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Abstract

Green innovation is an important part of combating climate change, and therefore, it is important
to examine what stimulates innovation, especially in innovation-forward countries, such as Sweden.
Sweden’s electricity pricing system is also interesting to study. This thesis has examined the effect
of electricity prices on both total R&D expenditure and the probability that firms invest in energy-
or CO;,-reducing innovation in Sweden. To study the probability of if a firm invests in energy- or
CO;-reducing innovation, a logit random-effects is used. To study the effect of electricity prices
on total R&D expenditure, a fractional fixed effects logit model is used. The results indicate that,
in the short run, electricity prices have no significant effect on whether firms invest in energy- or
CO;-reducing innovation in Sweden. However, the results are not robust. Furthermore, the previous
year’s electricity price is found to affect on a firm’s total R&D expenditure in the next year in Sweden.
The effects of electricity price on R&D expenditure are found to have some heterogeneous effects
and are sensitive to which electricity price measurement is used to study the relationship. While the
relationship between electricity prices and innovation in Sweden would benefit from further studies,
this thesis provides knowledge on the effect of electricity prices on induced innovation in Sweden,
which has not previously been studied, as previous research has examined electricity prices and

innovation in China and Germany. '
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1 Introduction

Innovation, and especially green innovation, is a crucial part of combating climate change (OECD,
2026). Given the importance of green innovation, it is essential to understand its drivers. Building on
Hicks’s (1963) theory, which claims that increased costs lead firms to invest in innovation to reduce
costs, Jaffe, Newell and Stavins (1999) further extend the induced innovation theory to energy-saving
technological change. They argue that increased energy costs lead firms to invest in energy-saving
innovation (Jaffe, Newell and Stavins, 1999). In 2022, due to supply limitations caused by Russia’s war
on Ukraine, electricity prices in Sweden rose to levels not seen historically (Holmberg and Trangeras,
2023). According to the logic behind the induced innovation hypothesis, the increased electricity prices
would lead to increased innovation, or at least to electricity-saving innovation.

Induced innovation has been studied extensively (e.g. Popp, 2002; Johnstone, Has¢i¢ and Popp, 2009;
Kruse and Wetzel, 2016), but previous literature has rarely focused on electricity prices. Furthermore,
studies about the relationship between electricity prices and innovation have mostly been conducted in a
Chinese context (e.g. Chen and Lin, 2019; Jia, Kou and Liu, 2025), and few studies have examined on
whether induced innovation through electricity prices occurs in Sweden. Thus, there is a gap in knowledge
of how electricity prices affect induced innovation in Sweden that this thesis aims to fill.

Sweden was the second most innovative country in the world in 2025, according to the Global
Innovation Index (World Intellectual Property Organization, 2026). Given that green innovation is needed
to combat climate change and that innovation drives growth (OECD, 2026), it is worth examining the
factors that influence innovation in Sweden. Understanding what drives innovation in countries with high
innovation rates, such as Sweden, is important for understanding the factors that promote innovation.
While differences in country characteristics mean that the results on what promotes innovation in Sweden
cannot be directly transferred to other countries, they could still suggest which factors and policies can
be used to generate innovation in other countries. Furthermore, Sweden also has high goals set towards
fossil-free electricity production and energy efficiency, and in 2028, the electricity production is expected
to be 99% fossile free (Swedish Energy Agency, 2025c). This also makes Sweden an interesting country
to study in the context of climate change and the green transition. Since Sweden is an innovative country
working towards a greener electricity system, and given the aforementioned research gap regarding
whether electricity prices induce innovation in Sweden, this study focuses on Sweden.

In this study, the impact of an increase in electricity prices on both total research and development
(R&D) expenditure and energy- or CO,-reducing innovation among Swedish industrial firms was assessed.
Green innovation is measured as energy- or CO;-reducing innovation. The overarching question that this
thesis aims to answer is: Does an increase in electricity prices affect energy- or CO»-reducing innovation
in Sweden? To further guide the analysis two research questions are used; Does an increase in electricity
prices have an effect on the probability that a industrial firm in Sweden invests in energy- or CO; reducing
innovation between 2018-2023? and Does an increase in electricity price lead to an increase in industrial
firms R&D expenditure in Sweden between 2005-2023?. The years in which the research questions are
selected are due to data availability.

As mentioned above, the theoretical foundation for the study of whether electricity prices affect
innovation in Sweden is the induced innovation hypothesis developed by Hicks (1963), and extended by
Jaffe, Newell and Stavins (1999). The induced innovation theory states that if electricity prices increase,
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innovation. Thus, the first hypothesis presented in this thesis is that: higher electricity prices increase the
probability that a firm invests in energy-reducing innovation. The second hypothesis, which examines how
total R&D expenditure will be affected by increased electricity prices, has an important caveat regarding
how induced innovation affects the amount of R&D expenditure. Given that higher electricity prices
increase costs for firms, and Swedish industrial firms are generally price-insensitive regarding electricity
(e.g., Lindstrom, Lundgren and Vesterberg, 2025; Henriksson, Warell and Soderholm, 2014), higher costs
are likely to lead to cost-cutting. This might lead to a crowding-out effect, where firms cannot increase
their R&D-spending to reduce costs in the future in the short run. The firms might redirect their R&D
spending towards energy-reducing innovation, but total expenditure will not increase. Thus, the second
hypothesis this thesis aims to test is: An increase in electricity prices will not lead to an increase in firm
R&D spending in the short-run.

The data needed to conduct the analysis were provided by Statistics Sweden through the Swedish
Agency for Growth Analysis. The dataset was created by merging several microdata tables. Innovation
will be studied using two dependent variables to account for the two hypotheses: first, a binary variable
indicating if a firm invests in energy- or CO;-reducing innovation and total R&D expenditure, both
available from Statistics Sweden (2026a) and Statistics Sweden (2026b). The variable indicating if
a firm invests in energy- or CO,-reducing innovation will be used to answer the first hypothesis and
covers the years between 2018 and 2023. Here, the variation between the firms is limited, which in turn
somewhat limits the analysis. A majority of firms included in the sample invest in some kind of energy-
or CO;-reducing innovation. Total R&D expenditure is used to analyze the second hypothesis and is
expressed as a share (fraction) of the firms’ turnover. Two different dependent variables, hence, models
are used, as they provide the most complete answers to the research questions with the available data.
The binary dependent variable expresses energy- or CO,-reducing innovation at the general firm level,
indicating whether a firm invests in such innovation, while R&D expenditure measures the amount of
innovation.

As the Swedish electricity pricing is complex, all firms included in the data set were sorted (and thus
all observations) into the applicable electricity price zones present in Sweden. Sweden has four electricity
price zones: SE1, SE2, SE3 and SE4. SE1 is the furthest north, and usually has the lowest prices due to a
higher electricity supply than SE4, which has the highest prices. SE2 and SE3 are located in the middle of
Sweden (Holmberg and Tangeras, 2023). The data used in this thesis shows that firms’ electricity prices
in Sweden generally follow the order that SE1 and SE2 have the lowest average firm electricity price,
while SE3 and SE4 have the highest. Furthermore, the data suggest that firm size also affects electricity
prices, with larger firms, on average, paying lower prices.

The firms included in the data set are industrial firms with the SNI-code 05-33, which refers to
manufacturing firms and mines (Statistics Sweden, 2026c¢). The industries in which industrial firms in
Sweden are active in include, for example, mining (SNI 05-09), pulp and paper manufacturing (SNI
17), chemical production (SNI 20), and iron and steel works (SNI 241-243) (Swedish Energy Agency,
2024). The reason beyond data availability is that industrial firms are used because they conduct a
majority of R&D in Sweden, compared to other industries such as the service sector (Swedish Agency for
Growth Analysis, 2025). Furthermore, as industrial firms require more energy than, for example, firms
within the service sector, they are expected to be affected more by an increase in electricity prices (on
average. Additionally, the firms’ demand for electricity is inelastic. Contrary to what one might expect,

energy-intensive firms in Sweden are located all over the country and not only in SE1, where electricity



prices are lowest (Abrahamsson et al., 2025). Thus, there are other factors that affect the firms’ location
beyond electricity price.

To analyze the first hypothesis a logit random effects model is used, since the independent variable
is binary. As the second hypothesis is not studied with a binary variable but rather a share variable, a
fractional fixed effects logit model is used instead, as it is fit to use for models where the independent
variable is a fraction between 0 and 1. As innovation is a slow process, the electricity price is lagged in the
models. For heterogeneity checks, a model differentiating between internal and external R&D, a model
only including firms which invest in R&D is used. A model testing for electricity price endogeneity was
initially planned for this thesis, but was excluded after the chosen instruments proved weak and time
constraints prevented further refinement. To test for the models’ robustness and sensitivity to different
electricity prices and policy measures, as well as a linear probability model (LPM).

This thesis found that electricity prices are not associated with increased innovation when innovation
is measured as firms investing in energy- or CO;-reducing innovation. The previous year’s electricity
price is found to affect total R&D expenditure when it is lagged by one year. The average marginal
effects indicate that a 1,000 SEK/MWh increase in electricity prices results in a 1.2 percentage-point
increase in the proportion of total R&D expenditure (as a share of turnover) on average one year after the
electricity price increase. A time-lag of two and three years is not found to affect total R&D expenditure.
Several robustness and sensitivity tests further indicate that electricity prices do not affect energy- or
CO,-reducing innovation; however, some sensitivity is observed. The results on how the electricity price
affects total R&D expenditure show some sensitivity to the choice of electricity price measure.

This thesis complements previous literature by studying the induced innovation of electricity prices
in a new geographical context. How an increase in electricity prices affects innovation has not been
studied in a Swedish context before. Furthermore, this thesis provides insight into how innovation input
is affected by rising electricity prices. As most previous literature on the subject has examined innovation
output through patents, this thesis adds nuance to the question of whether an effect can be observed earlier
in the innovation process.

The rest of this thesis is structured as follows. First, a literature review is conducted. The literature
review provides an extensive overview of research on induced innovation and includes a brief review of
the Swedish industry’s need for electricity. Following the literature review, the theoretical background
and hypotheses are presented in more depth. Subsequently, the thesis discusses the data to be used in the
empirical analysis. The data section first discusses the dependent variables in this thesis: firms investing
in energy- or CO;-reducing innovation and total R&D expenditure. Then, the Swedish electricity pricing
system for industrial firms is discussed, followed by an introduction to the main independent variable,
electricity price. The data section ends with a brief discussion on control variables, a presentation of the
summary statistics and some limitations of the data that affect the thesis. This Section is followed by
an econometric analysis in which the thesis’s methodology, main results, and robustness and sensitivity

analyses are presented. Finally, the thesis presents its conclusions.

2 Literature Review

The existing articles examining the relationship between electricity and specifically green innovation
are not as vast as one might think. Few studies have examined the effect of electricity prices on green

innovation. However, there is some previous knowledge available on the subject. When broadening the



view of previous studies to articles examining the relationship between electricity prices and innovation,
the available literature increases. Some of the studies are concerned with the exact relationship between
electricity prices and innovation, while some studies are examining more implicit factors, such as feed-in
tariffs, which could affect electricity prices and therefore innovation. Expanding the literature search even
further, by expanding from studies that only focus on electricity prices to energy prices, more relevant
literature is found.

The literature review is structured in the following way: the first part discusses empirical studies that
study induced innovation, while the second part focuses on general energy price effects on innovation.
Thirdly, empirical studies about how electricity prices affect (green) innovation are discussed. Lastly,
studies on the electricity needs of energy-intensive and industrial firms in Sweden are reviewed, focusing

on how price-sensitive these firms are with regard to electricity prices.

2.1 Empirical studies about induced innovation

Induced innovation was first introduced as a concept discussing the relationship between wages and
innovation (Hicks, 1963). Beyond theory, multiple studies test the empirical viability of induced innovation
(e.g. Johnstone, Hasc¢i¢ and Popp, 2009; Lindman and Séderholm, 2016; Popp, 2001; Hounshell, Rubin
and Taylor, 2005). While induced innovation extends beyond the scope of this literature review, the
following studies focus on its relationship with environmental regulations and green innovation, as these
are most relevant to the research question.

Environmental policies are studied as a means to induce innovation due to these policies leading to
increased costs for firms, and have been studied in several contexts by several authors (e.g. Johnstone,
Has¢i¢ and Popp, 2009; Lindman and Séderholm, 2016; Carrio “n-Flores and Innes, 2010). All of these
studies find evidence for induced innovation, i.e. that increased prices, through environmental regulation,
increase innovation. However, what is studied and the detailed effect vary.

Some articles studying induced innovation through environmental policies focus specifically on green
innovation and whether that is induced (e.g. Johnstone, Has¢i¢ and Popp, 2010; Lindman and S6derholm,
2016; Herman and Xiang, 2019). Generally, these articles find a consensus that environmental policies
increase green innovation. However, it is important to note that these articles measure green innovation in
different ways, with some using narrower measures than others. For example, in Johnstone, Has$¢i¢ and
Popp (2009), green innovation is measured by technological advances in renewable energy, and Lindman
and Soderholm (2016) focus on a specific part of renewable energy, wind power. However, as will be
discussed, this broad definition of green innovation does not yield different conclusions about whether
green innovation is induced by increased costs resulting from environmental regulation.

Johnstone, Has¢i¢ and Popp (2009) studied how different environmental policies affect green inno-
vation through the case of technological renewable energy. The study of 25 OECD countries, including
Sweden, covering the period 1978-2003, found that environmental policies significantly influenced the
development of new renewable energy technologies. The results were robust across different specifi-
cations. More specifically, the results show that targeted subsidies induce innovation in more costly
renewable technologies, such as solar power, whereas broader policies generate innovation in renewable
technologies more closely related to fossil fuels (Johnstone, Has¢i¢ and Popp, 2009).

Lindman and Soéderholm (2016) also study renewable energy innovation and its impact on envi-
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extend the framework of Johnstone, Hasc¢i¢ and Popp (2009) by incorporating the impacts of public
R&D support. Furthermore, while both studies examine renewable energy, Lindman and Soderholm
(2016) focus specifically on the wind energy sector, rather than renewable energy broadly. Lindman and
Soderholm (2016) study feed-in tariff programs and use patent data to conduct the analysis. Specifically,
they use patent application data for Denmark, Germany, Spain and Sweden, covering the time period
between 1977 and 2009. To identify causality, they use the feed-in tariff programs and the fact that they
were introduced during the period under study. Lindman and Séderholm (2016) find that feed-in tariffs
have a positive effect on patent application counts, specifically within the wind power sector. Furthermore,
the authors also find that the effect has increased as wind power technology has matured. They also
find results indicating policy interaction effects. The results are relatively robust, but in some model
specifications, the feed-in tariff variable becomes statistically insignificant.

Herman and Xiang (2019) also discuss induced innovation, specifically policy-induced innovation
in clean technologies. Uniquely, they also take a cross-border approach in their analysis, proposing that
policy spillovers might induce innovation in other countries beyond the country where the policy is
introduced. They study 27 OECD countries and 5 BRICS countries, using a policy stringency proxy as
the main explanatory variable and clean technologies as the outcome variable. Furthermore, the model
is lagged by two, three and four years. Clean technologies include renewable energy technologies and
electrical energy storage. Herman and Xiang (2019) find that foreign environmental policy stringency
induces clean-technology innovation in the local country, but the magnitude of this effect varies across
the three models used by the authors. Furthermore, they find that domestic environmental market policies
induce innovation. For both foreign and domestic environmental market policies, the effect is statistically
significant across all lag structures.

As previously stated, Johnstone, Has¢i¢ and Popp (2009), Lindman and Séderholm (2016) and
Herman and Xiang (2019) find that increased costs through policy increases green innovation, specifically
seeing to renewable energy innovation. Commonly, all articles also use innovation outcome, measured
by patents, as the dependent variable. Different types of policies were studied: Johnstone, Has¢i¢ and
Popp (2009) include subsidies in their analysis; Lindman and S6derholm (2016) study feed-in tariffs;
and Herman and Xiang (2019) study both domestic and foreign environmental policy. The wide set of
environmental policies studied leads to increased innovation, suggesting that induced innovation from
environmental policy can be observed across a broad range of policies.

Beyond green innovation, several studies examine innovation more broadly (e.g., Franco and Martin,
2017; Popp, 2001; Milani, 2017). As with articles on green innovation, the consensus is that increased
costs from environmental policies spur innovation. However, the effects are more varied. For example,
Franco and Marin (2017) find that while environmental regulatory stringency affects innovation, not all
regulations do. They find that the biggest driver of innovation is downstream environmental regulation,
whereas within-sector regulation has no effect on innovation. Milani (2017), on the other hand, sees a
more general effect: all environmental regulations influence innovation.

Franco and Marin (2017) analyze the effect of environmental regulatory stringency on innovation
and productivity. They use a panel of 8 European countries for 13 manufacturing sectors over the period
2001-2007. The primary regulatory measure employed is environmental taxation, which is examined
at two levels. First, its effects are analyzed within the same sector, and second, its role across upstream
and downstream sectors is assessed through input—output relationships. These relationships are tested

indirectly by verifying that innovation constitutes one of the channels through which stricter environmental



regulation can enhance sectoral productivity. The results from Franco and Marin (2017) show that the
biggest driver of innovation (and productivity) is downstream environmental taxes. Interestingly, within-
sector regulations affect productivity but not innovation, and their effect on productivity is mostly
direct. The innovation-mediated effect, as measured by patents, is found to be relevant exclusively for
downstream regulations. Furthermore, the results remain robust across different model specifications and
variable definitions.

Milani (2017) examines how environmental regulations affect R&D intensities and expenditures
across 21 manufacturing industries in 28 OECD countries over the period 2000-2007. The study seeks
empirical support for two competing theories: the Porter hypothesis, which posits that stricter regulations
stimulate innovation by incentivizing firms to develop cost-reducing abatement technologies, and the
pollution-haven hypothesis, which predicts that regulations discourage innovation and instead prompt
dirty industries to relocate to less-regulated countries. The findings suggest that the relevance of each
theory depends on industry characteristics. More pollution-intensive industries innovate less as regulatory
stringency increases, while less mobile industries respond to stricter regulations by innovating more rather
than relocating. Milani (2017) therefore concludes that whether environmental regulation spurs or hinders
innovation is contingent on the industry’s pollution intensity and mobility.

Popp (2001) examines the "outcome" of innovation, i.e., its effect on energy consumption. Like many
of the previously mentioned studies, Popp (2001) uses patent counts as a basis for the analysis. The patent
counts are then used to construct stocks of energy-efficient knowledge. By including these stocks of
knowledge in cost functions for energy-intensive firms across 13 industries, the effect of new technology
on energy consumption is estimated. To isolate the effect of induced innovation on energy consumption,
the aforementioned results are combined with pre-existing estimates of energy R&D elasticities. The
results found by Popp (2001) are that the present value savings created by a patent are over 14.5$ million.
Based on this combination of results, Popp (2001) estimates that one third of the change in energy
consumption attributable to a given price change can be explained by induced innovation. The results are
not found to be sensitive to different models and variable definitions.

Franco and Marin (2017), Milani (2017) and Popp (2001) also use different approaches to measure
innovation. Franco and Marin (2017) use patents as the measure of innovation output. Milani (2017)
examines innovation inputs through R&D intensity and expenditure. Popp (2001) studies the outcome of
innovation, but uses both patent counts and R&D expenditure in the analysis. Collectively, these articles
demonstrate that despite variation in methodological approach, a consistent conclusion emerges: higher
costs stimulate innovation, at least under certain regulatory conditions, and ultimately yield improved
innovation outcomes in the long run.

The articles discussed above all study induced innovation and environmental regulations. Both the
articles focusing on green innovation and broader innovation reach the same conclusion: that higher
prices lead to increased innovation. However, while these articles provide a foundation for empirical
knowledge on induced innovation and environmental regulations, there is still room for further discussion

of articles explicitly focusing on the effect of energy prices on innovation.

2.2 Empirical studies of the effect of energy price on innovation

This Section reviews the literature on the effect of energy prices on innovation. The energy price includes

electricity prices in the analysis, as well as prices for other energy sources such as oil and fuel. Both Popp



(2002) and Kong, Yang and Xu (2019) examine the relationship between energy prices and innovation,
and both find that higher energy prices stimulate innovation, albeit in different national contexts, the
United States and China, respectively.

Popp (2002) studies the relationship between induced innovation and energy prices, specifically
energy-efficient innovations. The time period studied is 1970 to 1994, and the analysis uses US patent
data. Not only focusing on energy prices but also considering the quality of existing knowledge, Popp
(2002) finds that the effect of energy prices on innovation is strongly positive. Additionally, the quality of
knowledge exhibits a strongly positive relationship.

Additionally, Kong, Yang and Xu (2019) also study the effect of energy prices on innovation. Using
panel data on Chinese manufacturing firms from 2003 to 2016, they examine their innovation practices.
Kong, Yang and Xu (2019) find that energy prices have had a positive effect on firms’ innovation output
in China. Furthermore, rising energy prices are found to increase production costs for manufacturing
firms, incentivizing short-term innovation efforts aimed at reducing reliance on traditional resources and
enhancing production efficiency. These findings prove robust across several measures and specifications.
The results of Kong, Yang, and Xu (2019) align with those of Popp (2002), suggesting a general consensus
in the literature that higher energy prices stimulate innovation.

Additional studies explore the relationship between prices of specific energy sources and green
innovation. Ley, Stucki, and Woerter (2016), among others, investigate this relationship, incorporating a
range of energy prices, including electricity, coal, oil, and natural gas. Ley, Stucki and Woerter (2016)
studied several countries over the period 1984-2009, using both fixed effects and a time lag in the analysis.
They find that energy prices positively affect both the number of green innovations and the share of green
innovations relative to non-green innovations. Moreover, the authors note that because they use a broad
set of countries and include industry-level panel data, their results are more general than those of previous
studies. The results here, according to the authors, show that an increase in energy prices may stimulate
the building of a green knowledge stock of innovation. Robustness checks indicate that the main results
are qualitatively robust (Ley, Stucki and Woerter, 2016).

Kruse and Wetzel (2016) are some other authors who have studied the effect of energy prices
on green innovation, with technological knowledge also being included in the analysis. Using patent
data, the authors create a panel dataset covering the period 1978-2009 and 26 countries. The green
innovation component of the data consists of 11 green energy technologies. Kruse and Wetzel (2016)
find that the effect of energy prices on innovation is not uniformly positive across all green technologies.
Existing technological knowledge, however, consistently has a positive effect on innovation across all
green technology types examined. Moreover, the authors find that the effects of both energy prices and
technological knowledge on green innovation increase after the Kyoto Protocol came into effect (Kruse
and Wetzel, 2016). The article by Kruse and Wetzel (2016) adds nuance to Ley, Stucki, and Woerter
(2016) by showing that the positive effect was not consistent across all technologies studied and that
some variance in the effects was observed.

Further discussing the heterogeneous effects of energy prices on green innovation, Yue et al. (2020)
examine how energy prices induce innovation. Examining 30 Chinese provinces over the period 2003-
2017, the study analyzes the relationship between energy prices and induced innovation. Green innovation
is specifically measured by the number of patents related to alternative energy production and energy
conservation. Yue et al. (2020) find that energy prices have a positive impact on green energy innovation
in China. Moreover, Yue et al. (2020) find heterogeneous effects. Geographically, they find that energy



prices promote green innovation in both central and western China, but not in eastern China. Furthermore,
they find that energy price distortion reduces the effect of energy price on green innovation (Yue et al.,
2020). Again, as with the results from Kruse and Wetzel (2016), Yue et al. (2020) nuance the effect of
energy prices on green innovation; consistently, energy prices affect green innovation, but both articles
show that caution is warranted, given heterogeneous effects.

Previously presented articles detailing how energy prices affect innovation have all studied a general
energy price across several energy sources (e.g., Popp, 2002; Ley, Stucki and Woerter, 2016; Kruse
and Wetzel, 2016; Yue et al., 2020). Hu et al. (2022) studied the effect of energy prices on innovation
using a specific energy source: oil prices. Furthermore, Hu et al. (2022) include institutional pressure in
their analysis, and they focus on the effects within China. They find that quarterly oil prices stimulate
green innovation, but the effects vary with time within one of the models. These results are not found
for the other model. Additionally, they find that higher institutional pressure promotes green innovation.
The authors demonstrate that oil prices affect green innovation in China, and policy should therefore be
adjusted to account for this (Hu et al., 2022).

Summing up these studies about how energy prices affect both general and green innovation, we
find that an increase in energy prices leads to an increase in innovation, both in terms of general energy
prices and using specific energy sources (e.g. Popp, 2002; Ley, Stucki et al., 2016; Hu et al., 2022). The
implications of this consensus for the thesis research question suggest that electricity prices might affect
innovation, since electricity is included in the energy price. However, there are heterogeneous effects,
both geographically (Yue et al., 2020) and across technologies (Kruse and Wetzel, 2016), that need to be

considered.

2.3 Empirical studies of electricity prices’ effect on green innovation

Further narrowing the literature discussed, this Section will focus on previous studies on the effect
of electricity prices on innovation and, specifically, on green innovation. Empirical studies focusing
specifically on the effect of electricity prices on green innovation are limited in number, though a small
body of relevant literature can be identified (e.g. Chen and Lin, 2019; Jia, Kou and Liu, 2015; Bohringer
et al., 2017). Furthermore, other studies implicitly examine the relationship between electricity prices
and innovation (e.g., Johnstone, Has¢i¢ and Popp, 2010). Chen and Lin (2019), Jia, Kou and Liu (2025),
and Bohringer et al. (2017) all find that higher electricity prices generally stimulate innovation, though
the studies vary in their methodological approaches and empirical contexts, yielding differing specific
effects. That all studies find that higher electricity prices increase green innovation would then imply
that this would be the case for the research questions that this thesis aims to answer. Both Chen and Lin
(2019) and Jia, Kou and Liu (2025) use green patents in their analysis, yielding caution for this thesis’s
research questions. As this thesis does not study patents, there might be an effect whereby green patents
increase, but total R&D expenditure does not, or that firms already investing in energy- or CO,-reducing
innovation generate more green patents, so an increase is not necessarily observed.

Within a Chinese provincial setting, Chen and Lin (2019) examine the effect of electricity prices on
renewable energy innovation. To study the effect, they use Chinese provincial data from 2006 to 2016,
focusing on green patent counts and electricity prices. To capture long- and short-run effects, they use two
modified OLS regressions. The results in the article show that, in the long run, an increase in electricity

prices increases the number of patents related to energy-related technologies. R&D expenditure and



economic growth are also found to increase innovation in renewable energy technology. Moreover, Chen
and Lin (2019) find that, in the short run, China’s electricity pricing system does not affect technological
innovation in renewable energy. Through several robustness and sensitivity tests, the effects are found to
be robust.

Also, in a Chinese setting, Jia, Kou, and Liu (2025) examine the relationship between electricity
prices and green innovation in China. However, unlike Chen and Lin (2019), they focus their study on
the Chinese Differential Electricity Pricing (DEP). They examine the effectiveness of the DEP, which
aims to create incentives for green innovation. The incentives for innovation are created through firms’
internalizing environmental costs. To establish causality, the study examines innovation both before
and after the introduction of the DEP, drawing on green patent filings from 1998 to 2013. The robust
results are that the DEP suppresses substantive green innovation and promotes symbolic green innovation.
Substantive green innovation does not occur because of heightened financial pressures imposed by the
DEP. Additionally, the authors find heterogeneous effects: state-owned enterprises, highly competitive
sectors, and energy-dependent regions show stronger effects from the DEP. Compared to Chen and Lin
(2019), the study by Jia, Kou and Liu (2025) does not show that increased electricity pricing does not
generate more substantial green innovation; instead, their study shows the opposite relationship.

Bohringer et al. (2017) also discuss the relationship between electricity prices and green innovation,
specifically in the context of renewable energy. To examine this relationship, the study draws on feed-in
tariffs governing renewable energy subsidies in Germany, focusing on the regulatory changes introduced
in 2000, which coincided with a concurrent rise in electricity prices. These regulations are studied to
identify causality. Using induced innovation as a basis for analysis, the authors find that feed-in tariffs
do generate innovation in renewable power, thereby supporting the induced innovation hypothesis. The
results are qualitatively robust.

Chen and Lin (2019), Jia, Kou, and Liu (2025), and Bohringer et al. (2017) all find that an increase in
electricity prices leads to increased innovation. This effect is also seen as a control variable in Johnstone,
Hasci¢ and Popp (2010). However, one should note that the extent of this innovation might vary, as Jia,
Kou and Liu (2025) found that only symbolic green innovation increased, and that there might not be
a short-run effect, as found in Chen and Lin (2019). Furthermore, one should note that both studies by
Chen and Lin (2019) and Jia, Kou and Liu (2025) are in a Chinese context, meaning the generalization to
a Swedish context should be done carefully. Bohringer et al. (2017) is set in a German context, and while
the conclusions from that paper are more generalizable to a Swedish context, there are some differences
in the electricity pricing system between Germany and Sweden (which will be discussed in more detail in
Section 4.2.1) that one should also be aware of before generalizing.

As only one of the articles discussing electricity prices and green innovation focuses on a European
context and does not include Sweden in its analysis, there is a knowledge gap within the European sector.
Previous studies have not examined how electricity prices affect induced innovation in Sweden, and this

is the gap this thesis aims to fill.
2.4 Empirical studies about energy-intensive firms and their electricity demand in Swe-
den

Another strand of literature of relevance for this thesis is studies that focus specifically on the electricity

demand of the Swedish industry and its sensitivity to electricity prices. Lindstrom et al. (2025), Henriksson,



Soderholm and Warell (2012) and S6derholm and Wérell (2014) all study electricity demand. Common
to all the papers is the finding that Swedish firms are price-insensitive with regard to electricity prices.
This would then suggest, as specified in Lindstrom et al. (2025), that electricity demand and fuel demand
are inelastic. However, one should note that Henriksson, S6derholm, and Warell (2014) find that, in the
long run, firms in the Swedish mining industry are more price-sensitive than in other industries. Ajayi
and Reiner (2020) study energy intensity and how technological innovation impacts this in Europe. Their
findings suggest that energy price is the main determinant of energy intensity, and suggest a different
relationship than that found in the previously mentioned articles.

Lindstrom et al. (2025) study the dynamic effects of changes in electricity and fuel prices on factor
demand. Using firm-level data from the Swedish manufacturing industry for the years 2004—2022, both
factor inputs and associated prices are analyzed. The authors find that demand for electricity and fuel
is inelastic both immediately after a price change and over the next five years. The results are also
statistically significant across different model specifications and have similar effect sizes. Furthermore,
Lindstrom et al. (2025) find that energy price shocks generally do not have statistically significant effects
on labor demand, nor do they indicate any significant inter-fuel substitution. The results from Lindstrém
et al. (2025) suggest that the demand for electricity is consistent across price shocks and imply that
incentives for firms to innovate to become more energy-efficient, since that would reduce their costs
because demand does not change with price shocks.

Henriksson, S6derholm and Warell (2012) study the electricity demand behavior in the Swedish pulp
and paper industry in the context of the increased interest in voluntary energy efficiency programs. Using
an unbalanced panel data set of 19 pulp and paper firms, from 1985 to 2004, to estimate the own- and
cross-price elasticities of electricity demand. They also study the impact of knowledge accumulation
following private R&D on electricity use. The results found by Henriksson, Séderholm and Warell (2012)
show that electricity use in the Swedish pulp and paper industry is relatively own-price insensitive, and is
also found to be insensitive to model specification. However, the results display that already in a baseline
setting pulp and paper firms tend to invest in private R&D that has electricity saving impacts, having an
impact on self-reported electricity savings.

Following the study of electricity demand behavior of the Swedish pulp and paper industry in
Henriksson, S6derholm and Warell (2012), Henriksson, Soderholm and Warell (2014) study the long-run
electricity demand behavior in the Swedish mining industry, where they emphasize the impact of energy
prices and private R&D on electricity use. Using a panel data set of nine mining operations in Sweden
over the time period 1990-2005, they find that long-run electricity demand in the mining industry is
sensitive to changes in the own price, and already in a baseline setting Swedish mining firms tend to
allocate significant efforts towards improving energy efficiency, in part through private R&D. From a
policy perspective, the results imply that taxes (and tax exemptions) on electricity can have significant
long-run impacts on electricity use. These results are similar to those of Henriksson, Séderholm and
Warell (2012), which focus on another Swedish industry instead.

Ajayi and Reiner (2020) investigate the direct role of technological innovation and other factors
influencing industrial energy intensity across 17 EU countries over 1995-2009. Using industry-level
patent data and panel fixed effects, they find that patent stock negatively influences industrial energy
intensity. The exact, robust results indicate that a stronger effect of patent stock on energy-intensive
industries, with an estimated coefficient of —0.138, is nearly double the coefficient for less energy-intensive

industries (—0.085). They also find that energy price remains the major determinant of energy intensity.
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Some heterogeneous effects are seen; of particular interest in this thesis is the result that Ajayi and Reiner
(2020) find a significant decline in energy intensity in Northern Europe owing to the carbon tax policy
implemented in the early 1990s across the Nordic countries.

The literature review above suggests that green innovation, and innovation in general, is driven by
both overall energy prices (including electricity prices) and electricity prices separately. While effects
vary across studies, this is the main conclusion important for this thesis. Furthermore, previous studies on
industrial firms’ electricity demand suggest that their demand is inelastic to price shocks in the short run
and more elastic in the long run. This suggests that conditions exist within Swedish industrial firms for
induced innovation to occur. These findings then lead to the theoretical framework and hypothesis for this

thesis, which will be discussed in the next Section.

3 Theoretical framework and hypotheses

As discussed in the introduction, the theoretical basis for this thesis is the induced innovation hypothesis.
Rising electricity prices may stimulate green innovation through induced innovation. As electricity prices
and, therefore, costs increase, firms face stronger financial incentives to develop and adopt technologies
that reduce electricity consumption, since the potential cost savings from greater energy efficiency raise
the expected returns to innovation. The following Section discusses the theoretical framework of induced
innovation. It also discusses its connection to the research question, as well as some criticisms and

limitations of the induced innovation theory. Lastly, the hypotheses for this thesis are discussed.

3.1 Theory

The induced innovation hypothesis was first suggested by Hicks (1963) and is the idea that if the relative
price of an input good (production factor) increases, this increase will then lead innovation to technologies
which would reduce these costs, i.e. technologies which are less intensive in the specific production
factor (Jaffe, Newell and Stavins, 1999). Jaffe, Newell, and Stavins (1999) further expand on the induced
innovation hypothesis and discuss its relation to energy-saving technological change. In their analysis,
they state that the induced innovation hypothesis in this case would imply that if energy prices increase,
the energy efficiency of goods (products) will improve faster than if the price increase were absent (Jaffe,
Newell and Stavins, 1999). The main theoretical framework for this thesis is drawn from Jaffe, Newell
and Stavins (1999), who state that an increase in electricity prices raises production costs (especially
energy-intensive production), thereby creating an incentive to innovate toward more energy-efficient
technologies. Electricity is a factor of production for energy-intensive firms. An increase in electricity
price, holding other factor prices constant, raises the relative cost of energy as an input.

Acemoglu et al. (2012) further provide a theoretical framework for this thesis. Acemoglu et al. (2012)
show that both the market size effect and price effect influence innovation, but in different ways. The
market size effect encourages innovation towards the larger input sector (when comparing two sectors),
while the price effect directs innovation towards the sector with the higher price. Which effect dominates,
and the magnitude of that effect, is determined by the elasticity of substitution between the two sectors,
the relative levels of technological development, and whether dirty inputs (e.g. fossil fuels) are derived
from an exhaustible resource. The results of Acemoglu et al. (2012) suggest that innovation in technology

tends to flow toward the sector with the highest price. This implies that for innovation to be directed
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primarily toward energy efficiency, prices in that sector would need to exceed those in other sectors, given
the size of the other sectors.

Further providing a theoretical framework for how an increase in prices lead to green innovation,
Aghion et al. (2016), show that carbon taxes direct innovation toward clean technologies. They also find
evidence of "path dependency," meaning that firms with more historical experience in clean innovation are
more likely to continue engaging in it by directing their research towards clean innovation. Furthermore,
they find that firms that engage in dirty innovation are more likely to continue focusing on it rather than
shifting to clean innovation. A firm’s innovation history, therefore, indicates its future innovation.

The results from Aghion et al. (2016), suggest that there are some theoretical frictions from path
dependency that might impact the induced innovation, that is proposed by Jaffe, Newell and Stavins
(1999). Innovation might be induced, but it will be dependent on the individual firm’s history of innovation.
One might also consider the possibility of crowding out effects, where higher electricity prices leave
firms with fewer resources to invest in R&D. However, since industrial firms in Sweden are shown to
be inelastic with respect to electricity consumption by Lindstrom et al. (2025), they would not reduce
their consumption, but rather absorb the higher cost. Jia, Kou and Liu (2025) find that due to increased
financial pressure, substantial green innovation is replaced by symbolic green innovation. Furthermore,
Longaric et al. (2026) finds that financially constrained and energy-intensive firms reduce investment and
innovation due to the 2022 energy shock. These results from Jia, Kou and Liu (2025) and Longaric et al.
(2026) suggest that some crowding-out effects may be expected.

To conclude the theoretical framework, an increase in electricity prices is expected to lead to an
increase in innovation. This electricity price increase leads to a higher cost of energy-intensive production,
which then creates an incentive to innovate towards using more energy-efficient technologies (Jaffe,
Newell and Stavins, 1999). That a higher price in one sector compared to another will lead to innovation
within that sector is also confirmed by Acemoglu et al. (2012). However, factors such as path dependency
and greater financial pressures can negatively affect innovation, especially in the short run, as seen in the
Longaric et al. (2026).

3.2 Hypotheses

As discussed in the theoretical framework, induced innovation suggests that an increase in electricity
prices should increase the probability that firms invest in energy-reducing innovation, which is the main
hypothesis of this thesis. Empirical evidence also suggests that the amount/rate of green innovation
increases due to an increase in energy price in the long run (e.g. Chen and Lin, 2019; Popp, 2002), which
provides a basis for the first research question and hypothesis. Notably, the data used in this thesis concern
the short run, in which innovation investments are empirically observed to decrease, especially in relation
to the electricity price shock in 2022-2023 (Longaric et al.,2026). However, one should note that Longaric
et al. (2026) shows that the effect of general innovation is decreased, not energy-efficiency innovation
specifically. Since induced innovation suggests that firms will innovate to reduce costs, it would suggest
that firms will redirect investments toward energy-reducing innovations to cut costs. This discussion
leads to the first hypothesis, which will be used to answer the research question Does an increase in
electricity prices have an effect on the probability that an industrial firm in Sweden invests in energy- or

CO; reducing innovation between 2018-2023? :
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H1: Higher electricity prices increase the probability that a firm invests in energy-reducing innovation.

Furthermore, this thesis aims to examine whether firms’ total R&D expenditure is affected by in-
creases in electricity prices. This effect is, however, harder to hypothesize about. This is due to the fact
that an increase in prices would suggest that firms have to pay more for their production, without not
necessarily being able to pass the cost on to consumers. This could then lead firms to spend less on
R&D because they have to reduce costs elsewhere in the firm to afford production. Kong, Yang and Xu
(2020) found that firms will reduce their short-run innovation due to changes in energy prices, which
would therefore imply that an increase in electricity price might reduce R&D expenditure. The induced
innovation theory suggests that firms will innovate to reduce the cost of the input good, but it says nothing
about overall R&D expenditure or how it will be affected, as previously discussed in the theory section
above. It seems reasonable to assume that firms might redirect their R&D expenditure from areas such as
material cost reduction to energy efficiency. This would suggest that the short-run effect of electricity
prices on R&D expenditure is that it will not lead to an increase in R&D expenditure, but rather a decrease
in spending, along with a redirection of funds to innovation that will reduce the cost. The discussion leads
to the second hypothesis, which is the hypothesis that is associated with the research question Does an

increase in electricity price lead to an increase in industrial firms’ R&D expenditure in Sweden?:

H2: An increase in electricity prices will not lead to an increase in firm R&D spending in the short run.

4 Variables and Data

The following section discusses the individual variables and the data to be used in the analyses. First, the
ways in which previous studies measure innovation are discussed, with a following subsection discussing
the green innovation variable that will be used in the analysis, and an additional subsection discussing the
R&D expenditure variable that will be used. Second, this section discusses electricity prices, focusing
on the Swedish pricing system for industrial firms and the geographic location of energy-intensive
firms. Third, the control variables included in the analysis are introduced. Fourth, summary statistics are

presented. Finally, some limitations of the dataset, variables, and causal analysis are discussed.

4.1 The dependent variable: innovation

When reading prior literature on both green innovation and innovation in general, one can observe two
main ways innovation is measured. One main way innovation is measured is by R&D expenditure, often
total R&D expenditure. Using R&D as the measure of innovation, studies how, for example, changes
in prices or policies affect what can be seen as the input to innovation, i.e., how much firms spend on
innovation. The other main way that innovation is often measured is by studying patent data, such as
patent applications. Patent applications offer a measure of innovation output, reflecting the number of
innovations firms have attempted to patent. As discussed in the literature review, most of the relevant
literature studying induced innovation uses patent counts as the dependent variable (e.g. Popp, 2002; Ley,
Stucki and Woerter, 2016; Yue et al., 2020). As previously mentioned, innovation is measured in this

thesis using both total R&D expenditure and a binary variable indicating whether a firm invests in energy-
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or CO;-reducing innovation. Here, both dependent measures the firms’ innovation input. The variable
indicating whether a firm invests in energy- or CO,-reducing innovation also measures output, since firms
might have introduced (adopted) an actual investment that reduced energy or CO; usage. An example of
these types of investments is a new, more energy-efficient machine in the production process, which itself

innovates the process.

4.1.1 Innovation with an environmental advantage

To study if an increase in electricity prices affects green innovation in Sweden, a specific definition of
green innovation is needed, and previous studies vary in their definition. To test the first hypothesis, this
study uses an approach that focuses on a single aspect of green innovation. By the logic behind induced
innovation, as discussed in Section 3, a higher electricity price should increase innovation that reduces
energy costs, i.e. energy-efficiency innovation. Since energy-efficiency innovation is relevant to this thesis,
the variable used measures it.

The variable that will be used to measure energy-efficiency innovation is provided by Statistics
Sweden (Statistics Sweden, 2026a), and is unique compared to previous variables used in studies about
the relationship between induced innovation and electricity price. The variable is called "Innovation with
an Environmental Advantage", and the environmental advantage being used in this analysis is concerned
with reduced energy usage or reduced carbon dioxide (energy- or CO,-reducing innovation) (Statistics
Sweden, 2026d). The "Innovation with an Environmental Advantage" variable is binary (it can only take
the value O or 1), taking the value 1 if the firm engages in such innovation and O otherwise (Statistics
Sweden, 2026d). Given this, it does not solely measure the level of energy-reducing innovation, and its
unique nature also comes with some limitations, which will be discussed further. Also, it is important
to determine whether the innovation variable concerns developing or adopting innovation. Here, the
variable measures whether the firm has introduced an innovation that leads to environmental benefits for
the firm itself, specifically through reduced energy usage or lower CO,-emissions? (Statistics Sweden,
2026d). Because of how the dependent variable is constructed, this thesis can only examine whether the
probability of firms investing in energy- or CO,-reducing innovation increases, rather than the size of
that investment. This analysis will not state anything about whether firms already investing in energy- or
CO;-reducing innovation increase the amount spent on energy- or CO,-reducing innovation due to an
increase in electricity prices.

The microdata of innovation with an environmental advantage is provided from a survey by Statistics
Sweden (Statistics Sweden, 2026a). The variable comes from a larger survey on firms’ innovation and is
conducted every three years. However, the survey asks whether the firm has invested in energy- or CO,-
reducing innovation in all years since the last survey. As there is no way to distinguish in which year (or
all) the investment occurred, this thesis has assumed that the value is applicable for all years. The survey
includes firms with at least 10 employees. All firms with at least 200 employees, all industrial research
institutes, and all firms that engage in scientific R&D are included in the survey and, consequently, in the
data. Out of the rest of the firms, with at least 10 employees, only a selection are included in the sample
(Statistics Sweden, 2026a).

ZDefinition from Statistics Sweden (2026): "State whether the company introduced an innovation that led to environmental

benefits for the company itself through reduced energy use or reduced carbon dioxide emissions."

14



The microdata sample included in this analysis was obtained by matching firm identification numbers
to the year and then merging the individual datasets into a single dataset. This process entails losing
observations, since only a selection of firms is included in all the separate surveys and, subsequently, in
the dataset. Only 724 observations are used in the final analysis with a one-year lag. Furthermore, because
the independent electricity price variable lags, the models with two- and three-year lags will have fewer
than 724 observations. Additionally, the survey was conducted between 2018 and 2024. Because the other
variables included in the analysis were only available through 2023, this research question examines only
the years 2018-2023, as previously mentioned in the introduction.

Furthermore, Figure 1 shows that the number of firms investing in energy- or CO,-reducing innovation
is relatively consistent from 2018 to 2023. From 2018 to 2020, around 70% of the firms included in the
dataset invest in energy- or CO,-reducing innovation. In 2021, 65% of the included firms invested in
energy- or CO;-reducing innovation; in 2022, it was 64%, and in 2023, the share of firms investing in
energy- or CO,-reducing innovation increased to 84%. Out of the different electricity price areas, which
will be discussed in detail in Subsection 4.1.2, SE1 observes the highest share of firms investing in energy-
or CO,-reducing innovation at 78% on average, the lowest is observed in SE4, where the share is 65%,
see 5 in Appendix 9.1. The fact that the regions with the lowest electricity prices (SE1) invest more in
energy- or CO;-reducing innovation, than regions with the highest prices (SE4) indicates that the induced
innovation theory might not hold. However, the data also show that few firms switch between investing
and not investing, suggesting that there may be insufficient variation to identify causality. Furthermore,
there are also concerns as to whether the number of observations is enough to identify causality. These

concerns will be discussed in depth in Subsection 4.5.
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Figure 1: Total share of firms investing in energy- or CO; reducing innovation in Sweden 2018 - 2023
Note: Source - Statistics Sweden (2026a). This figure shows the total share of firms investing in energy-
or CO; reducing innovation in Sweden 2018 - 2023. All years 2018-2023 are included since, while the

survey is conducted every three years, the answers provided by the firm are applicable to all years.
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The variable showing if firms invest in energy- or CO;-reducing innovation is not categorized as
either R&D expenditure or patent count, and is therefore a unique measurement. Given that the variable
is binary, this affects the methodology, which will be discussed in more detail in Subsection 5.1. Given
the available data, this study cannot estimate the extent of increased energy- or CO,-reducing innovation,
only whether an increase in electricity prices (or decreases) the probability that a firm invests in energy-
or CO;-reducing innovation.

Since the variable also includes CO;-reducing innovation, firms might invest only in that type of
innovation, not in energy-reducing innovation. This means that policies such as the EU ETS 3 might affect
the results. If firms reduce their CO, emissions, they pay less for them under the EU ETS, suggesting that
the EU ETS should have a positive impact if a firm invests in energy- or CO,-reducing innovation. How
the EU ETS is controlled is explained in section 4.3.

4.1.2 R&D expenditure

R&D expenditure is a measurement of innovation input. To capture the effect of electricity prices on the
amount of innovation, R&D is included as a dependent variable in this thesis to test the second hypothesis.
However, due to limited data availability, there is no firm-level microdata that specifically measures
R&D expenditure on energy-efficiency innovation. This thesis will instead study general levels of total
R&D expenditure, which will be used to test the second hypothesis. The data on R&D expenditure is
retrieved from Statistics Sweden (2026b). R&D expenditure is measured in KSEK (thousand Swedish
kronor), and is separated by internal and external R&D expenditure. Internal R&D expenditure is defined
as R&D conducted in Sweden by the firm’s own personnel or consultants in R&D projects led by the firm
(Statistics Sweden, 2026e). External R&D expenditure is defined as R&D activities that the organization
has commissioned others to carry out as well as support for R&D that the company has provided to
others (Statistics Sweden, 2026e). The analysis will include both internal and external R&D, and a total
of both variables. Again, as mentioned in the introduction, the years 2005-2023 are studied due to data
availability.

Figure 2 shows the average share of R&D expenditure as a percentage of firm turnover per electricity
price area from 2005 to 2023, measured in KSEK. One can observe that SE3 has the highest average
R&D expenditure for all electricity areas. The remaining electricity price areas have lower total R&D
expenditure and are all relatively similar in average expenditure. SE1 generally observes the lowest
average total R&D expenditure. Furthermore, one can observe no general trend in total R&D expenditure

across the four electricity price areas.
4.2 Electricity price

4.2.1 Swedish electricity pricing system for industry

One of the fundamental aspects of the Swedish electricity market as it is structured today is that the
country is divided into four electricity price zones, or bidding zones (Holmberg and Tangeras, 2023).
According to Holmberg and Tangeras (2023), the reason for these price zones is that there are large

imbalances between local production and consumption of electricity. This, in turn, creates capacity

3EU ETS is the European Union’s emissions trading system, designed to reduce CO, emissions (Swedish Energy Agency,
2025).
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Figure 2: Average share of R&D expenditure as a percentage of firm turnover 2005 - 2023

constraints in which the electricity transmission system cannot transfer all the demanded electricity,
creating bottlenecks. The electricity pricing zones are a response to these bottlenecks and aim to better
balance supply and demand across zones. To equalize supply and demand, each bidding zone has its
own electricity price (Holmberg and Tangeras, 2023). Thus, the northernmost zones (SE1 and SE2)
consistently have the lowest electricity price, while the southernmost zones (SE3 and SE4) have the
highest (Swedish Agency for Growth Analysis, 2023b). For this study, these bidding zones suggest that
there might be geographical differences in where firms engage in green innovation.

The Swedish Energy Agency (2026) states that electricity prices in Sweden are affected by supply,
demand, and transfer capacity. The electricity price also depends on the weather, since renewable energy
sources make up a significant share of Sweden’s electricity production today (Swedish Energy Agency,
2026). In 2024, 29.3% of Sweden’s electricity is generated by nuclear power, 37.7% by hydropower,
and 23.5% by wind power (IEA, 2026). The rest of the electricity used in Sweden comes from coal,
waste, biofuels and solar power (IEA, 2026). Historically, hydropower and nuclear power have been the
dominant sources of electricity generation in Sweden. However, wind power generation has increased
from 3,487 GWh in 2010 to 40,419 GWh in 2024 (IEA, 2026).

To be able to understand how electricity prices affect industrial firms’ green innovation, one must first
comprehend how the system of industrial electricity prices works in Sweden. The Swedish Agency for
Growth Analysis (2023) writes about how Sweden has preferential electricity taxation for energy-intensive
industrial firms. The motivation behind this is that low electricity prices (and therefore taxes) will protect
Swedish competitiveness in industries with high competition, such as electricity-intensive industries.
To define which firms are considered electricity-intensive industries, the Swedish Agency for Growth

Analysis (2023a) uses the electricity certificates that firms get. * They suggest that firms within the

“4Electricity certificates were introduced in Sweden in 2003 as a way to increase the amount of electricity that is generated
through renewable energy. When a producer of electricity generates 1| MWh of renewable energy, they receive a certificate that
is sold to other actors who must buy a certain number of certificates, which are traded on an open market. These certificates then
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Figure 3: Firms’ electricity prices in Sweden 2017 - 2025 6re/kWh. Note: Source Statistics Sweden
(2025). Firms’ electricity prices in Sweden 2017 - 2025 ore/kWh, grouped by annual energy usage in
MWh. Please note that the figure shows all firms in Sweden’s electricity market, not only those included

in the data set used for the main analysis.

mining, pulp and paper, basic chemicals, iron and steel plants and other types of metal industries should
be included. All of these industries are industrial and are included in the dataset. In the end, firms using at
least 190 MWh per million SEK were excluded from the electricity certificates system. Since obtaining an
electricity certificate would cost a significant amount, it should be treated as a subsidy (Swedish Agency
for Growth Analysis, 2023a).

However, as previously discussed, electricity-intensive firms in Sweden receive preferential pricing
compared to households. This becomes clearer when observing the actual prices firms face. Firms
face different prices depending on their electricity consumption. In general, the higher the electricity
consumption, the lower the per-kWh electricity price. In the graph shown in Figure 3 below, one can
observe that when electricity prices were highest from 2022 to 2023, price differences between firms with
different levels of electricity consumption increased (Statistics Sweden, 2025). Furthermore, one can
see that during the electricity price peak in the second half of 2022, the electricity price that firms face
is more than double what it was in the first half of 2020. Specifically, for firms that consume 150,000
MWh or more per year, the electricity price was 34.82 Swedish 6re per kWh in 2020 and 115.38 Swedish
ore per kWh in 2022 (Statistics Sweden, 2025). Figure 3 shows that there was a price increase for firms
during the time period of this study. Furthermore, Lindstrom et al. (2025) find that demand for electricity
is inelastic after a price shock, both immediately and after five years. The fact that electricity demand is
inelastic would suggest that higher electricity prices will lead to higher electricity costs for firms.

Now that the electricity price increase has been discussed, we turn to the reasons behind the increase.
The Swedish Energy Agency (2023) argues that the main reasons for the price increase are the conse-
quences of the Russian war on Ukraine, which affected the fossil fuel markets. These effects, mainly

higher gas prices, led to the electricity price increase seen in 2022. Additionally, there were issues in

generate income for the producer. This system is, however, being phased out and will be completely gone by 2035 (Oljemark,
2026).
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European electricity production that affected Swedish electricity prices. More specifically, a major part of
France’s nuclear power production was shut down in 2022, which led to lower production in Europe than
expected (Swedish Energy Agency, 2023).

Notably, Sweden has lower electricity prices than the EU average. An average from the first half of
2022 shows that Swedish firms using 70 000 to 150 000 MWh per year paid around 87 6re/Kwh (0.08€
per KWh), while the EU average for the same time and the similarly sized firms was 163 6re/KWh (0.15
€ per KWh) (Swedish Agency for Growth Analysis, 2023). However, one should keep in mind that this is
when the electricity prices increased due to the Russian war on Ukraine. Nevertheless, Swedish electricity
prices were constantly lower than the EU average from 2007 to 2022 (Swedish Agency for Growth
Analysis, 2023). According to the logic of induced innovation, Sweden’s low electricity prices would
mean that Swedish energy-intensive firms have little incentive to pursue energy-reducing innovation,
since costs are already low. However, as previously discussed, a majority of the firms in the dataset invest
in energy- or CO;-reducing innovation, suggesting that low electricity prices relative to other countries
may not matter for induced innovation, or that other factors influencing innovation are more important.

As there are differences in electricity prices in Sweden, this may suggest that there is some self-
selection at play; firms that use more electricity might choose to locate their production in the northernmost
zone to reduce their electricity costs. If this problem were true, then there would be a self-selection issue.
While not entirely in a Swedish context, the Swedish Agency for Growth Analysis (2023) states that
differences in electricity prices between Sweden and Germany might have affected product specialization
in the pulp and paper and metal industries. They suggest, for example, that the Swedish steel industry
focuses on producing more expensive specialized steel, while the German steel industry focuses on
volume and scalability (Swedish Agency for Growth Analysis, 2023).

Combined, five industries in Sweden account for 83% of all industrial energy use. Those five industries
are the pulp and paper industry, steel and metal mills, manufacture of coke and refined petroleum products,
manufacture of chemicals and chemical products and wood products, excluding furniture (Swedish
Energy Agency, 2025). To save money, firms active within these industries might choose to locate further
north, where prices are lower. However, there are energy-intensive firms located throughout Sweden
(Abrahamsson et al., 2025). Chemical manufacturing is mostly located in southern Sweden, especially in
the region Vistra Gotaland, which is located in SE3. Where an industry is located is measured by the
number of employees in the industry within a region. The steel and metal industry has locations in both the
northernmost and southernmost parts of Sweden, while most employees are found in SE2 (Abrahamsson
et al., 2025). The pulp and paper industry employs people from all over Sweden, but the industry is most
prominent in Visternorrland, Givleborg and Viarmland. The petroleum industry is primarily concentrated
in Vistra Gotaland (Abrahamsson et al., 2025). These findings show that even though electricity is more
expensive in southern Sweden, there are energy-intensive firms throughout Sweden. Additionally, it shows
that the location of energy-intensive firms is influenced by factors beyond electricity prices. For example,
the industries’ refineries (fossil fuels) are mainly located in Vistra Gotaland due to the infrastructure
that facilitates the manufacturing process. Both closeness to harbors and other big industries affect the
location. Furthermore, proximity to natural resources required in the manufacturing process also affects a
firm’s location (Abrahamsson et al., 2025). This would then suggest that there is no self-selection due to

electricity prices.
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4.2.2 Electricity price and energy use in industry

This study uses the firm’s own electricity price for each year as an independent variable. Consequently,
this is related to how much electricity the firm uses and its size. Furthermore, there is a geographical
component to electricity prices, as Sweden is divided into four price regions (SE1, SE2, SE3, and SE4),
each with a different price. The electricity price variable will vary with output and geographic location.
To understand the impact of geographical location, the analysis will include dummies for the electricity
price area where the firm is located. This will be done by linking the firm to the municipality where
it is located, and then linking the municipality to an electricity price zone. The methodology for the
geographical linking is provided in Appendix 9.4.

The electricity price variable that will be used is specific to the firm, as microdata is used (Statistics
Sweden, 2026c). The data is collected from Statistics Sweden’s (2026¢) table Energy Use in Industry.
This variable provides general information on how energy is used within industrial firms in Sweden, as
well as how much these firms spend on energy. The energy costs are provided by each energy source
used and are expressed in KSEK. The data is provided annually. Furthermore, the data is aggregated at
the yearly level, meaning it represents a firm’s yearly expenditure on an energy source. The available
microdata span 2005 to 2024, but the study of the first hypothesis will focus only on 2018 to 2023, since
the innovation measure is only available for these years. The second hypothesis will use data from 2005
to 2023. To collect the data, 7000 workplaces (all are industrial firms and have 10 or more employees)
were sent a survey. The survey is self-reported and has an 80% response rate, which is deemed to create
a certainty in the data (Statistics Sweden, 2026¢). Industrial firms are defined as SNI 05-33, which is
the mineral and manufacturing industry (Swedish Energy Agency, 2025). The electricity price variable
used in the analysis is calculated by dividing an individual firm’s annual electricity cost by its annual

electricity usage (measured in MWh), yielding the firm’s electricity cost per MWh.

700 1000 1300 1600
1 1 1 1

Average electricity price (SEK/MWh)

400
1

100
1

@
6 )
R

2

%,
\Z

2

Year

SEI
SE3

SE2
SE4

Figure 4: Average firm electricity price in SEK/MWh per electricity price area 2005-2023
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Figure 4 shows the average firm electricity area in SEK per MWh, for each individual electricity
price area from 2005 to 2024. One can observe that SE4 and SE3 (the southernmost electricity price area)
have consistently had the highest average electricity prices. SE1 and SE2 (the northern and lowest-priced
electricity areas) have consistently had the lowest average electricity prices compared to SE3 and SE4.
The increase in electricity prices in 2022 is evident in the graph above. Notably, SE1 has had a decrease
in electricity price after the increase, while the others have plateaued.

Figure 6 in the Appendix 9.1 shows the electricity usage as the average share of energy usage for
each electricity price area. Generally, SE1 and SE2 have had a lower share of electricity compared to total
energy usage than SE3 and SE4. Furthermore, Figure 7 in Appendix 9.1 shows the average electricity
price per firm by firm size in SEK/MWh from 2005-2023 (measured in number of employees). Figure 7
shows that larger firms have lower electricity prices, showing that this also has an effect on electricity
price, which matters beyond the electricity price zone. However, one should note that this relationship
creates concern for reversed causality as larger firms use more electricity and also have more employees
(compared to smaller firms). This raises concerns about endogeneity, as it is hard to distinguish whether
innovation is driven by firm size or electricity prices, since firm size affects electricity prices. As will be
discussed in section 4.3, firm size is also assumed to affect innovation, raising concerns about endogeneity.
Endogeneity issues and how they are addressed in this thesis are discussed further in Section 6.2.

To summarize, Sweden’s electricity market is complex and values industrial firms. Electricity-intensive
firms receive preferential electricity prices, and they are located throughout Sweden. Electricity price
is the main variable used in this analysis, and it has been calculated from the available microdata. By
taking the firms’ total electricity expenditure and dividing it by their total electricity usage, an MWh/SEK
electricity price is derived for each firm in this thesis. Electricity prices from 2018 to 2023 will be used
for the first hypothesis, and from 2005 to 2023 for the second.

4.3 Control Variables

The analysis will include several control variables, which are described in this Subsection. To control
for firm size, a firm’s number of employees is used as a control variable. Cohen and Klepper (1996) find
that larger firms have an advantage in R&D, as their greater output allows them to spread R&D costs.
The authors further note that large size comes with some disadvantages, such as stifled creativity, but
generally larger firms have an advantage in R&D. This advantage in R&D expenditure and investment is
why firm size is controlled for. The number of employees is retrieved from Statistics Sweden (Statistics
Sweden, 2026f). Within the analysis, a logged version of the number of employees is used.

Additionally, a firm’s physical capital will be controlled for using net machinery and equipment.
Again, a logged version of the variable will be used, and the variable is retrieved from Statistics Sweden
(2026f). The reason for including physical capital intensity within the analysis is that it affects firm
productivity. Crépon, Duget and Mairesse (1998) find that, even after controlling for capital intensity, firm
productivity is positively correlated with higher innovation, suggesting that excluding capital intensity
could affect the analysis and motivating its inclusion.

Furthermore, Crépon, Duget and Mairesse (1998) also include skill composition of labor within their
analysis, with the same reasoning as above. Again, they find that when controlling for skilled labor, firm
productivity increases innovation. Following the reasoning that an exclusion of skilled labor might impact

the analysis, this is included as a control variable within this analysis. Here, skilled labor is measured by
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the share of employees with a post-secondary education’, compared to the total number of employees.
Again, both the total number of employees and the number of employees with a post-secondary education
are retrieved from Statistics Sweden (2026f).

International sales, in a logged form, are also included as a control variable in the analysis. Maican et
al. (2022) finds, by studying twelve Swedish manufacturing industries, that export market profits are a
substantial source of the expected return of R&D. This is the foundation for including international sales
(as a proxy for exports) in the analysis. The reasoning is that firms with higher export rates might spend
more on R&D, since their expected return is higher than that of firms with lower export rates. The data
for international sales and turnover is retrieved from Statistics Sweden (2026f).

An additional control variable is firms’ electricity intensity relative to their total energy usage. The
inclusion of electricity intensity is based on the assumption that firms with a higher share of electricity in
total energy use have more to gain from reducing electricity (energy) use through innovation, since their
electricity costs are likely higher. Again, the data is retrieved from Statistics Sweden (2026¢). The share is
calculated based on the total MWh of electricity and overall energy consumption. However, there are also
endogeneity issues, as firm size might affect electricity prices and innovation. Additionally, there might
be an endogeneity issue with electricity-intensive firms, as they might switch to other energy sources,
such as fossil fuels, instead of innovating. Further, endogeneity issues are discussed in Section 6.2.

Aghion et al. (2016) discuss path dependency and find that firms’ historical innovation affects their
future innovation, particularly regarding clean versus dirty innovation. To account for path dependency in
the analysis, a dummy variable has been included to indicate whether a firm has previously invested in
innovation.

Furthermore, a dummy variable indicating whether a firm has received grants from either the Swedish
Energy Agency or the Swedish Growth Agency is included to account for the effect of governmental
support. However, this dummy variable has a limitation, as data on subsidies from Vinnova (the Swedish
Agency for Innovation Systems) are not accessible. Since Vinnova provides many grants for R&D projects,
the estimated effect of the grant dummy may therefore be understated. Furthermore, the correlation
between receiving grants from the Swedish Energy Agency and the Swedish Growth Agency is low
(0.1), indicating that few firms in the dataset receive funding from both agencies. The control variable
for governmental support is specified as a dummy because data on funding from Vinnova and other EU
grants is incomplete; reported amounts would therefore be misleading, while a dummy also might be
misleading as it does not accurately capture heterogeneity of the policy measure - here it is assumed
to be the best of two bad options. Additionally, the EU ETS is controlled for using a dummy variable
indicating participation. EU ETS is the EU’s emissions trading system aimed at reducing carbon dioxide
emissions (Swedish Energy Agency, 2025). It impacts firms through electricity prices and their emissions,
and needs to be accounted for in return. The data for grants is from Swedish Agency for Growth Analysis
(2026) and the data of participation in the EU ETS is from Statistics Sweden (2026i).

Lastly, three dummy variables are included as control variables: a dummy for each electricity area, a
dummy for whether the firm is a part of a concern (group of firms) and an industry dummy. With both
firm- and time-specific fixed effects included, the dummy variables capture the effect of firms relocating
to another electricity area, changes in corporate group affiliation, and industry changes. The electricity
area is included as a control variable due to different electricity price zones, as it may be reasonable to

include a control for the effect of companies relocating their R&D activities. A group of companies is

3in Swedish: eftergymnasiell utbildning
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included as a control variable because it tends to have more opportunities for redistribution. A group of
firms might choose to locate their innovation development where electricity is cheaper, and might also
be able to use economies of scale, which need to be controlled for. Lastly, the rationale for including
an industry dummy in the analysis is that different industries have different needs for innovation and
may face different government regulations and subsidies, which affect innovation in different ways. The
control variable data is retrieved from Statistics Sweden (2026f).

However, while limiting omitted-variable bias, adding more controls can negatively impact the
analysis (Stock and Watson, 2020). Stock and Watson (2020) discuss the issues with the dummy variable
trap, which states that if there are a specific number of dummies (binary variables), each observation falls
into one of the categories in the dummies, and all of the dummy variables are included in the model, the
model will fail due to perfect multicollinearity. Since the models used for this analysis include many sets
of dummy variables, this is a risk. To control for this, one of the binary variables will be excluded as
suggested in Stock and Watson (2020). Furthermore, while this thesis will use McFadden’s pseudo-R?
to assess model fit (among other tests), it does not penalize inefficient controls, as pseudo-R? will not
decrease, no matter how many controls are added (Jorgensen & Williams, 2020). Depending on which
measure of goodness of fit is used, too many controls might decrease the model’s explanatory power
without showing up in the measurements. While the discussion above indicated the relevance of all
control variables, there is still a risk that some effects may be underestimated due to the number of control
variables included in the analysis, and this should be kept in mind when evaluating the results.

4.4 Summary Statistics

Table 1 and Table 2 show the summary statistics in total and by electricity area. Table 1 presents the
mean, standard deviations, minimum and maximum values for all numerical variables used in the analysis.
Table 2 presents the summary statistics for all dummy variables included in the analysis, excluding the
electricity area. Means and quintiles are presented for the dummy variables. Both tables include summary
statistics for the whole sample and for each electricity area.

Firms invest in internal and external R&D differently across electricity price zones. The highest
R&D expenditure is found in SE3. SE3 also contains the largest number of firms with R&D expenditure.
R&D expenditure expressed as a share of firm turnover shows limited variation across electricity price
areas, with average values ranging from 0.2 to 0.3. This measure is primarily used to analyze Hypothesis
2. The summary statistics indicate that total R&D expenditure (as a share of turnover) is higher in the
southern SE3 than in the northern SE1. This would suggest the presence of induced innovation, which
could indicate that hypothesis 2 is potentially true.

Table 1 shows that total electricity costs generally are higher in SE1 and SE2 than in SE3 and
SE4, when comparing their mean values. The average electricity price as a share of firm turnover is
similar across all electricity price areas, indicating that the share of electricity price is similar across the
country. Interestingly, the maximum electricity price and annual energy cost are found in SE4 and SE3,
respectively. The higher mean total electricity costs in SE1 and SE2 indicate that, on average, firms in
those electricity price areas use more electricity than firms in SE3 and SE4.
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Table 1: Summary statistics: total and by electricity price area

Total SE1 SE2 SE3 SE4
Variable Mean SD N Mean SD N Mean SD N  Mean SD N  Mean SD N
Total internal and external R&D in KSEK 56,732 714,451 9,605 8,475 11,043 378 11,545 26,412 681 84,271 901,677 6,013 10,706 25,698 2,533
Internal R&D as % of turnover 0.03 0.05 7,222 0.02 0.03 297 0.02 0.05 539 0.03 0.06 4,424 0.02 0.04 1,962
External R&D as % of turnover 0.01 0.05 5,180 0.01 0.03 227 0.01 0.02 384 0.02 0.06 3,402 0.01 0.04 1,167
Total R&D as % of turnover 0.03 0.06 9,605 0.02 0.04 378 0.02 0.05 681 0.03 0.07 6,013 0.02 0.05 2,533
Annual electricity cost in KSEK 25,849 90,639 9,605 76,741 192,901 378 71,047 163,054 681 21,424 65,875 6,013 16,604 84,316 2,533
Electricity cost as % of turnover 0.02 0.05 9,605 0.01 0.02 378 0.02 0.03 681 0.01 0.03 6,013 0.02 0.09 2,533
Annual energy cost in KSEK 45,376 159,672 9,605 144,377 365,521 378 108,619 230,258 681 39,626 141,533 6,013 27,248 109,829 2,533
Energy cost as a share of firm turnover 0.03 0.07 9,605 0.02 0.03 378 0.03 0.04 681 0.02 0.04 6,013 0.03 0.13 2,533
Share of electricity of total energy cost 0.62 0.26 9,601 0.55 0.29 378 0.53 029 679 0.64 0.25 6,011 0.61 025 2,533
Number of employees 513 1,420 9,605 498 821 378 405 408 681 622 1,755 6,013 284 326 2,533
Share of employees with post-secondary education 0.26 021 9,571 0.21 0.18 378 0.24 0.20 680 0.27 0.22 6,002 0.24 0.19 2,511
Net inventories and machines in KSEK 65,300 261,510 9,605 282,212 816,361 378 93,656 270,300 681 62,762 225,681 6,013 31,329 105,842 2,533
Added value per employee in KSEK 1,002 967 9,571 1,487 1,424 378 1,012 663 680 999 1,042 6,002 933 710 2,511
Share of foreign sales of turnover 30.38 148 5,941 19.32 107 201 30.71 150 373 30.35 150 3,757  31.77 149 1,610
Table 2: Summary statistics: dummy variables
Total SE1 SE2 SE3 SE4
Variable Mean p25 Median p75 N Mean p25 Median p75 N Mean p25 Median p75 N Mean p25 Median p75 N Mean p25 Median p75 N
Energy- or CO,-reducing innovation 0.69 0 1 1 1,494 0.81 1 1 1 67 071 0 1 1 104 0.70 0 1 1 948  0.64 0 1 1 375
Firm is part of a concern 0.97 1 1 1 9,605 093 1 1 1 378 097 1 1 1 681 097 1 1 1 6,013 098 1 1 1 2,533
Firm gets a government grant dummy  0.13 0 0 0 9,605 0.66 0 1 1 378 0.48 0 0 1 681 0.09 0 0 0 6,013 0.05 0 0 0 2,533
Firm included in EU ETS dummy 0.11 0 0 0 9,605 023 0 0 0 378 0.28 0 0 1 681 0.10 0 0 0 6,013 0.08 0 0 0 2,533
Path dependency dummy 0.73 0 1 1 9,605 0.82 1 1 1 378 0.78 1 1 1 681 074 0 1 1 6,013 0.68 0 1 1 2,533




While a majority of firms in the sample invest in energy- or CO,-reducing R&D (both in the full
sample and across all electricity areas), differences emerge when comparing the electricity areas. More
firms invest in SE1, with a mean of 0.81, than in any other electricity area. This is not the relationship
suspected in hypothesis 1, as it suggests that where electricity prices are highest, it is also where the
most energy-efficiency innovation should occur. This, in turn, indicates that firm innovation might be
crowded out by higher costs. Furthermore, it is interesting to note that the means follow the ordering of
electricity price areas: SE1 (the lowest-price area) has the highest share of firms investing in energy- or
CO;-reducing R&D, followed by SE2 and SE3, and finally SE4, which observed the least amount of
investing firms. While the sample of firms is limited, most of those with available data are present in SE3.

The control variables that will be included in the analysis are also included in the summary statistics
presented in Table 1 and Table 2. Most of the summary statistics for the control variables are presented
without further comment, though a few observations are worth noting. Most firms included in the sample
are a part of a concern. Furthermore, the largest firms(in terms of number of employees) are found in SE3.
The most northern electricity zones (SE1 and SE2) have the highest value added per employee. Generally,
the share of post-secondary education does not vary much between the electricity pricing zones.

Overall, the summary statistics in Table 1 show that there are differences between each electricity price
zone in terms of R&D expenditure and electricity price. This is interesting to analyze, as there is variance
between the sectors. There are indications that innovation may be crowded out by higher electricity prices
rather than showing induced innovation. This suggests that Hypothesis 1 may not be supported by the
analysis. However, the summary statistics for firms’ investment in energy- or CO,-reducing R&D raise
some concerns about the feasibility of the analysis, given the limited variation across the years. This is

further discussed in the next Section.

4.5 Limitations

One of the main motivations for studying whether electricity prices affect energy-efficiency innovation
(and innovation in general) in Sweden is the increase in electricity prices between 2022 and 2023. Given
the recentness of this electricity price increase, this study can primarily focus on short-run innovation
effects. While some long-run effects of R&D expenditure can be studied, the effects of the electricity
price increases in 2022 and 2023 can only be observed in the short run, which is a limitation of this model.
However, this thesis studies input in innovation through current investments in energy- or CO;-reducing
innovation and R&D expenditure. While innovation takes time, these types of measurements show what
firms invest in and how much they invest in innovation, which can vary from one year to the next.
Therefore, there is still value in studying innovation in the short run when using measures other than
patents, as such measures are likely to capture effects earlier.

Furthermore, the recency of the price increase also limits the methods available for causal identifica-
tion. The recency of the price shock generally limits methods such as difference-in-differences, but one
should also note that, since the electricity price increase occurred for all firms in 2022-2023, there is no
untreated group of firms, further eliminating the difference-in-differences method for causal identification.

Given that the binary variable measuring whether a firm invests in energy- or CO,-reducing innovation
does not capture innovation in a conventional way, there are limitations in the data that affect the analysis.
Some of the limitations might be addressed in future studies with more data. Firstly, including R&D

expenditure on energy-reducing innovation would improve the analysis of the relationship between
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electricity prices and energy-reducing innovation. A study using this kind of data would heed a more
detailed analysis of how energy-reducing innovation affects levels of green innovation rather than if
it affects the probability of firms engaging in energy-reducing innovation. Secondly, future analyses
would also be aided by a green innovation variable that focuses solely on energy-reducing innovation
and excludes CO»-reducing innovation. This kind of microdata, however, is not yet available in Sweden
(Statistics Sweden, 2026g). Because of this, two different dependent variables are used in this thesis to
answer how innovation is affected by electricity prices. The variable indicating whether a firm invests
in energy- or CO;-reducing innovation measures energy-efficiency innovation, and R&D expenditure
measures the extent to which innovation is impacted.

Additionally, there are some limitations in the actual data itself. The fact that a majority of firms
invest in energy- or CO,-reducing innovation is not an issue in and of itself, but the limitation is the lack
of variation over time in firms’ investment decisions. As Aghion et al. (2016) found, there is some "path
dependency” in firms: firms with historical experience in clean innovation are more likely to continue
investing in clean innovation. While “’path dependency” cannot be proven (and is beyond the scope of
this thesis to test), this dataset observes only a small number of firms switching between investing and
not investing in energy- or CO,-reducing innovation, which could indicate that the low variation is not
enough to estimate an effect. More observations would also benefit this dataset and analysis.

Further studies in a few years might benefit from using patent data, such as patent applications.
Previous studies have used patent data to measure green innovation (e.g., Johnstone, Has¢i¢ and Popp,
2010; Kruse and Wetzel, 2016; Lindman and Soderholm, 2016). As innovation often is a long process,
and the motivation behind this study is to understand how the increase in electricity prices in 2022
and 2023 affected energy-reducing innovation, this relationship cannot yet be studied using patent data.
One cannot expect that changes in investment in innovation activities will have an immediate effect
on patent applications or patent grants. One can therefore not expect to see an effect on innovation
output yet. However, if sufficient time has passed, an effect on patents may be observed. While smaller
adaptations and innovations might take less time, the provided articles show that one should not use patent
applications to study the effect of electricity prices on energy-reducing innovation, as such studies would
not yet capture the correct effect. While patent counts could be used to study the effect of electricity
prices on general innovation, which in this study is measured by R&D expenditure, there is a longer time
frame where an effect could be assumed, and is therefore deemed to be beyond the scope of this thesis.

The limitations discussed within this discussion lead to difficulties with identifying causality. Angrist
& Pischke (2009) identify that using (panel) data with a time dimension is a way to control for unobserved
but fixed omitted variables, as a way to identify causality. One strategy is using individual fixed effects
to identify causality (Angrist & Pischke, 2009). This thesis exploits panel data and the variation in
electricity prices between firms as its identification strategy. However, as will be discussed further in
the methodology, methodological constraints also limit causal interpretation, such as the use of random
effects in one of the models. This is controlled for by using dummy variables, but it still limits causality.

Many of the limitations of the dataset used in this thesis stem from its creation. When merging all
the individual datasets, a subset of firms from one survey is merged with another subset whose firms do
not match. When there is little overlap between the subsets, many observations from each subset are not

included in the complete dataset, resulting in few observations.
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5 Econometric estimation: methodology and results

While there are opportunities in studying the causal impact of electricity prices on innovation, many
limitations remain. A portion of the limitations of this thesis have already been discussed, such as limita-
tions with measuring innovation with a binary variable, using R&D expenditure, and limitations within
the data itself. As discussed, these limitations might hinder the identification of causality. Furthermore,
omitted variable bias may also be an issue. Self-selection might be seen as a hindrance to identifying
causality, since one might expect that firms with higher innovation activity would choose locations in
northern Sweden (in SE1 and SE2) to benefit from lower electricity prices. Reverse causality might
also be an issue, as has been previously discussed. As previously discussed, this thesis’s identification
strategy exploits the time-varying nature of electricity prices (which are lagged) using panel data. To
further identify causality, one wants to control for time-invariant effects, using, for example, fixed effects
(Angrist and Pischke, 2009). However, Angrist and Pischke (2009) warn of a dynamic panel bias when
using both fixed effects and a lagged dependent variable, which can be misleading. This dynamic panel
bias is mostly not an issue in this thesis since only one independent variable is lagged. But there is a lag
in the path-dependency variable, since it reflects prior innovation; here, path dependence is a dummy
indicating whether the firm has invested in innovation in previous years. As this affects innovation, there
may be dynamic panel bias that could impact the results.

Despite the limitations of the available data, there is still value in analyzing the relationship between
electricity prices and innovation. This Section continues by explaining the model specification for the
energy-reducing innovation and total R&D expenditure analyses, as well as some further limitations with

identifying causality, and is followed by the results for both model specifications.

5.1 Methodology

5.1.1 Model specification: energy-reducing innovation

The effect of electricity prices on firms’ investment in energy-reducing innovation will be estimated using
Equations 1, 2, and 3. The econometric approach to analyze hypothesis 1 is a logit regression. When
using a binary variable as the dependent variable, one estimates, in this case, the probability that a firm
invests in energy or CO,-reducing innovation (Verbeek, 2017). The estimated f represents the increase
(or decrease) in probability associated with a change in electricity prices.

The use of a logit model assumes a probabilistic outcome, a non-linear functional form, and non-
formally distributed errors, which are assumed to apply to this case (Verbeek, 2017). Furthermore, since
it is reasonable to assume that the error terms might vary for firms, heteroskedasticity is tested for. A
modified Wald test is run in Stata, and shows heteroskedasticity. Therefore, standard errors are clustered
at the firm level to account for heteroskedasticity. The estimated model is presented in Equations 1 and 2,

and the probability function for the logit panel data model is given in Equation 3.
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where y;t* is an unobserved latent variable, X; is a vector of explanatory variables including dummies

for each electricity price area, B is the corresponding vector of estimated coefficients, x;, . is lagged
electricity price where x can be 1, 2 or 3, B, is the lagged electricity prices coefficient ¢ is the fixed
effects term, &, is time dummy for each year, y; is a dummy variable for each industry included and &; is

an error term assumed to follow a standard logistic distribution.

Pr(yy = 1| X, Xiy—1,06, 8, %) = A(X; B+x;,_ B+ i+ 8 +7;) 3)
where A is the standard logistic distribution, the subscripts i, j and ¢ denote firm i in industry j in year
t. Note that x;; includes dummies for each electricity price area y; in Equation 2, which denotes whether a
firm invests in energy-reducing or CO,-reducing innovation in year ¢. The electricity price is lagged and
considers the firm’s own electricity price per MWh of electricity used. Furthermore, the electricity price
will be lagged within the model, i.e. the electricity price from a previous year will be used to estimate
the current year (t). Electricity prices are lagged because innovation is often a slow process (Gross et
al. 2018). Firms follow budgets for R&D expenditure, and therefore it can be assumed that they are not
prone to immediately changing R&D expenditure when an external shock occurs (such as an increase in
electricity prices). Therefore, the adjustment of the electricity price increase is assumed to affect the next
year’s innovation budget and what firms invest in. A time lag is used to estimate this effect. Electricity
price will be lagged by one, two and three years. The remaining control variables are discussed in Section
4.3. Finally, €&; denotes the error term, which is clustered at the firm level, due to heteroskedasticity as
previously discussed.

Furthermore, dummy variables for each electricity price area, year and industry have been included in
the logit models estimating Equations 1, 2 and 3. The reason these dummy variables are added as controls
is to mimic fixed effects, which are time-invariant but still allow for random effects, since this is part of
this thesis’s identification strategy, which uses panel data to control for unobserved heterogeneity. Random
effects are used because a Mundlak test indicated they should be. A Mundlak test better accommodates
heteroskedasticity than a Hausman test and is therefore suitable for this analysis (Pinzon, 2015). The
Mundlak test is discussed further in Appendix 9.4. Dummy variables for electricity price area, year, and
industry are nevertheless included, since omitting them would likely introduce omitted variable bias. If
you were not to control for industry-specific effects using industry dummies, different innovation needs
and available policies would bias the analysis, and an estimated effect would reflect differences between
industries rather than the actual effect. The same logic is true for the inclusion of time dummies, which
control for yearly differences. If these were not included, then variation due to, for example, financial
crises would be used to estimate an effect that is not there. However, as individual (firm) specific effects
are not estimated, due to the usage of random-effects, the ability to identify causality is weakened, as you
are comparing a gigantic mine with a small firm only performing a small amount of innovation. As these
firms differ in many ways, individual fixed effects would allow them to be compared only to their own
trend, controlling for these time-invariant effects. When these fixed effects are not included, the causal
identification is weakened, affecting the analysis. The random-effects model gives E [x;, ;] = 0, meaning
that there is no correlation between the observed and unobserved characteristics (Verbeek, 2017).

Furthermore, marginal effects will be calculated to estimate numerical coefficients. A linear probability
model (such as a logit model) does not allow for direct interpretations of its coefficients, instead only
allowing for interpretation of the direction of the effect. To be able to state something about the size of
the estimated effect, marginal effects have to be calculated (Verbeek, 2017). For this analysis, both the
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average marginal effect and the marginal effect at the mean will be estimated. Odds ratios will also be
reported in Appendix 9.2. To test for model fit, the percentage comparing correct and incorrect estimations
is described in Verbeek (2017). Furthermore, AIC, BIC and log-likelihood will be presented.

Lastly, due to the binary nature of the dependent variable, this method will not be able to state whether
the amount of energy- or CO,-reducing innovation by a firm has increased or decreased, only if the
probability of a firm investing in energy- or CO;-reducing innovation has occurred. Furthermore, as
discussed in Section 4, there is little variation within the observations included in the data set. This could
affect the analysis, as insufficient variation is observed to fit a model. Whatever results the estimated

model indicates, they should be interpreted with caution due to the data limitations.

5.1.2 Model specification: total R&D expenditure

The model used to estimate hypothesis 1 is optimal for a binary dependent variable and thus will not be
optimal when analysing hypothesis 2. This is because the dependent variable of total R&D expenditure
as a share of turnover is not binary. Instead, Papke and Woodridge’s (1996) model of a fractional logit
regression will be used, as it is optimal when the dependent variable is a fraction between 0 and 1. To
be able to use this fraction, 8 observations with a value higher than 1 were removed. Furthermore, as a
Mundlak test © showed that fixed effects were needed, correlated random effects (CRE) will be used. A
Mundlak test was again used, as a modified Wald test showed heteroskedasticity. Papke and Wooldridge
(2008) introduced CRE as a method to emulate fixed effects in a fractional probit (logit) regression, and it
will be used in this analysis.

E(R&DSharej; | xi,c;) = A(xi B +Xis—10 +¥j+¢i) “
cilxi=w+xE+a, a|xi~AN(0,02) (5)
E(R&DSharejy | x;) = A Wa+ Xt Bu + Xiy—1 Ba + Xila + & + 7)) (6)

Equation 4 shows the estimated fractional logit model where Xx; is the vector of explanatory variables
(including a constant), B/ is the corresponding estimated coefficient vector, X;,_ is the lagged electricity
price for either one and two or three years, B’ is the coefficient for the lagged electricity price, & is
year dummies included, ¥; is industry dummies and A(-) denotes the cumulative distribution function
of the standard logistic distribution. ¢; are the CREs estimated by Equation 5. y, is the intercept for
the correlated random effect. Equation 6 combines Equations 4 and 5 into one. Papke and Woodridge
(2008) follow a Chamberlain approach to CRE, meaning that the means for each time variant variable are
included in the model. Here, the means are expressed by x;&,. Again, as done in Papke and Woodridge
(1996; 2008), marginal effects are calculated to be able to assess the magnitude of the estimated effects.
Standard errors are clustered at a firm level. Following some of the tests suggested in Papke and Woodridge
(2008; 1996), this thesis will estimate RESET, Robust RESET, and pseudo-Rz. Furthermore, AIC, BIC
and log-likelihood functions are also included to test for model fit.

Lastly, the electricity price will be lagged for one, two and three years again. The interpretation of
the model is that, on average, a one-unit increase in electricity price is associated with a change in the
fraction of R&D expenditure. The use of CREs controls for time-invariant unobserved heterogeneity
(Papke and Woodridge, 2008). Dummies for the year will also be included to obtain time fixed effects. As

6See Appendix 9.4
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previously stated, time dummies control for year-specific shocks such as the COVID-19 pandemic and
the 2008 financial crisis. Other time-invariant dummies (that can be changed but are rarely changed), such
as industry and electricity price area, are included in the model and are only associated with the effect of

switching from one dummy to another, for example, moving from one electricity price area to another.

5.2 Results
5.2.1 Energy-reducing innovation

Table 3 presents the estimated coefficients, and Table 4 reports the marginal effects for the estimated logit
model assessing the effect of electricity prices on energy-reducing innovation, as specified in Equations
1, 2, and 3. In addition to the estimated coefficients, Table 3 shows the number of observations, the log-
likelihood, the AIC, and the BIC. While AIC, BIC, and the log-likelihood function cannot be compared
across different samples, their similarity suggests similar model fit across all models, suggesting that the
lag of electricity prices does not matter for model fit. The number of correct predictions from the model
is also compared with the actual values from the observations, and for the one-year-lagged model, 61%
of the predictions were correct, raising doubts about the model. A naive predictor, where 1 was estimated
for all observations, would perform better than the model, indicating a poor model fit.

As stated in Section 5.1.1, to estimate the model’s actual effects, one cannot look at the coefficients;
one must estimate marginal effects. However, as shown in Table 4, given that no statistical significance
is found, the effect is that electricity price has no effect on the probability of a firm investing in energy-
or CO;,-reducing innovation for either lagged electricity price variable. As no effect is observed, the
first hypothesis, which states that an increase in electricity prices in a previous year would increase the
probability of investing in energy- or CO;-reducing innovation, is not supported. Among the control
variables, the log of the number of employees is statistically significant, indicating that a 1% increase in
employees is associated with a 6.8% increase in the probability that firms will invest in energy- or CO;-
reducing innovation. This suggests that firm size might impact their probability of investing in energy-
or CO,-reducing innovation. Furthermore, both dummy variables expressing policies, the grant dummy
and the EU ETS dummy, show significant effects. A firm entering the EU ETS system (switching from 0
to 1 in the dummy variable) is associated, on average, with a 21-percentage-point higher probability of
investing in energy- or CO,-reducing innovation, holding all other covariates fixed. For the grant dummy,
it is associated with a 23-percentage-point probability. If a firm receives governmental funding in the year
t, it is associated with an increase in probability of a firm investing in energy- or CO,-reducing innovation
in the year ¢. The results show a significant impact of the policy variables, suggesting that participation in
the EU ETS and/or receiving a grant is a more important determinant of whether a firm invests in energy-
or CO,-reducing innovation than electricity prices. However, these results should be interpreted with the

model’s poor fit in mind, and one should therefore be careful not to interpret them as exact effects.

5.2.2 Total R&D expenditure

While the first hypothesis has been disproved in the Subsection above, another hypothesis remains to
be discussed. The results from the fractional logit model, estimated in Equations 4, 5, and 6 and used to
analyze the second hypothesis, are presented in Table 5.

Table 5 shows that the significance of the electricity price effect on total R&D expenditure depends

on the time lag used for the electricity price. The effect with a one-year time lag is significant at the
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Table 3: Coefficients - Logit (Random effects) - Energy- or CO2-reducing innovation

ey @) 3)
L1 L2 L3
Electricity price 0.49767 —0.80093 —1.65450
(0.97150) (0.94584) (1.13648)
Log number of employees 1.12213%* 1.00350* 1.09275%*
(0.50755) (0.52408) (0.54609)
Share of employees with post-secondary education  —0.88813 —0.64296 —0.92204
(1.74395) (1.79775) (1.83772)
Log capital inventories 0.16548 0.18173 0.11748
(0.19385) (0.19709) (0.20417)
Electricity share of total energy cost 2.51670* 2.82561%* 2.54080
(1.44986) (1.51455) (1.56730)
Company is a part of a concern 0.04450 —0.09277 —0.23501
(1.68567) (1.74385) (1.84642)
Log exports 0.16822 0.17528 0.20832
(0.24342) (0.24977) (0.25824)
Path dependency 0.20821 0.40555 0.33552
(1.16274) (1.30013) (1.42852)
Grant dummy 3.81321%#*  3.47097*%*  3.5]981%**
(1.34647) (1.31671) (1.33872)
EU ETS dummy 3.39539**  3.16096**  3.66818**
(1.53481) (1.54298) (1.67316)
SE1 2.18553 2.39772 2.94014
(2.99682) (3.13814) (3.32010)
SE2 —2.03074 —2.17429 —2.66679
(1.64819) (1.67683) (1.75812)
SE3 0.35962 0.15227 0.28961
(0.77280) (0.79907) (0.83403)
SE4 0.00000 0.00000 0.00000
() () ()
Random effects v v v
Year dummies included v v v
Industry dummies included v v v
Observations 724 705 687
Log-likelihood —267.829 —261.686 —254.835
AIC 607.66 595.37 581.67
BIC 772.71 759.47 744.83

NOTE: Logit random effect model results. This table displays the estimated coefficients. The depen-
dent variable is if a firm invests in energy- or CO2-reducing innovation or not. The electricity price
which is lagged for one, two and three years. L1 indicates a model with one year lag of electricity
price, L2 a two year lag and L3 a three year lag. SE1-4 is a dummy variable for each electricity
price area. All other controls are not lagged. Standard errors in parentheses, clustered at firm level.
*p <0.10, ¥ p <0.05, **p<0.01
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Table 4: Marginal effects - Random effects logit - Energy- or CO2-reducing innovation

)] (@) 3 (C)) (5) (6)
L1 AME L1 MEM L2 AME L2 MEM L3 AME L3 MEM
Electricity price 0.03022 0.03062 —0.04793 —0.04885 —0.09771 —0.09865
(0.05918) (0.05997) (0.05609) (0.05762) (0.06616) (0.06845)
Log number of employees 0.06813**  0.06904** 0.06006* 0.06121* 0.06453**  0.06515%**
(0.03009) (0.03093) (0.03089) (0.03176) (0.03202) (0.03252)
Share of employees with post-secondary education ~ —0.05393 —0.05464 —0.03848 —0.03922 —0.05445 —0.05497
(0.10615) (0.10782) (0.10783) (0.11006) (0.10864) (0.11013)
Log capital inventories 0.01005 0.01018 0.01088 0.01108 0.00694 0.00700
(0.01185) (0.01202) (0.01189) (0.01213) (0.01212) (0.01221)
Electricity share of total energy cost 0.15281%* 0.15484* 0.16911%* 0.17235* 0.15005 0.15149
(0.08854) (0.09142) (0.09106) (0.09519) (0.09336) (0.09600)
Company is a part of a concern 0.00270 0.00274 —0.00555 —0.00566 —0.01388 —0.01401
(0.10237) (0.10373) (0.10432) (0.10632) (0.10891) (0.10995)
Log exports 0.01021 0.01035 0.01049 0.01069 0.01230 0.01242
(0.01478) (0.01497) (0.01492) (0.01523) (0.01517) (0.01554)
Path dependency 0.01264 0.01281 0.02427 0.02474 0.01981 0.02000
(0.07062) (0.07154) (0.07778) (0.07934) (0.08427) (0.08523)
Grant dummy 0.23153***  0.23461°%*%*%  0.20773***  0.21172%%* (0.20787***  0.20986***
(0.08124) (0.08315) (0.07850) (0.08095) (0.07915) (0.08078)
EU ETS dummy 0.20616**  0.20890**  0.18918**  0.19281**  0.21663**  0.21871**
(0.08947) (0.09107) (0.08911) (0.09145) (0.09366) (0.09616)
SE1 0.13270 0.13446 0.14350 0.14625 0.17363 0.17530
(0.18071) (0.18361) (0.18605) (0.19014) (0.19386) (0.19632)
SE2 —0.12330 —0.12494 —0.13013 —0.13262 —0.15749 —0.15900
(0.09975) (0.10070) (0.09962) (0.10134) (0.10165) (0.10290)
SE3 0.02184 0.02213 0.00911 0.00929 0.01710 0.01727
(0.04696) (0.04764) (0.04787) (0.04879) (0.04937) (0.04985)
SE4 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000
() () (+) (+) (+) ()
Observations 724 724 705 705 687 687

NOTE: Estimated marginal effects from random effects logit model. Both average marginal effects (AME) and marginal effects at the mean
(MEM) are calculated. The dependent variable is if a firm invests in energy- or CO2-reducing innovation or not. The electricity price which is
lagged for one, two and three years. L1 indicates a model with one year lag of electricity price, L2 a two year lag and L3 a three year lag. SE1-4
is a dummy variable for each electricity price area. All other controls are not lagged. Standard errors in parentheses.

*p<0.10, **p <0.05, ***p <0.01
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Table 5: Coefficients - Fractional Logit - R&D expenditure

ey @) 3)
L1 L2 L3
Electricity price 0.60437**%* 0.59464* 0.14691
(0.22847) (0.31901) (0.19097)
Log number of employees 0.08711 0.15689 —0.01279
(0.27138) (0.26595) (0.25576)
Share of employees with post-secondary education ~ —0.29423 —0.41347 —0.97355%
(0.63820) (0.67751) (0.54860)
Log capital inventories 0.02057 0.04137 0.03606
(0.04038) (0.03802) (0.04070)
Electricity share of total energy cost 0.71715 0.77914%* 0.87411%*
(0.43660) (0.46248) (0.49495)
Company is a part of a concern 0.32700 0.45194 0.61561
(0.86633) (1.10907) (1.10609)
Log exports —0.12166*  —0.18784**  —(0.18292**
(0.07277) (0.07791) (0.07370)
Path dependency —0.04163 —0.35796 —0.30950
(0.23031) (0.25374) (0.26801)
Grant dummy —0.08884 —0.12276 —0.04521
(0.17901) (0.20636) (0.19589)
EU ETS dummy —0.08472 —0.11837 —0.09456
(0.17811) (0.17975) (0.18011)
SE1 —0.06558 —0.05923 —0.10157
(0.53708) (0.55985) (0.57984)
SE2 0.20614 0.20797 0.29028
(0.29500) (0.32767) (0.34907)
SE3 0.24951* 0.23688* 0.24110*
(0.13094) (0.13302) (0.13475)
SE4 0.00000 0.00000 0.00000
() () (+)
CRE firm means included v v v
Year dummies included v v v
Industry dummies included v v v
Observations 1,783 1,584 1,517
Log-likelihood —162.679 —144.143 —137.996
Pseudo-R? 0.0875 0.0916 0.0926
AIC 455.36 412.29 399.99
BIC 811.95 745.08 730.11

NOTE: Fractional logit results. This table displays the estimated coefficients. The dependent variable

is share of R&D expenditure of firm turnover. The electricity price which is lagged for one, two and

three years. L1 indicates a model with one year lag of electricity price, L2 a two year lag and L3 a

three year lag. All other controls are not lagged. SE1-4 is a dummy variable for each electricity price

area. Standard errors in parentheses, clustered at firm level. Firm means of all time-varying regressors
included to create correlated random effects (CRE) (Papke-Wooldridge, 2008 )

*p <0.10, ** p <0.05, **p <0.01 33



Table 6: Marginal effects - Fractional logit - R&D expenditure

@ @ 3 “ O] ©)
L1 AME L1 MEM L2 AME L2 MEM L3 AME L3 MEM
Electricity price 0.01186*** 0.00737***  0.01168* 0.00702* 0.00289 0.00172
(0.00459) (0.00280) (0.00636) (0.00380) (0.00374) (0.00223)
Log number of employees 0.00171 0.00106 0.00308 0.00185 —0.00025 —0.00015
(0.00530) (0.00330) (0.00518) (0.00313) (0.00503) (0.00300)
Share of employees with post-secondary education ~ —0.00578 —0.00359 —0.00812 —0.00488 —0.01914*  —0.01140%
(0.01257) (0.00777) (0.01338) (0.00797) (0.01100) (0.00639)
Log capital inventories 0.00040 0.00025 0.00081 0.00049 0.00071 0.00042
(0.00079) (0.00049) (0.00075) (0.00045) (0.00080) (0.00048)
Electricity share of total energy cost 0.01408 0.00874* 0.01531* 0.00920* 0.01719* 0.01024*
(0.00865) (0.00530) (0.00922) (0.00544) (0.00985) (0.00578)
Company is a part of a concern 0.00642 0.00399 0.00888 0.00533 0.01210 0.00721
(0.01702) (0.01053) (0.02183) (0.01305) (0.02183) (0.01290)
Log exports —0.00239*  —0.00148* —0.00369** —0.00222** —0.00360** —0.00214**
(0.00141) (0.00089) (0.00151) (0.00092) (0.00143) (0.00086)
Path dependency —0.00082 —0.00051 —0.00703 —0.00422 —0.00609 —0.00362
(0.00453) (0.00280) (0.00511) (0.00299) (0.00537) (0.00312)
Grant dummy —0.00174 —0.00108 —0.00241 —0.00145 —0.00089 —0.00053
(0.00351) (0.00218) (0.00405) (0.00243) (0.00385) (0.00229)
EU ETS dummy —0.00166 —0.00103 —0.00233 —0.00140 —0.00186 —0.00111
(0.00351) (0.00217) (0.00354) (0.00213) (0.00355) (0.00211)
SE1 —0.00129 —0.00080 —0.00116 —0.00070 —0.00200 —0.00119
(0.01054) (0.00655) (0.01100) (0.00661) (0.01140) (0.00679)
SE2 0.00405 0.00251 0.00409 0.00245 0.00571 0.00340
(0.00579) (0.00359) (0.00643) (0.00386) (0.00685) (0.00409)
SE3 0.00490* 0.00304* 0.00465* 0.00280* 0.00474* 0.00282*
(0.00263) (0.00160) (0.00269) (0.00158) (0.00272) (0.00159)
SE4 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000
) ) () ) ) )
Observations 1,783 1,783 1,584 1,584 1,517 1,517

NOTE: Estimated marginal effects from fractional logit regression. Both average marginal effects (AME) and marginal effects at the mean (MEM)
are calculated. The dependent variable is share of R&D expenditure of firm turnover. The electricity price which is lagged for one, two and three
years. L1 indicates a model with one year lag of electricity price, L2 a two year lag and L3 a three year lag. SE1-4 is a dummy variable for each
electricity price area. All other controls are not lagged. Standard errors in parentheses. *p<0.10, **p <0.05, **p<0.01
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1% level, indicating that electricity prices from previous years affect the fraction of R&D expenditure.
Furthermore, no significant effect is observed when the electricity price is lagged by two or three years.
However, the electricity price, lagged by two years, shows some correlation. Table 6 presents the marginal
effects from the fractional logit model. Here, the explicit effect of the one-year lagged electricity price is
shown. A 1,000 SEK increase in the previous year’s electricity price is associated with, on average, a
1.2 percentage-point increase in the fraction of R&D expenditure in turnover in the current year, holding
time-invariant unobserved heterogeneity constant. However, as a 1,000 SEK increase in electricity prices
is unlikely to occur in a year, the effect is rescaled to show that a 100 SEK per MWh increase in electricity
prices yields a 0.12 percentage-point increase in the share of total R&D expenditure in turnover in the
current year. Given that the average total R&D expenditure as a share of turnover is 3% (0.03), a 0.12
percentage-point increase would yield a 4% increase in the share, on average. As electricity prices do not
often increase by 100 SEK, the effect is typically much smaller, indicating that while electricity prices
affect total R&D expenditure, the effect is economically moderate. Notably, none of the controls for the
model with a one-year time-lagged electricity price is significant. Furthermore, in the models lagged by
1, 2, and 3 years, the null hypothesis that the model is correctly estimated is not rejected (RESET test),
indicating that the functional form is correctly specified. ’ Furthermore, the AIC, BIC, and log-likelihood
functions cannot be directly compared, since the lag in electricity prices limits the number of observations
available to the models. Using a common sample is considered limiting, since the number of observations
is already limited. Verbeek (2017) states that measurements such as McFadden’s R?, which is estimated
by Stata, are sometimes referred to as the likelihood ratio index. Generally, a good pseudo-R? is around
0.2 — 0.4. The pseudo-R? for the fractional logit model with a one-year electricity price lag is 0.0875,
suggesting limited model fit.

Connecting to the second hypothesis, the results from the fractional logit go against the hypothesis,
which states that an increase in electricity prices would not lead to an increase in firms’ R&D spending in
the short run. Since a small effect is seen, this hypothesis is disproved. However, because no effect is
observed when the electricity price is lagged by two or three years, this further suggests that firms are
acting in the short run, since only the previous year’s electricity price has an effect, further contradicting
the second hypothesis.

6 Heterogeneity, robustness and sensitivity tests

To check if the results are subject to heterogeneous effects and if they are robust, several tests were run.
To test for heterogeneous effects firms that invest some amount of R&D were analyzed. The second test
examines whether the results are different depending on whether firms are investing in external or internal
R&D, and whether the effects differ between the types of R&D. To test for endogeneity, instrumental
variable regressions were supposed to be used to address potential endogeneity issues related to electricity
prices, but as only weak instruments were found and time constraints were applicable, this test was
not run. Furthermore, robustness and sensitivity tests were conducted to assess whether the results are
sensitive to the measurement type of the main independent variable, electricity price, and the controls.

Lastly, an LPM model with fixed effects is also estimated to assess robustness.

"The RESET test is conducted by running a regression that includes the squared fitted values as a regressor and testing
whether they help explain the dependent variable, and therefore indicating if the functional form is correctly interpreted (Verbeek,
2017).
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6.1 Heterogeneity tests
6.1.1 R&D expenditure above 0

The results Tables, including coefficients and marginal effects, can be seen in Appendix 9.2. In Table 7, the
fractional logit estimation based on Equations 4, 5, and 6 is presented, now including only observations
with total R&D expenditure above 0. Furthermore, Table 7 includes the logit estimates of Equations 1,
2, and 3, in which only firms investing in R&D are included. As in the main fractional logit analysis,
electricity price lagged by one year is statistically significant, and therefore impacts the fraction of R&D
expenditure in the following year in the fractional model. This indicates that the effect of electricity prices
on total R&D expenditure is the same for all firms, regardless of whether they invest in R&D. The marginal
effects are shown in Table 8. A similar AME is observed here, at 1.3 percentage points. Its similarity to the
regular model indicates that, in this respect, the results are consistent and not heterogeneous, suggesting
that the effect remains similar when only firms with positive R&D expenditure are included. For the logit
model, again, electricity prices are observed not to have an effect on whether firms invest in energy- or

CO,-reducing innovation, suggesting no heterogeneous effects.

6.1.2 Internal and external R&D expenditure

Again, the results tables are found in Appendix 9.2. Tables 9 and 10 show the coefficients and marginal
effects, respectively. The variable, stating if a firm invests in energy- or CO;-reducing innovation, is not
applicable to this test. Therefore, a fractional regression is run separately, using internal and external
R&D expenditure. The model follows the same structure as Equations 4, 5 and 6, but the fractional logit
regression uses the share of internal or external R&D of firm turnover as the dependent variable instead.

The results shown in Tables 9 and 10 show a significant effect of electricity price (one-year lag)
on innovation, both when it is measured in internal and external R&D. Thus, the results imply that the
effect is prevalent for firms, no matter if they only invest in internal R&D or external R&D. However, the
size of the effect differs, suggesting heterogeneous effects. A 1 000 SEK increase in the previous year’s
electricity price per MWh is associated with, on average, a 0.8 percentage-point increase in the share of
internal R&D expenditure of turnover and a 0.4 percentage-point increase in the share of external R&D
expenditure of turnover in the current year, holding time-invariant unobserved heterogeneity fixed on
average. This indicates that the effect of electricity price on external R&D is smaller than for internal
R&D. Notably, the electricity share of total energy usage is now significant for the internal R&D analysis,
both when the electricity price is lagged by one or two years. That the internal R&D sees a higher increase
than external R&D indicates that internal R&D is more impacted by electricity price changes. This
suggests that firms would rather increase internal R&D based on the electricity price. However, since the
effect is still very small, this is marginal. Additionally, the models pass the RESET test, indicating that

the functional form is correctly estimated.

6.1.3 Endogeneity

Another robustness test aimed to examine whether endogeneity is present in electricity prices, given
concerns about reverse causality previously discussed in section 4.2.1. Beyond the electricity price
concerns of reversed causality previously discussed, innovation might also affect electricity prices if

demand is reduced, through energy-reducing innovation. Supply might also be affected by innovation, as
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more electricity can be generated through it. Furthermore, firms self-selecting into cheaper electricity
price zones might be a concern (even though Section 4.2.1 showed that energy-intensive firms are found
across Sweden).

To test for endogeneity, an instrumental variable approach was intended. An instrumental variable
approach means that the electricity price is first estimated as a regression of the controls and the
instrumental variable (Stock and Watson, 2020). In this case, the actual market price for electricity
is used, averaged by year (EU ENTSO, 2026). Due to data only being (freely) available from 2015
onward, hypothesis 2 is tested from 2015 to 2023, which somewhat limits the study. Consequently, the
estimated electricity price is used within the main equation to estimate the model (Stock and Watson,
2020). However, the use of the market price of electricity as an instrument yielded an F-statistic of 9.92,
just barely falling below the minimum threshold of 10, indicating that the instrument is weak (Stock and
Watson, 2020). Due to time constraints in this thesis, further searches for a strong instrument were not

possible; therefore, an endogeneity robustness test was not conducted.

6.2 Robustness and sensitivity tests

Some alternative measures of electricity prices are used to assess how robust and sensitive the results are
to different measurement types and models. Specifically, a logged version of the annual electricity price
(using the natural logarithm), the electricity price as a share of firm turnover, different combinations of
numerical policy variables (both grants received and EU ETS), and a Linear Probability Model (LPM)
are used. To test sensitivity, both models discussed in the methodology are examined using alternative
electricity price measures, policy measures, and an LPM model.

The results of these tests are found in Appendix 9.2. Specifically, Tables 11 to 22 show the coefficients
and marginal effects for both total R&D expenditure and if a firm invests in energy- or CO;-reducing
innovation, for all three lagged years. The first model estimates both the logit and fractional logit models,
with their respective dependent variables using a logged version of the electricity price. Here, the effect
of electricity prices on whether firms invest in energy- or CO,-reducing innovation remains insignificant,
indicating that the results are robust, in that no effect is seen. Furthermore, the results for the effect of
electricity price on the total R&D expenditure (fraction) indicate robustness, as electricity price remains
significant at the 1% level and the effect is positive. The marginal effect is also similar at 0.011. To
further assess whether the results are sensitive to electricity price measurement, the models are run with
electricity price as a share of firm turnover. The direction of the effect changes if a firm invests in energy-
or CO,-reducing innovation in the two-year lag, indicating sensitivity. However, for the 1-year-lagged
price, the effect remains positive. For total R&D expenditure, the result is now insignificant, indicating
sensitivity.

Furthermore, as to test for the sensitivity of the results for the policy measures (grants received and
EU ETS participation) specific values for the variables are used instead of dummy variables. For the
grants received, the log grant received is used. For the EU ETS, the logarithm of the number of emission
credits received is used. In total, three models that combine these variables are used. All of the models
indicate insensitivity to firms investing in energy- or CO,-reducing innovation, since the effect follows in
the main regressions. As expected, the numerical values of the policy variables indicate that the increase
in the amount received is smaller than the increase from participation to non-participation. For total

R&D expenditure, the results mainly indicate robustness and non-sensitivity, as the effect of electricity
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price is significant and similar to that in the main model; it is also significant for a one-year lag and
non-significant for two- and three-year lags, consistent with the main model.

The final test is instead of a non-linear model such as logit or fractional logit a linear probability
model (LPM) is run, with fixed effects. Here, all results for both models are insignificant. For the main
logit model, this indicates non-sensitivity, whereas for the main fractional logit model, it suggests some
sensitivity. However, because the main model passed the RESET test, this confirms that the estimated
effect is non-linear (and that the model is correctly specified). If non-linearity is confirmed, a linear
model (such as the LPM) would not yield correct estimates due to the wrong functional form. Yet, some
discretion on the robustness of the results is needed.

Overall, the robustness and sensitivity tests suggest that the results in both of the models in this thesis
are sensitive and non-robust, as different measures for electricity price and policy, as well as an LPM
model, yield non-consistent results towards the main models. While the effect of electricity price on R&D
expenditure for all of the lagged models is mostly robust and non-sensitive, the non-significant effect
when electricity price is measured by the share of electricity price of turnover and the non-significance of
the LPM model, generates doubt.

7 Discussion and conclusion

The general question that this thesis aimed to answer is: Does an increase in electricity prices affect energy-
or CO;z-reducing innovation in Sweden?. To further structure the analysis of the effect of electricity price
on innovation this thesis used two research questions: Does an increase in electricity prices have an
effect on the probability that a industrial firm in Sweden invests in energy- or CO; reducing innovation
between 2018 and 2023? and Does an increase in electricity price lead to an increase in industrial firms
R&D expenditure in Sweden between 2005 and 20237 This was examined by using a logit model with
random effects to study the first research question and a fractional logit model with fixed effects to study
the second research question. This thesis has used panel data to answer the research questions.

While there are some concerns about the robustness of the results and the fit of the models, the main
models indicate that this thesis finds that electricity price is not associated with increased innovation when
innovation is measured as if firms invest in energy- or CO;-reducing innovation. This result disproves the
first hypothesis, which states that a firm’s probability of investing in energy- or CO,-reducing innovation
should increase as electricity prices rise. This suggests that path dependency may be at play, since firms
do not invest more in new types of innovation when prices rise; they continue investing in innovations
they have previously pursued. This is also suggested by the fact that a few of the firms included in the
sample are "switchers", which go from investing to not investing. This thesis also cannot state whether
firms already investing in energy- or CO,-reducing innovation increased or decreased their investment
due to higher electricity prices, given the available data, which is a limitation of this thesis. There are also
doubts about whether causality can be identified within this model, given the few observations included.

Furthermore, when examining total R&D expenditure, the previous year’s electricity price is seen to
have an effect on total R&D expenditure when the electricity price is lagged by one year. The average
marginal effects indicate that a 1,000 SEK/MWh increase in electricity prices results in a 1.2 percentage-
point increase in the proportion of total R&D expenditure (as a share of turnover) on average one year
after the electricity price increase. However, as a 1,000 SEK/MWh increase is extreme, a rescaling of
the effect shows that a 100 SEK/MWh increase yields a 0.012 percentage-point increase in the share of
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total R&D expenditure of turnover. A time-lag of two and three years is not found to affect total R&D
expenditure. Again, there are concerns about model fit and sensitivity to how the electricity price is
measured. The results from this model contradict hypothesis 2, which stated that an increase in electricity
prices would not lead to an increase in firms’ R&D spending in the short run. Since a small effect is seen,
this hypothesis is disproved.

That the effect of electricity prices on R&D expenditure is observed only for one year, not two or three
years, could indicate that firms are focused on the short run when investing in R&D, which might run
counter to the notion that innovation is often a slow process. Furthermore, the disproving of hypothesis
two indicates that crowding out might not be a concern for firms, and also that they might be able to pass
on their increased electricity costs to customers. However, while there are better conditions for causal
analysis within this model, one should still be cautious with the certainty of the effect. Due to doubts with
model fit, one should consider further studies to fully determine the effect.

However, while this is most obvious in analyses of whether a firm invests in energy- or CO,-reducing
innovation, all analyses conducted in this thesis suffer from a few observations and therefore from
unfavorable conditions for conducting a causal analysis. The absence of an effect of electricity prices
on whether a firm invests in energy- or CO,-reducing innovation should not be interpreted as causal,
given the limitations of few observations and limited variation within the sample. These limitations
should not be ignored, and the results should be seen at most as an indication. However, as industrial
firms are included in the EU ETS, the limitation also considers what the dependent variable measures,
as CO,-reducing innovation is included. As a majority of firms in the sample are part of the EU ETS,
they have incentives to reduce their CO; emissions (to either sell or buy fewer emission allowances) and
therefore invest in innovation to do so. Here, they might start investing in energy-reducing innovation after
the price increase in 2022-2023, but because they were already investing in CO;-reducing innovation,
this did not show up in the data. Due to the many limitations, the effect of electricity prices on whether a
firm invests in energy- or CO,-reducing innovation should be seen as a correlation (or, at most, the lack
of an effect).

Furthermore, both analyses are subject to several concerns about endogeneity. Reversed causality
is a major concern in this thesis. Electricity prices might be affected by firm size, and innovation might
also affect electricity prices if demand for electricity is reduced due to innovation. Innovation might also
impact supply, which would impact electricity prices. Furthermore, the issue of firms self-selecting into
cheaper electricity price zones, and electricity-intensive firms might switch to other energy sources rather
than innovate. Due to time constraints, this thesis did not find strong instruments to test for these issues.
But since endogeneity is not properly tested for, this limits causal interpretation of the results in both
estimated models, both including if a firm invests in energy- or CO;-reducing innovation and total R&D
expenditure.

Chen and Lin (2019), Jia, Kou, and Liu (2025), and Bohringer et al. (2017) all find that an increase
in electricity prices leads to increased innovation; all of them studied patents. This is consistent with
the results from the model examining total R&D expenditure. However, Popp (2002) found that in the
short run, energy prices had no effect on energy-efficiency innovation, which the results from the model
estimating the firms’ probability of investing in energy- or CO»-reducing innovation also find, since that
analysis is only applicable for the time-period 2018-2023, which is seen as the short-run. Therefore, the
results found in this thesis somewhat support previous literature, but limitations within this thesis and the

use of patents in previous studies should be carefully considered.
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Given the previously discussed limitations, policy recommendations are few. However, the indications
from the main logit model that switching to receiving funding and being included in the EU ETS increases
the probability of investing in energy- or CO;-reducing innovation show that current policies are working
to promote such investment. Policymakers aiming to promote energy-reducing innovation should rely
on grants and the EU ETS, since the results show these instruments are effective. Raising electricity
prices through taxation, by contrast, has no measurable effect and is therefore not a suitable alternative.
However, caution should again be taken due to the limitations of the model.

However, the main suggestion (that is, policy-related) yielded from this thesis is gained directly from
the data limitations that this thesis encountered. While it is unlikely that a survey should be sent to all
industrial firms in Sweden, this thesis would have benefited from more overlap between the firms included
in the survey subsets. However, beyond the limitations in the number of observations, this thesis would
have benefited from data expressing the amount of energy-reducing R&D firms invested in. The binary
dependent variable is limited in its definition; the definition is broad, and therefore many firms invest in
energy- or CO;-reducing innovation, since the barrier to what counts as an investment in innovation is
low. At a minimum, the binary variable should be split into two categories, energy-efficiency innovation
and CO»-reducing innovation, since it would provide more detail about firms’ innovation habits. Given
how the variable is constructed today, all firms might invest in CO;-reducing innovation, which is a
limitation. While one might argue that patents are available to study energy-efficiency innovation and
CO,-reducing innovation separately, there is value in studying the investments in innovation (R&D) and
not only what is created (patents). When most studies only use patents, one important aspect of innovation
is not studied to the extent it should. Therefore, one view of how innovation works today is lost with
limited data. However, there is also a balance with the burden of more data collection; firms might not be
able to fill out more surveys and so on. But there is still value in considering more detailed data. Hence,
this thesis’s main suggestion for data-collecting agencies is that Statistics Sweden should introduce (or at
least explore) the creation of more detailed R&D investment data.

Future studies should revisit this research question. Given the caveat that more years have passed
since the electricity price increase in 2022-2023. With more years, the option to include patents as a
measurement for innovation appears, and we can then study the output of innovation more. This could
more precisely study energy-efficiency innovation. Furthermore, because many limitations in the first
estimated model stem from a short time period and therefore few observations, the result would probably
be more certain (whether an effect is shown or not) if more time had passed. Additionally, the second
analysis of R&D expenditure would also benefit from more observations and new analyses. While a
difference-in-differences model is not possible (because every firm in Sweden is treated), more time spent
on finding good instruments might yield a better identification strategy for causality, as this thesis has not
accurately tested for endogeneity due to time limitations.

Finally, this thesis has shown that the effect of electricity price on innovation is ambiguous. The
previous year’s electricity price affects the current year’s total R&D expenditure but is sensitive to
measurement; it has no effect on whether a firm invests in energy- or CO;-reducing innovation in the
current year. Depending on how innovation is measured, the effect of electricity prices on it varies, as
shown in this thesis. However, as stated continuously within this thesis, the results in this thesis should be

interpreted with caution, as there are concerns with identifying causality.
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9 Appendix

9.1 Additional figures

In this section, additional figures are presented. All of the figures have previously been referred to in

Section 4. Each figure is presented below.
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Figure 5: Share of firms investing in energy- or CO,-reducing innovation per electricity price area 2018 -
2023
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Figure 6: Average share of electricity usage of total energy usage per electricity price area 2005-2023
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Figure 7: Average firm electricity price in SEK/MWh per firm size
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9.2 Results from heterogeneity, robustness and sensitivity tests
9.2.1 R&D expenditure above (

This section includes all results tables from the analysis analyzing if there is a difference in effect in

which all firms invest in some kind of R&D. Both coefficients and marginal tables are presented for all

models.
Table 7: R&D-conditional sample (R&D expenditure > 0) - Fractional logit & logit
)] (2) 3 ) (%) (6)
R&D L1 R&D L2 R&D L3 ECOL1 ECOL2 ECOL3
Electricity price 0.5866%**  (.7950%#* 0.3587 0.7033 —0.6296  —2.1882
(0.2105) (0.2781) (0.2204) (1.1382)  (1.0017)  (1.7300)
Log number of employees 0.0727 0.1570 —0.0457 1.1902* 1.0133 1.0822
(0.2496) (0.2721) (0.2594) (0.6862)  (0.7130)  (0.7778)
Share of employees with post-secondary education 0.5330 0.2651 —0.1004 —-0.1152 —-0.1162  —0.2691
(0.6793) (0.7024) (0.6167) (1.8683)  (1.7425)  (1.7250)
Log capital inventories 0.0238 0.0388 0.0389 0.2194 0.2433 0.1624
(0.0394) (0.0383) (0.0382) (0.1905)  (0.2024)  (0.2189)
Electricity share of total energy cost 0.7400* 0.8235% 0.7828 4.1072%*  4.2736%*  4.0031*
(0.4281) (0.4672) (0.5008) (2.0013)  (2.1080)  (2.2371)
Company is a part of a concern 0.3595 0.3216 0.5482 —0.8305 —0.9769  —1.3381
(0.9294) (1.1666) (1.2179) (1.3258)  (1.2805)  (1.6552)
Log export —0.1637**  —0.2266**  —0.2127** 0.3132 0.3411 0.4264
(0.0774) (0.0990) (0.0932) (0.3245)  (0.3460)  (0.3804)
Path dependency 0.0993 —0.1761 —0.1262 0.0393 0.3178 0.1343
(0.2400) (0.2558) (0.2754) (1.4602)  (1.7765)  (2.0809)
Grant dummy —0.1689 —0.2055 —0.0604 3.2513* 3.0906* 3.1379*
(0.1898) (0.2120) (0.1898) (1.7240)  (1.6204)  (1.6358)
EU ETS dummy 0.1201 0.0520 0.1006 3.8951%*  3.7289% 4.2622%
(0.1395) (0.1375) (0.1350) (1.9683)  (1.9914)  (2.1940)
CRE firm means included v v v
Random effects v v v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 1,631 1,424 1,359 633 617 600
Log-likelihood —166.391  —146.147 —140.110 —228.051 —222913 —215.640
Pscudo-R? 0.05 0.0586 0.0575
AIC 390.78 348.29 336.22528.10  517.83 503.28
BIC 547.29 495.61 48223 688.32  677.12 661.57

NOTE: Results from fractional logit model and random effects logit model. Sample: firm-years with positive total R&D expenditure (R&D
> 0). All results are estimated coefficients. R&D L1, L2 & L3 shows the results from the fractional logit model, where share of R&D
expenditure of firm turnover is the dependent variable. ECO L1, L2 & L3 shows the results from the logit model, where if a firm invests
in energy- or CO2-reducing innovation is the dependent variable. The electricity price which is lagged for one, two and three years. L1
indicates a model with one year lag of electricity price, L2 a two year lag and L3 a three year lag. All other controls are not lagged. SE1-4 is
a dummy variable for each electricity price area. Standard errors in parentheses, clustered at firm level. Firm means of all time-varying
regressors included to create correlated random effects (CRE) (Papke-Wooldridge, 2008 ), for the models in which it is appropriate.
*p<0.10, *p <0.05, **p<0.01
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Table 8: Marginal effects - R&D-conditional sample - Fractional logit & logit models

()] (@) 3 “ (&) 6)
AMER&DL1I AMER&DL2 AMER&DL3 AMEECOLI AMEECOL2 AMEECOL3
Electricity price 0.0128%** 0.0175%#* 0.0079 0.0376 —0.0330 —0.1111
(0.0047) (0.0063) (0.0049) (0.0616) (0.0522) (0.0859)
Log number of employees 0.0016 0.0035 —0.0010 0.0636* 0.0531 0.0549
(0.0054) (0.0059) (0.0057) (0.0348) (0.0359) (0.0378)
Share of employees with post-secondary education 0.0116 0.0058 —0.0022 —0.0062 —0.0061 —0.0137
(0.0147) (0.0154) (0.0136) (0.0998) (0.0912) (0.0877)
Log capital inventories 0.0005 0.0009 0.0009 0.0117 0.0127 0.0082
(0.0009) (0.0008) (0.0009) (0.0105) (0.0109) (0.0114)
Electricity share of total energy cost 0.0161* 0.0181%* 0.0173 0.2194%* 0.2239%* 0.2032%*
(0.0094) (0.0104) (0.0112) (0.1058) (0.1105) (0.1134)
Company is a part of a concern 0.0078 0.0071 0.0121 —0.0444 —0.0512 —0.0679
(0.0202) (0.0257) (0.0270) (0.0709) (0.0671) (0.0832)
Log export —0.0036%** —0.0050%* —0.0047%* 0.0167 0.0179 0.0216
(0.0017) (0.0022) (0.0021) (0.0171) (0.0177) (0.0187)
Path dependency 0.0022 —0.0039 —0.0028 0.0021 0.0166 0.0068
(0.0052) (0.0057) (0.0061) (0.0780) (0.0930) (0.1056)
Grant dummy —0.0037 —0.0045 —0.0013 0.1737* 0.1619* 0.1593*
(0.0041) (0.0046) (0.0042) (0.0935) (0.0862) (0.0841)
EU ETS dummy 0.0026 0.0011 0.0022 0.2081%* 0.1953** 0.2164**
(0.0030) (0.0030) (0.0030) (0.0992) (0.0984) (0.1035)
Observations 1,631 1,424 1,359 633 617 600

NOTE: Estimated marginal effects from fractional logit regression and logit regressions. Average marginal effects (AME) are calculated. The dependent variable
is share of R&D expenditure of firm turnover (R&D), and if firms invest in energy- or CO2-reducing innovation (ECO) respectively . The electricity price which
is lagged for one, two and three years. L1 indicates a model with one year lag of electricity price, L2 a two year lag and L3 a three year lag. SE1-4 is a dummy
variable for each electricity price area. All other controls are not lagged. Standard errors in parentheses. *p<0.10, *p <0.05, **p<0.01

9.2.2 Internal vs external R&D

This section includes all results tables from the analysis analyzing if there is a difference between internal

and external R&D expenditure. Both coefficients and marginal tables are presented for all models.
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Table 9: Internal and external R&D — Fractional logit

1 @) (3) (C)) %) (6)
Int L1 Int L2 IntL3 ExtLl1 ExtL2 ExtL3
Electricity price, lag 1 0.55536%* 0.77680**
(0.23627) (0.32199)
Electricity price, lag 2 0.61029%%* 1.10366
(0.28370) (0.72413)
Electricity price, lag 3 0.34601 0.35251
(0.25375) (0.52157)
Log number of employees 0.28610 0.44890* 0.28908 —0.56952 —0.64961 —0.79543
(0.24097)  (0.26586)  (0.25646)  (0.80656)  (0.90750) (0.89355)
Share of employees with post-secondary education ~ 0.58237 0.43516 —0.26953 —0.37120 —0.43320 —0.33636
(0.80727)  (0.86531)  (0.71351)  (0.98993) (0.91987) (0.98072)
Log Capital Investments 0.03154 0.04457 0.04397 0.02649 0.02919 0.03922
(0.04590)  (0.04338)  (0.04384)  (0.09798) (0.09993) (0.10337)
Electricity share of total energy cost 0.85643**  (0.95749**  0.91191* 0.82802 0.68883 0.70289
(0.40088)  (0.48032)  (0.51007)  (1.21522) (1.29646) (1.39303)
Company is a part of a concern 0.54674 0.56383 0.68857 0.21277 0.27484 1.05908
(0.93582)  (1.25959)  (1.30603)  (1.00765) (1.16362) (1.12771)
Log Export —0.13508 —0.18787* —0.20245* —0.15910 —0.26925 —0.23491
(0.08506)  (0.11189)  (0.10654)  (0.25212)  (0.29166)  (0.26977)
Path dependency 0.31910 0.01511 0.14249 —0.31228 —0.63951 —0.66695
(0.21959)  (0.19874)  (0.21358)  (0.42794) (0.50549) (0.51065)
Policy dummy —0.36362* —0.35972  —0.19943 0.15646 0.01827 0.15899
(0.21693)  (0.23183)  (0.22361)  (0.36918)  (0.44838)  (0.40550)
EU ETS dummy 0.04032 0.01634 0.02407 —0.12221 —0.29863 —0.19788
(0.15793)  (0.14056)  (0.13804)  (0.34026) (0.34979) (0.33623)
CRE firm means included v v v v v v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 1,804 1,589 1,521 1,804 1,589 1,521
Log-likelihood —131.256  —114.876  —109.360  —56.365 —50.223  —48.742
Pseudo-R? 0.0611 0.0654 0.0666 0.0865 0.0905 0.0918
AIC 320.51 285.75 274.72 170.73 156.45 153.484
BIC 479.95 436.14 423.88 330.17 306.83 302.64

NOTE: Fractional logit results. This table displays the estimated coefficients. The dependent variable is share of R&D expenditure of firm

turnover, separated by internal R&D expenditure share and external R&D expenditure share of turnover, respectively. Int is internal R&D

expenditure and Ext is external R&D expenditure. The electricity price which is lagged for one, two and three years. L1 indicates a model

with one year lag of electricity price, L2 a two year lag and L3 a three year lag. All other controls are not lagged. SE1-4 is a dummy

variable for each electricity price area. Standard errors in parentheses, clustered at firm level. Firm means of all time-varying regressors
included to create correlated random effects (CRE) (Papke-Wooldridge, 2008 ) SEs clustered at firm level. CRE firm means included.

*p<0.10, **p <0.05, ** p<0.01
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Table 10: Marginal effects - Fractional logit - Internal and external R&D (CRE)

()] (@) 3 “ ® (©)
AMEIntLl AMEIntL2 AMEIntL3 AMEExtLl AMEExtL2 AMEExtL3

Electricity price, lag 1 0.00805%* 0.00422%%*

(0.00346) (0.00181)
Electricity price, lag 2 0.008827%* 0.00609

(0.00429) (0.00409)
Electricity price, lag 3 0.00497 0.00198
(0.00370) (0.00295)

Log number of employees 0.00415 0.00649* 0.00416 —0.00309 —0.00359 —0.00447

(0.00347) (0.00380) (0.00365) (0.00441) (0.00504) (0.00505)
Share of employees with post-secondary education 0.00845 0.00629 —0.00387 —0.00201 —0.00239 —0.00189

(0.01167) (0.01247) (0.01027) (0.00540) (0.00511) (0.00553)
Log capital inventories 0.00046 0.00064 0.00063 0.00014 0.00016 0.00022

(0.00067) (0.00063) (0.00063) (0.00053) (0.00055) (0.00058)
Electricity share of total energy cost 0.01242%* 0.01383* 0.01311* 0.00449 0.00380 0.00395

(0.00586) (0.00707) (0.00746) (0.00663) (0.00719) (0.00787)
Company is a part of a concern 0.00793 0.00815 0.00990 0.00115 0.00152 0.00595

(0.01363) (0.01828) (0.01888) (0.00546) (0.00642) (0.00632)
Log exports —0.00196 —0.00271  —0.00291* —0.00086 —0.00149 —0.00132

(0.00126) (0.00166) (0.00157) (0.00137) (0.00162) (0.00152)
Path dependency 0.00463 0.00022 0.00205 —0.00169 —0.00353 —0.00375

(0.00320) (0.00287) (0.00304) (0.00232) (0.00282) (0.00291)
Policy dummy —0.00527*  —0.00520 —0.00287 0.00085 0.00010 0.00089

(0.00314) (0.00335) (0.00320) (0.00201) (0.00248) (0.00229)
EU ETS dummy 0.00058 0.00024 0.00035 —0.00066 —0.00165 —0.00111

(0.00229) (0.00203) (0.00198) (0.00185) (0.00194) (0.00189)

Observations 1,804 1,589 1,521 1,804 1,589 1,521

NOTE: Estimated marginal effects from fractional logit regression, sepearated by internal and external R&D. Average marginal effects (AME)
are calculated. The dependent variable is share of R&D expenditure of firm turnover, split into internal R&D (Int) and external R&D (Ext). The
electricity price which is lagged for one, two and three years. L1 indicates a model with one year lag of electricity price, L2 a two year lag and
L3 a three year lag. SE1-4 is a dummy variable for each electricity price area. All other controls are not lagged. Standard errors in parentheses.
*p<0.10, *p <0.05, **p<0.01

53



9.2.3 Robustness and sensitivity tables

This section includes all results tables from the robustness tables in Section 6.2. Both coefficients and
marginal tables are presented for all models. Each table presents one time period in which the electricity
price is lagged, yielding six tables for the fractional logit model and the logit model, since the electricity

price is lagged for one, two, and three years.
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Table 11: Robustness and sensitivity tests: Energy- or CO,-reducing innovation, 1 year lag

M ) (3) C)) ) (0)
Log electricity Electricity EU ETS value Grant value EU ETS and LPM
price price/turnover Grant value
Log electricity price 1 year lag 0.658
(0.770)
Electricity price/turnover 1 year 7.764
lag
(22.136)
Electricity price 1 year lag 0.457 0.484 0.444 -0.006
(0.950) (0.948) (0.948) (0.085)
Log number of employees 1131 1.093* 1.053* 1.105% 1.038* -0.160
(0.575) (0.562) (0.583) (0.580) (0.582) (0.132)
Share of employees with -0.942 -0.764 -0.956 -0.905 -0.973 -0.087
post-secondary education
(1.625) (1.636) (1.630) (1.634) (1.633) (0.104)
Log capital inventories 0.173 0.153 0.174 0.167 0.176 0.004
(0.168) (0.168) (0.167) (0.167) (0.167) (0.012)
Share of electricity of total energy 2.543* 2.499 2.378 2.492 2.354 -0.153
usage
(1.508) (1.526) (1.505) (1.525) (1.507) (0.152)
Firm is a part of a group of 0.037 0.023 0.065 0.057 0.077 -0.066
companies (concern)
(1.209) (1.177) (1.200) (1.206) (1.203) (0.089)
Log exports 0.170 0.173 0.196 0.167 0.194 0.012
(0.223) (0.223) (0.225) (0.225) (0.227) (0.029)
Path dependency 0.180 0.217 0.224 0.176 0.190 -0.022
(1.080) (1.073) (1.092) (1.083) (1.098) (0.028)
Grant dummy 3.808** 3.819** 3.820** 0.079
(1.690) (1.669) (1.658) (0.053)
EU ETS dummy 3.427% 3.260* 3.371* 0.338
(1.732) (1.838) (1.750) (0.265)
Log grant value 0.258** 0.258**
(0.123) (0.120)
Log EU ETS shares received 0.219 0.217
(0.162) (0.162)
Random effects included v v v v v
Fixed effects included v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 724 724 724 724 724 670
Log-likelihood -267.586 -267.911 -269.046 -268.372 -269.578 139.849
AIC 607.17 607.82 610.09 608.74 611.16 -257.70
BIC 772.23 772.87 775.15 773.80 776.21 -208.12

NOTE: Logit and LPM estimation results. This table displays the estimated coefficients. The dependent variable is whether a firm invests in
energy- or CO,-reducing innovation. The electricity price is lagged by one year. All other controls are not lagged. Standard errors in parentheses,
clustered at the firm level.

*p<0.10, **p<0.05 “*p<0.01
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Table 12: Robustness and sensitivity tests: Total R&D expenditure, 1 year lag

(L 2 (3) C) (5) (6)
Log electricity Electricity EU ETS value Grant value EU ETS and LPM
price price/turnover Grant value
Log electricity price 1 year lag 0.573***
(0.180)
Electricity price/turnover 1 year 7.812*
lag
(4.055)
Electricity price 1 year lag 0.603*** 0.606*** 0.605%** 0.005
(0.228) (0.229) (0.229) (0.007)
Log number of employees 0.100 0.114 0.087 0.085 0.085 0.007
(0.274) (0.265) (0.271) (0.271) 0.271) (0.005)
Share of employees with -0.307 -0.298 -0.294 -0.284 -0.284 0.026
post-secondary education
(0.637) (0.657) (0.638) (0.637) (0.637) (0.016)
Log capital inventories 0.020 0.027 0.021 0.021 0.021 -0.001
(0.040) (0.043) (0.040) (0.040) (0.040) (0.001)
Share of electricity of total energy 0.698 0.678 0.718* 0.709 0.710 0.008
usage
(0.435) (0.428) (0.436) (0.437) (0.436) (0.010)
Firm is a part of a group of 0.309 0.395 0.333 0.331 0.337 -0.012
companies (concern)
(0.851) (0.916) (0.869) (0.869) (0.872) (0.012)
Log exports -0.128* -0.113 -0.121* -0.121* -0.120 -0.003**
(0.074) (0.069) (0.073) (0.073) (0.073) (0.001)
Path dependency -0.047 -0.034 -0.039 -0.036 -0.033 -0.005
(0.229) (0.233) (0.230) (0.230) (0.230) (0.006)
Grant dummy -0.088 -0.130 -0.082 -0.001
(0.176) (0.187) (0.179) (0.003)
EU ETS dummy -0.100 -0.077 -0.092 0.002
(0.187) (0.162) (0.180) (0.002)
Log grant value -0.006 -0.005
(0.012) (0.012)
Log EU ETS shares received -0.009 -0.010
(0.018) (0.019)
Random effects included v v v v v
Fixed effects included v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 1783 1783 1783 1783 1783 1664
Log-likelihood -162.634 -162.833 -162.709 -162.680 -162.714 3999.638
Pseudo R? 0.0877 0.0866 0.0873 0.0875 0.0873
AIC 457.27 457.67 455.42 455.36 455.43 -7975.28
BIC 819.35 819.75 812.01 811.95 812.02 -7910.27

NOTE: Fractional logit results and LPM results. This table displays the estimated coefficients. The dependent variable is the share of R&D
expenditure of firm turnover. The electricity price, which is lagged by three years. All other controls are not lagged. Standard errors in parentheses,
clustered at the firm level. Firm means of all time-varying regressors are included to create correlated random effects (CRE) (Papke-Wooldridge,
2008 ), for models (1) to (5).

*p <0.10, *p <0.05, **p <0.01
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Table 13: Robustness and sensitivity tests - Coefficients: Energy- or CO,-reducing innovation, 2 year lag

M ) (3) C)) ) (0)
Log electricity Electricity EU ETS value Grant value EU ETS and LPM
price price/turnover Grant value
Log electricity price 2 year lag -0.510
(0.673)
Electricity price/turnover 2 year 18.540
lag
(22.429)
Electricity price 2 year lag -0.872 -0.827 -0.872 -0.093
(0.854) (0.847) (0.852) (0.076)
Log number of employees 1.056* 1.071* 0.995 1.033* 0.982 -0.163
(0.603) (0.583) (0.609) (0.604) (0.608) (0.137)
Share of employees with -0.807 -0.786 -0.876 -0.836 -0.901 -0.099
post-secondary education
(1.624) (1.681) (1.618) (1.623) (1.620) (0.101)
Log capital inventories 0.180 0.165 0.186 0.180 0.187 0.005
(0.174) (0.173) (0.175) (0.174) (0.174) (0.013)
Share of electricity of total energy 2.746* 2.796* 2.658 2.738* 2.644 -0.156
usage
(1.628) (1.617) (1.626) (1.633) (1.626) (0.156)
Firm is a part of a group of -0.061 0.010 -0.091 -0.088 -0.081 -0.082
companies (concern)
(1.218) (1.222) (1.222) (1.220) (1.227) (0.090)
Log exports 0.162 0.194 0.188 0.167 0.189 0.015
(0.229) (0.227) (0.231) (0.230) (0.232) (0.030)
Path dependency 0.390 0.317 0413 0.372 0.399 -0.028
(1.268) (1.266) (1.281) (1.268) (1.279) (0.038)
Grant dummy 3.470** 3.551* 3.502** 0.079
(1.538) (1.535) (1.519) (0.053)
EU ETS dummy 3.137* 2.951 3.132% 0.347
(1.746) (1.822) (1.747) (0.268)
Log grant value 0.235** 0.238**
(0.110) (0.109)
Log EU ETS shares received 0.212 0.210
(0.162) (0.162)
Random effects included v v v v v
Fixed effects included v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 704 705 704 704 704 653
Log-likelihood -261.440 -261.748 -262.225 -261.726 -262.638 136.804
AIC 594.88 595.50 596.45 595.45 597.28 -251.61
BIC 758.92 759.59 760.49 759.50 761.32 -202.31

NOTE: Logit and LPM estimation results. This table displays the estimated coefficients. The dependent variable is whether a firm invests

in energy- or CO;-reducing innovation. The electricity price is lagged by two years. All other controls are not lagged. Standard errors in

parentheses, clustered at the firm level.
*p<0.10, **p<0.05 “*p<0.01
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Table 14: Robustness and sensitivity tests - Coefficients: Total R&D expenditure, 2 year lag

ey @3] (3) C)) ®) (6)
Log electricity Electricity EU ETS value Grant value EU ETS and LPM
price price/turnover Grant value
Log electricity price 2 year lag 0.440**
(0.210)
Electricity price/turnover 2 year 2.140
lag
(5.761)
Electricity price 2 year lag 0.595* 0.597* 0.597* 0.011
(0.320) (0.320) (0.321) (0.007)
Log number of employees 0.167 0.142 0.158 0.156 0.157 0.010*
(0.270) (0.262) (0.265) (0.265) (0.265) (0.005)
Share of employees with -0.394 -0.436 -0.416 -0.409 -0.412 0.028*
post-secondary education
(0.678) (0.693) (0.677) (0.677) (0.677) (0.015)
Log capital inventories 0.038 0.038 0.041 0.042 0.042 -0.000
(0.038) (0.039) (0.038) (0.038) (0.038) (0.001)
Share of electricity of total energy 0.784* 0.746 0.781* 0.773* 0.774* 0.007
usage
(0.462) (0.470) (0.462) (0.463) (0.463) (0.011)
Firm is a part of a group of 0.474 0.506 0.458 0.455 0.462 -0.018
companies (concern)
(1.122) (1.164) (1.114) (1.113) (1.118) (0.016)
Log exports -0.188** -0.165** -0.187** -0.187** -0.186** -0.004**
(0.078) (0.076) (0.078) (0.079) (0.078) (0.002)
Path dependency -0.367 -0.348 -0.359 -0.350 -0.351 -0.007
(0.255) (0.253) (0.253) (0.253) (0.252) (0.006)
Grant dummy -0.114 -0.161 -0.117 -0.001
(0.210) (0.216) (0.207) (0.003)
EU ETS dummy -0.130 -0.114 -0.125 0.001
(0.182) (0.163) (0.181) (0.002)
Log grant value -0.007 -0.006
(0.014) (0.014)
Log EU ETS shares received -0.014 -0.015
(0.020) (0.020)
CRE firm means included v v v v v
Fixed effects included v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 1584 1584 1584 1584 1584 1462
Log-likelihood -144.140 -144.202 -144.160 -144.141 -144.163 3535.035
Pseudo R? 0.0916 0.0912 0.0915 0.0916 0.0915
AIC 414.28 414.40 412.32 412.28 412.33 -7048.07
BIC 752.45 752.57 745.12 745.08 745.12 -6989.91

NOTE: Fractional logit results and LPM results. This table displays the estimated coefficients. The dependent variable is the share of R&D
expenditure of firm turnover. The electricity price, which is lagged by two years. All other controls are not lagged. Standard errors in parentheses,
clustered at the firm level. Firm means of all time-varying regressors are included to create correlated random effects (CRE) (Papke-Wooldridge,
2008 ), for models (1) to (5).

*p<0.10, " p <0.05 **p<0.01 58



Table 15: Robustness and sensitivity tests - Coefficients: Energy- or CO,-reducing innovation, 3 year lag

M ) (3) C)) ) (6)
Log electricity Electricity EU ETS value Grant value EU ETS and LPM
price price/turnover Grant value
Log electricity price 3 year lag -0.894
(0.798)
Electricity price/turnover 3 year -1.688
lag
(1.487)
Electricity price 3 year lag -1.727 -1.668 -1.727 -0.157
(1.272) (1.275) (1.274) (0.126)
Log number of employees 1.120* 1.148* 1.053 1.098* 1.040 -0.135
(0.637) (0.627) (0.647) (0.642) (0.647) (0.128)
Share of employees with -0.964 -1.061 -1.101 -1.038 -1.127 -0.129
post-secondary education
(1.636) (1.692) (1.603) (1.613) (1.606) (0.102)
Log capital inventories 0.119 0.127 0.124 0.119 0.126 0.005
(0.181) (0.179) (0.184) (0.183) (0.183) (0.013)
Share of electricity of total energy 2.511 2.680 2.408 2.499 2.395 -0.150
usage
(1.661) (1.642) (1.660) (1.676) (1.661) (0.158)
Firm is a part of a group of -0.244 -0.196 -0.220 -0.225 -0.212 -0.064
companies (concern)
(1.414) (1.292) (1.424) (1.420) (1.429) (0.096)
Log exports 0.194 0.195 0.228 0.205 0.229 0.015
(0.236) (0.235) (0.238) (0.237) (0.239) (0.030)
Path dependency 0.334 0.233 0.403 0.320 0.391 -0.018
(1.364) (1.353) (1.387) (1.368) (1.385) (0.037)
Grant dummy 3.524** 3.503** 3.558** 0.080
(1.571) (1.582) (1.539) (0.054)
EU ETS dummy 3.584* 3.828** 3.635% 0.353
(1.904) (1.894) (1.921) (0.264)
Log grant value 0.239** 0.242**
(0.113) (0.111)
Log EU ETS shares received 0.239 0.237
(0.173) (0.173)
Random effects included v v v v v
Fixed effects included v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 686 686 686 686 686 644
Log-likelihood -255.125 -255.733 -255.827 -255.117 -256.259 134.709
AIC 582.25 583.47 583.65 582.23 584.52 -247.42
BIC 745.36 746.58 746.76 745.35 747.63 -198.27

NOTE: Logit and LPM estimation results. This table displays the estimated coefficients. The dependent variable is whether a firm invests

in energy- or CO,-reducing innovation. The electricity price is lagged by three years. All other controls are not lagged. Standard errors in

parentheses, clustered at the firm level.
*p<0.10, **p<0.05 “*p<0.01
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Table 16: Robustness and sensitivity tests - Coefficients: Total R&D expenditure, 3 year lag

(L 2 (3) C) (5) (6)
Log electricity Electricity EU ETS value Grant value EU ETS and LPM
price price/turnover Grant value
Log electricity price 3 year lag 0.090
(0.177)
Electricity price/turnover 3 year 2.215
lag
(4.705)
Electricity price 3 year lag 0.147 0.147 0.146 -0.001
(0.191) (0.193) (0.192) (0.005)
Log number of employees -0.005 0.002 -0.013 -0.013 -0.013 0.009*
(0.258) (0.259) (0.255) (0.256) (0.255) (0.005)
Share of employees with -0.966* -1.016* -0.979* -0.968* -0.973* 0.014
post-secondary education
(0.552) (0.567) (0.549) (0.549) (0.549) (0.012)
Log capital inventories 0.035 0.035 0.036 0.036 0.036 -0.000
(0.041) (0.041) (0.041) (0.041) (0.041) (0.001)
Share of electricity of total energy 0.874* 0.889* 0.876* 0.866* 0.866* 0.008
usage
(0.495) (0.497) (0.495) (0.496) (0.496) (0.012)
Firm is a part of a group of 0.608 0.641 0.625 0.622 0.633 -0.003
companies (concern)
(1.108) (1.090) (1.111) (1.109) (1.115) (0.007)
Log exports -0.183** -0.181** -0.182** -0.182** -0.181** -0.005***
(0.074) (0.072) (0.074) (0.074) (0.074) (0.002)
Path dependency -0.309 -0.306 -0.310 -0.304 -0.304 -0.007
(0.269) (0.267) (0.267) (0.267) (0.266) (0.006)
Grant dummy -0.046 -0.042 -0.041 0.000
(0.197) (0.199) (0.197) (0.002)
EU ETS dummy -0.094 -0.103 -0.101 0.001
(0.179) (0.177) (0.180) (0.001)
Log grant value -0.002 -0.002
(0.013) (0.013)
Log EU ETS shares received -0.012 -0.013
(0.020) (0.020)
CRE firm means included v v v v v
Fixed effects included v
Year dummies included v v v v v v
Industry dummies included v v v v v v
Observations 1517 1517 1517 1517 1517 1404
Log-likelihood -138.002 -137.936 -138.011 -137.997 -138.015 3417.010
Pseudo R? 0.0925 0.0930 0.0925 0.0926 0.0924
AIC 402.00 401.87 400.02 399.99 400.03 -6812.02
BIC 737.45 737.32 730.14 730.11 730.15 -6754.30

NOTE: Fractional logit results and LPM results. This table displays the estimated coefficients. The dependent variable is the share of R&D
expenditure of firm turnover. The electricity price, which is lagged by three years. All other controls are not lagged. Standard errors in parentheses,
clustered at the firm level. Firm means of all time-varying regressors are included to create correlated random effects (CRE) (Papke-Wooldridge,
2008 ), for models (1) to (5).

*p <0.10, *p <0.05, **p <0.01
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Table 17: Robustness and sensitivity tests - Marginal effects: Energy- or CO,-reducing innovation, 1 year

lag
) 6) 3) @) )
Log electricity Electricity EU ETS value Grant value EU ETS and Grant
price price/turnover value
Log electricity price 1 year lag 0.040
(0.048)
Electricity price/turnover 1 year 0.471
lag
(1.343)
Electricity price 1 year lag 0.028 0.029 0.027
(0.058) (0.058) (0.058)
Log number of employees 0.069** 0.066** 0.064* 0.067** 0.063*
(0.033) (0.031) (0.033) (0.033) (0.034)
Share of employees with -0.058 -0.046 -0.058 -0.055 -0.059
post-secondary education
(0.100) (0.099) (0.100) (0.100) (0.100)
Log capital inventories 0.011 0.009 0.011 0.010 0.011
(0.010) (0.010) (0.010) (0.010) (0.010)
Share of electricity of total energy 0.156* 0.152 0.145 0.152 0.144
usage
(0.093) (0.093) (0.092) (0.093) (0.092)
Firm is a part of a group of 0.002 0.001 0.004 0.003 0.005
companies (concern)
(0.074) (0.071) (0.073) (0.073) (0.073)
Log exports 0.010 0.010 0.012 0.010 0.012
(0.014) (0.014) (0.014) (0.014) (0.014)
Path dependency 0.011 0.013 0.014 0.011 0.012
(0.066) (0.065) (0.067) (0.066) (0.067)
Grant dummy 0.233** 0.232** 0.233**
(0.103) (0.099) (0.101)
EU ETS dummy 0.210** 0.198* 0.205**
(0.100) (0.105) (0.101)
Log grant value 0.016** 0.016**
(0.007) (0.007)
Log EU ETS shares received 0.013 0.013
(0.010) (0.010)
Observations 724 724 724 724 724

NOTE: Estimated marginal effects from logit regressions, conducted as robustness and sensitivity tests. Average marginal effects (AME) are
calculated. The dependent variable is if a firm invests in energy- or CO,-reducing innovation, and the electricity price is lagged by one year.
All other controls are not lagged. Clustered standard errors at firm level in parentheses.

*p <0.10, *p <0.05, ***p<0.01

61



Table 18: Robustness and sensitivity tests - Marginal effects: Total R&D expenditure, 1 year lag

) @ 3) @) 3)
Log electricity Electricity EU ETS value Grant value EU ETS and Grant
price price/turnover value
Log electricity price 1 year lag 0.011%**
(0.004)
Electricity price/turnover 1 year 0.153*
lag
(0.080)
Electricity price 1 year lag 0.012*** 0.012*** 0.012***
(0.005) (0.005) (0.005)
Log number of employees 0.002 0.002 0.002 0.002 0.002
(0.005) (0.005) (0.005) (0.005) (0.005)
Share of employees with -0.006 -0.006 -0.006 -0.006 -0.006
post-secondary education
(0.013) (0.013) (0.013) (0.013) (0.013)
Log capital inventories 0.000 0.001 0.000 0.000 0.000
(0.001) (0.001) (0.001) (0.001) (0.001)
Share of electricity of total energy 0.014 0.013 0.014 0.014 0.014
usage
(0.009) (0.008) (0.009) (0.009) (0.009)
Firm is a part of a group of 0.006 0.008 0.007 0.006 0.007
companies (concern)
(0.017) (0.018) (0.017) (0.017) (0.017)
Log exports -0.003* -0.002* -0.002* -0.002* -0.002*
(0.001) (0.001) (0.001) (0.001) (0.001)
Path dependency -0.001 -0.001 -0.001 -0.001 -0.001
(0.005) (0.005) (0.005) (0.005) (0.005)
Grant dummy -0.002 -0.003 -0.002
(0.003) (0.004) (0.004)
EU ETS dummy -0.002 -0.002 -0.002
(0.004) (0.003) (0.004)
Log grant value -0.000 -0.000
(0.000) (0.000)
Log EU ETS shares received -0.000 -0.000
(0.000) (0.000)
Observations 1783 1783 1783 1783 1783

NOTE: Estimated marginal effects from fractional logit regressions, conducted as robustness and sensitivity tests. Average marginal effects
(AME) are calculated. The dependent variable is the share of R&D expenditure in firm turnover, and the electricity price is lagged by one year.
All other controls are not lagged. Clustered standard errors at firm level in parentheses.

*p<0.10, ¥ p <0.05, **p<0.01
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Table 19: Robustness and sensitivity tests - Marginal effects: Energy- or CO,-reducing innovation, 2 year

lag
) 6) 3) @) )
Log electricity Electricity EU ETS value Grant value EU ETS and Grant
price price/turnover value
Log electricity price 2 year lag -0.031
(0.040)
Electricity price/turnover 2 year 1.125
lag
(1.343)
Electricity price 2 year lag -0.052 -0.050 -0.052
(0.050) (0.050) (0.050)
Log number of employees 0.063* 0.065** 0.059* 0.062* 0.059*
(0.034) (0.033) (0.034) (0.034) (0.035)
Share of employees with -0.048 -0.048 -0.052 -0.050 -0.054
post-secondary education
(0.097) (0.102) (0.097) (0.097) (0.097)
Log capital inventories 0.011 0.010 0.011 0.011 0.011
(0.011) (0.011) (0.011) (0.011) (0.011)
Share of electricity of total energy 0.165* 0.170* 0.159 0.164* 0.158
usage
(0.098) (0.098) (0.097) (0.098) (0.097)
Firm is a part of a group of -0.004 0.001 -0.005 -0.005 -0.005
companies (concern)
(0.073) (0.074) (0.073) (0.073) (0.073)
Log exports 0.010 0.012 0.011 0.010 0.011
(0.014) (0.014) (0.014) (0.014) (0.014)
Path dependency 0.023 0.019 0.025 0.022 0.024
(0.076) (0.077) (0.077) (0.076) (0.077)
Grant dummy 0.208** 0.215** 0.209**
(0.093) (0.093) (0.092)
EU ETS dummy 0.188* 0.179* 0.188*
(0.099) (0.106) (0.100)
Log grant value 0.014** 0.014**
(0.007) (0.007)
Log EU ETS shares received 0.013 0.013
(0.009) (0.009)
Observations 704 705 704 704 704

NOTE: Estimated marginal effects from logit regressions, conducted as robustness and sensitivity tests. Average marginal effects (AME) are
calculated. The dependent variable is whether a firm invests in energy- or CO,-reducing innovation, and the electricity price is lagged by two
years. All other controls are not lagged. Clustered standard errors at firm level in parentheses.

*p <0.10, *p <0.05, ***p<0.01
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Table 20: Robustness and sensitivity tests - Marginal effects: Total R&D expenditure, 2 year lag

) @ 3) @) 3)
Log electricity Electricity EU ETS value Grant value EU ETS and Grant
price price/turnover value
Log electricity price 2 year lag 0.009**
(0.004)
Electricity price/turnover 2 year 0.042
lag
(0.113)
Electricity price 2 year lag 0.012* 0.012* 0.012*
(0.006) (0.006) (0.006)
Log number of employees 0.003 0.003 0.003 0.003 0.003
(0.005) (0.005) (0.005) (0.005) (0.005)
Share of employees with -0.008 -0.009 -0.008 -0.008 -0.008
post-secondary education
(0.013) (0.014) (0.013) (0.013) (0.013)
Log capital inventories 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001)
Share of electricity of total energy 0.015* 0.015 0.015* 0.015* 0.015*
usage
(0.009) (0.009) (0.009) (0.009) (0.009)
Firm is a part of a group of 0.009 0.010 0.009 0.009 0.009
companies (concern)
(0.022) (0.023) (0.022) (0.022) (0.022)
Log exports -0.004** -0.003** -0.004** -0.004** -0.004**
(0.002) (0.001) (0.002) (0.002) (0.002)
Path dependency -0.007 -0.007 -0.007 -0.007 -0.007
(0.005) (0.005) (0.005) (0.005) (0.005)
Grant dummy -0.002 -0.003 -0.002
(0.004) (0.004) (0.004)
EU ETS dummy -0.003 -0.002 -0.002
(0.004) (0.003) (0.004)
Log grant value -0.000 -0.000
(0.000) (0.000)
Log EU ETS shares received -0.000 -0.000
(0.000) (0.000)
Observations 1584 1584 1584 1584 1584

NOTE: Estimated marginal effects from fractional logit regressions, conducted as robustness and sensitivity tests. Average marginal effects
(AME) are calculated. The dependent variable is the share of R&D expenditure in firm turnover, and the electricity price is lagged by two years.
All other controls are not lagged. Clustered standard errors at firm level in parentheses.

*p<0.10, ¥ p <0.05, **p<0.01
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Table 21: Robustness and sensitivity tests - Marginal effects: Energy- or CO,-reducing innovation, 3 year

lag
) 6) 3) @) )
Log electricity Electricity EU ETS value Grant value EU ETS and Grant
price price/turnover value
Log electricity price 3 year lag -0.053
(0.047)
Electricity price/turnover 3 year -0.103
lag
(0.091)
Electricity price 3 year lag -0.102 -0.099 -0.103
(0.074) (0.074) (0.074)
Log number of employees 0.067* 0.070* 0.062* 0.065* 0.062*
(0.036) (0.036) (0.037) (0.036) (0.037)
Share of employees with -0.058 -0.065 -0.065 -0.062 -0.067
post-secondary education
(0.098) (0.103) (0.096) (0.096) (0.096)
Log capital inventories 0.007 0.008 0.007 0.007 0.007
(0.011) (0.011) (0.011) (0.011) (0.011)
Share of electricity of total energy 0.150 0.163 0.143 0.148 0.142
usage
(0.099) (0.100) (0.098) (0.100) (0.099)
Firm is a part of a group of -0.015 -0.012 -0.013 -0.013 -0.013
companies (concern)
(0.084) (0.079) (0.084) (0.084) (0.085)
Log exports 0.012 0.012 0.014 0.012 0.014
(0.014) (0.014) (0.014) (0.014) (0.014)
Path dependency 0.020 0.014 0.024 0.019 0.023
(0.082) (0.082) (0.082) (0.081) (0.082)
Grant dummy 0.211** 0.213** 0.211**
(0.095) (0.097) (0.093)
EU ETS dummy 0.214** 0.233** 0.215**
(0.107) (0.108) (0.107)
Log grant value 0.014** 0.014**
(0.007) (0.007)
Log EU ETS shares received 0.014 0.014
(0.010) (0.010)
Observations 686 686 686 686 686

NOTE: Estimated marginal effects from logit regressions, conducted as robustness and sensitivity tests. Average marginal effects (AME) are
calculated. The dependent variable is whether a firm invests in energy- or CO,-reducing innovation, and the electricity price is lagged by three
years. All other controls are not lagged. Clustered standard errors at firm level in parentheses.

*p <0.10, *p <0.05, ***p<0.01
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Table 22: Robustness and sensitivity tests - Marginal effects: Total R&D expenditure, 3-year lag

) @ 3) @) 3)
Log electricity Electricity EU ETS value Grant value EU ETS and Grant
price price/turnover value
Log electricity price 3 year lag 0.002
(0.003)
Electricity price/turnover 3 year 0.044
lag
(0.093)
Electricity price 3 year lag 0.003 0.003 0.003
(0.004) (0.004) (0.004)
Log number of employees -0.000 0.000 -0.000 -0.000 -0.000
(0.005) (0.005) (0.005) (0.005) (0.005)
Share of employees with -0.019* -0.020* -0.019* -0.019* -0.019*
post-secondary education
(0.011) (0.011) (0.011) (0.011) (0.011)
Log capital inventories 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001)
Share of electricity of total energy 0.017* 0.017* 0.017* 0.017* 0.017*
usage
(0.010) (0.010) (0.010) (0.010) (0.010)
Firm is a part of a group of 0.012 0.013 0.012 0.012 0.012
companies (concern)
(0.022) (0.022) (0.022) (0.022) (0.022)
Log exports -0.004** -0.004** -0.004** -0.004** -0.004**
(0.001) (0.001) (0.001) (0.001) (0.001)
Path dependency -0.006 -0.006 -0.006 -0.006 -0.006
(0.005) (0.005) (0.005) (0.005) (0.005)
Grant dummy -0.001 -0.001 -0.001
(0.004) (0.004) (0.004)
EU ETS dummy -0.002 -0.002 -0.002
(0.004) (0.003) (0.004)
Log grant value -0.000 -0.000
(0.000) (0.000)
Log EU ETS shares received -0.000 -0.000
(0.000) (0.000)
Observations 1517 1517 1517 1517 1517

NOTE: Estimated marginal effects from fractional logit regressions, conducted as robustness and sensitivity tests. Average marginal effects
(AME) are calculated. The dependent variable is the share of R&D expenditure in firm turnover, and the electricity price is lagged by three
years. All other controls are not lagged. Clustered standard errors at firm level in parentheses.

*p<0.10, ¥ p <0.05, **p<0.01
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9.3 Geographical sorting procedure: Electricity price areas

As electricity price areas in Sweden are established to relieve bottlenecks, some municipalities are located
in two of them. The data used in this paper is not linked to an electricity price area; instead, the firm’s
municipality and region are stated. The majority of municipalities in Sweden are only located in one
electricity price area, and those were sorted into the respective electricity price area using the interactive
map from Nitomraden.se (2026) and the list of municipality codes (Statistics Sweden, 2026h). For the
municipalities located in two separate electricity price areas, the price area where a majority of the
municipality is located is used as the electricity price area for the entire municipality. A more detailed
placement of the firms, where applicable, is not possible because the specific locations are not available.
To determine which electricity price area the municipalities would split between, a majority rule was
conducted. The electricity price area in which the majority of the municipality is located was chosen as

the municipality’s electricity price.

9.4 Mundlak test procedure

A Mundlak’s test better assesses whether to use random, fixed, or correlated random effects than a
Hausman test when heteroskedasticity is present (Baltagi, 2006). Since heteroskedasticity is present in
this data set, a Mundlak test is used to determine whether RE, FE, or CRE should be used for both models
in this thesis. The method used in this thesis to conduct Mundlak’s test is based on Pinzon (2015). Pinzon
(2015) describes the test as simply running the proposed regression model with panel-level averages
of all time-varying covariates included in the model. After the test is run, another test is conducted
to determine whether the panel-level means are jointly zero. If we reject the null hypothesis that the
coefficients are jointly zero, then the test suggests that fixed-effects assumptions are present and that
fixed effects or correlated random effects should be used. If the null is not rejected, random effects are
appropriate (Pinzon, 2015). Here, a separate Mundlak test is run for the logit regression and the fractional
logit regression, respectively.

9.5 Al-usage

This thesis was mainly written without the use of AI. However, Al was used to improve language after the
text was already written. Sometimes, an unstructured or unclear sentence was improved with Al, mainly
Claude. Mostly, Al would suggest a sentence which would then also be changed. Furthermore, Grammarly
was used to correct grammatical errors and provide suggestions on sentence structure. Additionally, Al
was used to convert the tables generated in Stata (and manually improved in Word, without the use of
Al) from a .docx file to a .tex file, as I wrote this thesis in LaTex; here, I specified in my prompt that I
did not want Al to change anything besides the conversion. I was also not able to directly output .tex
files from the remote computer I used to access changes; beyond the file format, the changes were made
without Al, except for the landscape tables in Section 4.4, which Al helped convert to landscape tables.
Furthermore, Al was used to fix the Stata code for Figure 6, since it would not look good no matter how
much I tried. I also used Al for minor debugging of some code in the beginning, to find where I had
placed commas wrong and such. To fix LaTeX issues, such as recompilation errors (missing parentheses
and such), the Overleaf Al was used. Lastly, I also used Al to turn my bibliography into a LaTeX format
(such as adding etc). I used Zotero to organize my sources, and used the direct output (Uppsala University

Harvard edition) to get a bibliography to paste into my thesis. To get correct cursives and so on I used Al,
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to make the process faster. However, all of the creation and storing of the sources was managed through

Zotero, Al only added where the cursive, url and so on should be for LaTeX output.
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10 Revision report

Since the submission of the seminar version of this thesis on 11/5-2026, parts of the thesis have been
added and revised. I have added keywords and edited the abstract to match the new analyses added.
The conclusion has been extended to add to the discussion of why I believe my results occur and to
address the identification strategy. Furthermore, I have edited my tables. I have added clarifying notes
below each table, added check marks to indicate, for example, fixed effects. I have also produced new
tables as I have added robustness tests, including checks for numerical policy variables and an LPM
model. Furthermore, I have reframed some of my robustness tests as heterogeneity analyses (as that was
more fitting). Furthermore, I have extended the discussion of why CREs are included (to emulate fixed
effects), and why dummies for year, industry and electricity price area are included. I have also added
some clarification about dynamic panel bias. I have also clarified the scaling of the effect and added
more economic interpretations of the effect. I have also edited some figures (7 and 8) as the axis was
in the wrong scale before. I have also changed the title for section 2.4. I have also discussed the causal
identification strategy more explicitly in the thesis, especially in sections 4.5, 5.1.1, and 5.1.2. Figure 2
has also been changed to better normalize the graph. Some minor fixes include structuring the appendix
better and cleaning up the list of references, making sure that the list is correct. Furthermore, I have
deepened the discussion of endogeneity throughout the thesis. The conclusion have also been extended.
I have also focused on improving clarity and language throughout the thesis, including both removing
sentences and adding some. I have also added descriptions of the Mundlak test in the Appendix. Lastly, I

have also written this revision report.
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