disciplines in the science bases found in this work.

6. Conclusions and policy recommendations

This paper compares the science bases of Renewable Energy

Technologies (RETs) and Fossil Fuel based Energy Technologies
(FFETs), driven by the assertion that such an understanding is helpful in
formulating policies to stimulate the development of RETs. Our em-
pirical analysis shows that:

1. RETs have a more substantial science base than FFETs. The ag-
gregated RETs on average refer three times more to scientific lit-
erature than the aggregated FFETs.

2. RETs build on a larger and more diverse set of relevant scientific
disciplines than FFETs. Where RETs build on very different WOS
research categories such as applied physics, chemistry, materials
science, and various fields of biology, FFETs build on more closely
related categories, such as chemical engineering and other fields of
chemistry. Furthermore, the broad spectrum of sciences on which
RETs build includes the smaller spectrum on which FFETs build.

Fig. 11. Shannon entropy of the science base of each technology. FFETs on subclass level without Y02.

Fig. 12. Most important WOS Research
Categories. Each bubble represents a WOS
research category which makes up at least 5%
of the science base of at least one of the RETs
(without hydro, geothermal and sea energy)
and/or FFETs. The size of the bubble indicates
the total number of references from all tech-
nologies to journals in these categories, where
the proportion of references coming from RETs
is depicted in green and from FFETs is depicted
in red. The vertical coordinates of a bubble
indicates the number of different RETs which
build on it for 5% or more, the horizontal co-
ordinate indicates the number of different
FFETs which build on the category for 5% or
more. This figure was created using the R
package scatterpie (Yu, 2018). (For inter-
pretation of the references to colour in this
figure legend, the reader is referred to the web
version of this article.)
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3. For RETs, the time lags between scientific publication and usage in a
technological invention are generally shorter than for FFETs.

4. RETs generally build on higher impact science than FFETs. The
average Journal Impact Factor of journals referred to is 1.5 times
greater for the aggregated RETs than for the aggregated FFETs.

5. RETs generally build more on basic research, whereas FFETs rely
more on applied research. The fraction of applied research fields in
the science base of RETs is on average two times less than for FFETs.

In our data, we distinguish RETs and FFETs on the basis of patent
technology classification (CPC) codes. A complicating factor here is that
some technologies can be classified both as RETs and FFETs. For the
above conclusions (1–5), these technologies were included with the
FFETs. If we exclude these ’hybrid’ technologies from our definition of
FFETs, all five conclusions become more pronounced.

Yet, our empirical findings also point out a number of subtleties.
Across the dimensions in all five conclusions, we find much more
variety between different RETs than we find for different FFETs, which
are more homogeneous. RETs such as photovoltaics and non-fossil fuels
intensively refer to scientific literature and rely on very basic, high
impact science. Other RETs such as wind- and geothermal energy refer
less often to scientific literature, and, in the case of wind energy, more

to applied science. In fact, the backward citation rates of these last two
technologies are more comparable to FFETs. As we will discuss below,
this heterogeneity of RETs does have consequences for policy.
Furthermore, we note that the average scientific impact of the sources
referred to by a technology is related logarithmically to the number of
references of such a technology. The greater reliance on high impact
science of RETs as opposed to FFETs is therefore closely related to the
greater tendency of RETs to refer to scientific literature.

On the basis of our findings, we formulate a number of policy re-
commendations for stimulating research and development for RETs.
This study has shown that RETs rely much more on science than FFETs
(and especially on basic, high impact science). As such, a policy that
promotes scientific research in general (and basic, high impact science
in particular) is expected to lead to a strengthening of RETs. Further,
this study has shown that RETs rely on a broad spectrum of scientific
disciplines, a spectrum that encompasses the smaller spectrum FFETs
rely on. While this study has identified a number of scientific disciplines
particularly relevant to a number of FFETs, the relevance of these dis-
ciplines to RETs is at least comparable. It appears therefore that redu-
cing support for particular scientific disciplines is not likely to be a
successful policy for promoting RETs as a replacement for FFETs or for
accelerating the phasing out of FFETs. At the same time, our study has
shown a considerable heterogeneity across different RETs: photo-
voltaics and non-fossil fuels are rather different in their science base
from wind- and geothermal energy, for instance. For policies to be as
effective as possible, policy makers are advised to take these differences
into account and develop technology-specific policies that focus on
strengthening fields in science that are known to promote specific re-
newable technologies. Such technology-specific policies should con-
sider to what degree specific RETs depend on science (some do more so
than others, as we have shown), and the spectrum of scientific dis-
ciplines that would qualify for strengthening, given the choice for a
specific RET. Such policies could also consider the time lag between
science and application (which is much shorter for some RETs than for
others) and the degree to which RETs build on applied science (instead
of basic science). Taking the above considerations into account, smart
grids and wind energy are among the most suitable candidates for
technology-specific policies with short-time goals (investments in re-
lated applied science), whereas non-fossil fuels and photovoltaics are

Fig. 13. Most important WOS Research Categories (Y02 removed). Similar to Fig. 12, but now the FFETs are without Y02 patents.

Table 3
A-fraction for RETs, FFETs and FFETs without the Y02 patents. A high A-
fraction (between 0–1) signals a high level of applied science.

RETs A-fraction FFETs A-fraction A-fraction no
Y02

all RETs 0.20 all FFETs 0.40 0.46
solar thermal 0.54 cracking 0.32 0.35
photovoltaics 0.22 gasification 0.59 0.67
wind 0.84 fuels 0.29 0.38
energy storage 0.27 steam engines 0.71 0.75
hydrogen 0.30 gas turbines 0.65 0.69
fuel cells 0.29 steam

generation
0.73 0.82

smart grids 0.92 combustion 0.63 0.66
non-fossil fuels 0.07 furnaces 0.79 0.74
clean combustion 0.63 heat exchange 0.56 0.55
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the main candidates for technology-specific policies with a longer time
window (investment in the related basic science).
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Appendix A. Linking NPL data with WOS journal entries

Classifying a large number of NPL references can be a non-trivial task6. The PATSTAT Spring 2017 version is advantageous in this respect, as it is
the first to have a more harmonized recording of NPL references.7 The classes in Table 2 plus the Y02E patents amount to a total of 68,042 NPL
references, where we only consider npl_type=’s’, which indicates journal citations. For about 13,000 references the ISSN of the journal is recorded.
As a preliminary step, we did a check on patents with large number of NPL references. We recorded examples with more than 300 NPL references,
and some of these patents appeared to occur multiple times (with sequential application numbers and almost identical references). Applying for a
patent several times, each time with only minor variations, is strategy used by some patentees, yet could bias our research if the number of NPL
references are high. We therefore performed a quick scan of all patents with numbers of NPL with 30 or higher to erase ’duplicates’ of these patents,
which were 94 in total. Then we were were ready to further clean and sort the data in a number of systematic steps.

• First, these ISSN references were selected and their journal names were looked up in WOS and if not available in an online ISSN database (ISSN
international Centre, 1974). The result was the ISSN journal list.
• Second, to classify the remaining about 55,000 NPL references, which translated to 37,849 unique references, the journal name data under the
PATSTAT header ’npl_title2’ was used. As this is still a substantial number, the matching with journal names was automatized using two string
comparison algorithms. The first, ”Optimal String Alignment” (OSA), minimizes the Levenshtein distance and at the same time allows for
transposition of adjacent characters. The second, ”Jaro distance” (JARO), is a more heuristic distance measure which matches characters between
two strings that are not a given number of positions apart (Van der Loo, 2014).
• Third, the string matching algorithms need a list with journal names to compare the raw data to. We created this list combining ISSN journal list
with the Science and Engineering Journal Abbreviations list from the University of British Columbia (Woodward Library, 2020), which includes
approximately 13,100 journal names and their abbreviations. After a number of trials, the list was further improved by including new terms on
the basis of frequently occurring mismatches. This resulted in a reference list of 6042 search terms, where search terms resulting in no matching
were discarded.
• Fourth, in the final automated comparison of the npl_title2 data and the match list, we selected only the item with the best matching score for
both algorithms. On the basis of this we created two lists: the first with matched journal names on which both the OSA and JARO algorithms
agreed, which happened for the majority of the cases (72%), and a second where they disagreed (28%).
• Fifth, we did a manual test on a random 500 piece sample of the first list, which revealed that for 7 percent of the references the matching was
inaccurate. A manual test on a random 500 piece sample of the second list revealed that for 11 percent of the references the OSA method was
correct, in 13 percent of the references the JARO method was correct. This test gave further confidence to use only the matched terms on the first
list and discard the other. A second quick inspection of the discarded list revealed that for a substantial part (estimated 14 percent) of these
references it was hard to identify a journal in the first place.
• Sixth, given the large number of items on the match list, we were required to make a selection of search terms for which further journal data
would be acquired. To this end the following steps were taken. (a) We ordered the matched journal names/abbreviations by frequency of
occurrence and selected the top 500. (b) We made a separate frequency ordering for the smaller RETs and FFETs and from these the top 350 terms
were selected. (c) We complemented this selection with the journal names from the ISSN journal list and removed any doubles, which completed

Table 4
Comparison average JIF and expected JIF. For each technology we determine the average JIF, the expected JIF Jk

E based on the reference distribution over the
WOS scientific categories, and the factor of proportionality f between these quantities.

with Y02 without Y02
RET average JIF (SD) Jk

E f FFET average JIF(SD) Jk
E f average JIF (SD) Jk

E f

all RETs 7.57(10.3) 3.61 2.10 all FFETs 5.36(7.9) 3.56 1.50 4.64(6.9) 3.58 1.29
solar thermal 5.17(7.3) 2.88 1.80 cracking 5.95(8.2) 3.88 1.54 5.21(6.6) 3.97 1.31
photovoltaics 9.08(11.7) 3.61 2.52 gasification 4.52(5.8) 3.26 1.39 3.41(1.9) 3.10 1.10
wind 4.21(4.8) 3.94 1.07 fuels 6.30(8.8) 3.50 1.80 5.59(8.4) 3.58 1.56
energy storage 7.88(9.8) 3.77 2.09 steam engines 3.19(5.8) 2.77 1.15 2.93(5.9) 2.85 1.03
hydrogen energy 8.80(11.0) 3.83 2.30 gas turbines 3.65(6.5) 3.03 1.21 3.59(7.2) 2.92 1.23
fuel cells 6.32(8.3) 3.63 1.74 steam generation 1.55(2.1) 2.78 0.56 1.13(1.3) 2.75 0.41
smart grids 5.10(6.0) 5.03 1.01 combustion 3.71(5.8) 3.05 1.22 3.74(5.7) 3.02 1.24
non-fossil fuels 6.54(9.0) 3.51 1.86 furnaces 2.01(4.2) 3.15 0.64 2.56(5.0) 3.15 0.81
clean combustion 4.12(6.5) 3.03 1.36 heat exchange 4.92(8.3) 3.03 1.63 4.43(7.9) 3.06 1.45

6 For the linkage of NPL references in patents to scientific articles see also the database by Marx and Fuegi (2019) (which was not yet available at the time of this
research).

7 This recording was in May 2017 still work in progress, yet was surprisingly complete for the EP patents.
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the shortlist of a total of 2041 journal names and/or abbreviations.
• Seventh, we searched for all terms on the shortlist in Web Of Science (WOS). For 464 of the journal names there was no data available in WOS,
reducing the shortlist to 1577 search terms. Fortunately, the journal names not available in WOS were not frequently occurring in the references.
The shortlist was sufficient to cover 82% of all identified NPL references and attained coverage percentages well over 55% for all individual RETs
and FFETs separately. The only exceptions to this were wind energy and smart grids with respective coverage of 40% and 32%. However, a more
careful analysis of the matched search terms of wind energy, including the ISSN matching, showed that 35% of the wind energy references was in
the group of 464 journal names about which WOS has no data. Similarly, for smart grids this was a 26%. These percentages are relatively high: for
photovoltaics it was only 6% for example. The low coverage percentages of wind and smart grids were therefore mainly the result of frequently
referring to journals which were/are not represented in WOS at the time of reference. For the 1577 journal names/abbreviations we downloaded
the WOS categories, Journal impact factor, normalized eigenfactor and how these change over all available years. For the large majority of
journals recent data was available.

Appendix B. JIF and NEF statistics

In this appendix we provide as statistical background of the analysis done for the Journal Impact Factor (JIF) and Normalized EigenFactor (NEF).
The JIF is known to be biased towards certain WOS scientific categories (Waltman, 2016). We therefore retrieved from WOS for each scientific

category i the aggregated JIF (Ji). From the distribution of references of a technology k to scientific categories specific, we calculate the expected JIF
(Jk

E) based on the aggregated JIF of these scientific categories, i.e.,

=J
J r
rk

E

i

i i k

k
T
,

(1)

where ri,k are the number of NPL references in technology k to scientific category i and rk
T is the total number of NPL references of technology k

(where we only count the NPL references for which a JIF factor could be retrieved). In Table 4 we compare the Jk
E with the measured JIF averages for

each technology and for the aggregated RETs8 and aggregated FFETs. We observe small variations in Jk
E across technologies, where the values of the

RETs indeed appear slightly larger (for RETs aggregated 3.61 versus for FFETs aggregated 3.56). However, as we indicate in the same table, the
average JIF are generally a factor f> 1 larger than J ,k

E where the values of f shown in the same table. Where f is for RETs aggregated 2.10 and for the
different RETs on average 1.75, it is for different FFETs aggregated 1.50 and for different FFETs on average 1.23. Within a certain scientific category,
the RETs therefore appear to cite journals with impact factors which are relatively high for that category, and more so than FFETs. When we remove
the Y02 patents from the FFETs, this difference becomes even more pronounced. This suggests that, while there are small differences between RETs
and FETs due to the bias of JIF towards certain scientific categories, the large differences found between RETs and FFETs are mostly due to a
tendency of RETs to build on higher impact science within those categories.

The average JIF in Table 4 is for the aggregated RETs and FFETs determined using respectively 27,509 and 5881 references. While the dis-
tribution of the JIF itself is highly skewed, we trust that our sample size is large enough that the distribution of the average JIF can be approximated
to be normal. We can thus do a Welch t-test comparing the average JIF of aggregated RETs and FFETs, which points out that the averages are
significantly different ( =t 18.504, =df 10650, <p e2.2 16). The average JIF of the FFETs and FFETs without Y02 is similarly found to be sig-
nificantly different ( =t 4.3096, =df 6103.3, =p e1.661 05).

We repeat the impact analysis for a second measure of scientific relevance offered by WOS: the normalized eigenfactor. The eigenfactor is an
‘influence measure’ based on applying pagerank (or eigenvector centrality) to citation networks of scientific journals (West et al., 2010). Like the JIF,
the eigenfactor of a source is mainly based on the number of forward citations this source receives. Unlike the JIF, the eigenfactor of a journal takes
into account the eigenfactor of the source of citations, thereby rewarding being cited by a source which is itself highly cited. Further, where the JIF
varies across disciplines, the eigenfactor is relatively insensitive to these differences, because it focuses on the proportion of citations going to a given
source rather than on the absolute number going to that source (West et al., 2010). Finally, self-citations do not play a role in the calculation of the
eigenfactor. The normalized eigenfactor is determined ”by rescaling the total number of journals in the JCR [Journal Citation Report] each year, so
that the average journal has a score of 1″ (Web of Science Core Collection Help, 2020). Analogous to the procedure with the JIF, we then (1) retrieve
when available the normalized eigenfactor (NEF) from WOS for each cited journal cited by the technologies, (2) determine the distribution of
references to each journal for each technology and (3) calculate the average NEF per technology.

For the average NEF the aggregated RETs and FFETs have respective values 22.88 and 14.07, with standard deviations 39.57 and 31.81 and
number of references 25,844 and 5229. Similarly applying a Welch t-test points out that the NEF average is significantly different for RETs than for
FFETs ( =t 17.477, =df 8838.8, <p e2.2 16). The NEF average of the aggregated FFETs without Y02, valued 11.78 with standard deviation 26.98, is
likewise found to be significantly different from that of aggregated FFETs ( =t 3.2625, =df 5521, =p .0011).

Next we have a closer look at the relation between the log of the number of references and the JIF in Figs. 8,9, and likewise for the NEF in
Figs. 14, 15 (found in this appendix). The observed positive relation is tested and fitted with an OLS estimation for the JIF in Table 5 and for the NEF
in Table 6. We draw three conclusions based on these regressions:

1. The coefficients are significant to a 0.05 level for the RETs, FFETs and FFETs without Y02, both for the JIF and NEF.
2. The coefficients are rather similar for RETs, FFETs and FFETs without Y02. As a matter of fact the coefficient difference between the RETs and

FFETs (and FFETs without Y02) turns out to be insignificant for both indicators. We conclude this using the test for small sample sizes described
in COHEN (2016), the details of which can be found in Table 7.

3. While the coefficients are significant, most constants (i.e. the value of the JIF or NEF when the number of references =1) are not. This therefore
does not allow us to conclude that the RETs have higher values than FFETs for a similar number of references, even though Figs. 8,9 and 14
suggest this.

Together, these three conclusions point out that the higher average impact of the sources built on by RETs (as opposed to FFETs) is closely related

8 Note that the aggregated RETs include more than the 9 other technologies in Table 4, see Table 1.
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Fig. 14. Normalized eigenfactor RETs and FFETs with Y02.We plot for all RETs and FFETs with Y02 patents the average normalized eigenfactor for the number of
references, where the grey bars indicate the standard deviations and the lines indicate a logarithmic fit. Note that the positive relation between the JIF and log
number of references equally counts for RETs and FFETs and the coefficients hardly differ.

Fig. 15. Normalized eigenfactor RETs and FFETs without Y02. Same as Fig. 14 except for the FFETs without Y02 patents. Both the NEF and number of references
are lower when the Y02 patents are removed.

Table 5
Normalized Journal Impact Factor for the number of references. This table presents three regressions, where the dependent variable is the
average JIF for the RETs, FFETs and FFETs without Y02 patents and the independent variable is the log of the number of references. All
coefficients are significant on a 0.05 level, yet the constants are not.

Dependent variable:

JIF RETS JIF FFETs JIF FFETs no Y02
(1) (2) (3)

log references 0.864⁎⁎ 1.235⁎⁎⁎ 0.984⁎⁎

(0.305) (0.314) (0.303)
Constant 0.363 - 3.474 - 1.542

(2.167) (1.925) (1.623)
Observations 9 9 9
R2 0.534 0.688 0.600
Adjusted R2 0.467 0.643 0.543
Residual Std. Error (df = 7) 1.373 0.969 0.923
F Statistic (df = 1; 7) 8.018⁎⁎ 15.419⁎⁎⁎ 10.512⁎⁎

Note: *p < 0.1; ⁎⁎p < 0.05; ⁎⁎⁎p < 0.01
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to the greater tendency of RETs to refer to scientific literature.
Finally we note that the positive relation is found between the (log) number of references and the average JIF (and NEF) for different tech-

nologies. This does not necessarily imply the relation also counts on the level of individual patents. Comparing the JIF averages of technologies in
Fig. 8 to the science dependences of technologies in Figs. 3 and 4 however appears to indicate a close relation between these as well, suggesting that
the average JIF is not only related to the number of references, but also to the number of references per patent. To test the relation with the number
of references per patent more directly we plot it for the JIF and NEF respectively in Figs. 16 and 17 (for all references in this study). Indeed for these
we also observe a logarithmic relation between the number of references per patent and the average JIF and NEF (both are highly significant). The
standard deviations are large however, suggesting there is substantial variation across patents. While there appears to be a clear relation, it is not
exactly clear what mechanism is behind this relation. Finding this mechanism is however beyond the scope of this research.

Table 6
Normalized eigenfactor for the number of references. This table present three regressions, where the dependent variable is the average NEF
for the RETs, FFETs and FFETs without Y02 patents and the independent variable is the log of the number of references. All coefficients are
significant to a 0.05 level, yet not all constants are.

Dependent variable:

NEF RETs NEF FFETs NEF FFETs no Y02
(1) (2) (3)

log references 3.945⁎⁎ 4.062⁎⁎⁎ 2.914⁎⁎

(1.182) (0.585) (0.933)
Constant - 10.433 - 14.576⁎⁎⁎ - 5.794

(8.314) (3.481) (4.832)
Observations 9 9 9
R2 0.614 0.873 0.582
Adjusted R2 0.559 0.855 0.523
Residual Std. Error (df = 7) 5.397 1.909 2.973
F Statistic (df = 1; 7) 11.134⁎⁎ 48.283⁎⁎⁎ 9.766⁎⁎

Note: *p < 0.1; ⁎⁎p < 0.05; ⁎⁎⁎p < 0.01

Table 7
Coefficient differences. We statistically evaluate for the JIF and NEF the coefficient difference between RETs & FFETs and the RETs & FFETs no Y02
using the test described in COHEN (2016), which applies to the difference of coefficients based on pairs of independent, small samples. As we see all p
values are larger than 0.05 and the differences are therefore not significant.

JIF NEF
coefficient pair t statistic p t statistic p

RET-FFET -0.793 0.22 -0.077 0.47
RET-FFET no Y02 -0.258 0.40 0.619 0.27

Fig. 16. Average JIF for the number of references. We sort
each reference (for which a JIF could be identified) by the
number of references of the patent in which it appears, and we
accordingly determine the average JIF and standard deviation
(see error bars). The average JIF is reasonably fitted by the
logarithm of the number of references, which is confirmed by
the relatively high correlation coefficient.
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