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Introduction
Energy policy in the United States stands at a crossroads. Although U.S. greenhouse gas emissions have 
declined substantially since their peak in 2005, much of this decrease represents a market-driven shift from 
coal to inexpensive shale natural gas.1 Some evidence suggests that emissions reductions have stalled in 
recent years.2 Globally, it is increasingly clear that the goal of limiting warming to 1.5°C, as set out in the 2015 
Paris Agreement, is unlikely to be met.3 

At the same time, energy affordability, especially rising retail electricity prices, has become a politically 
charged issue in the United States. Policymakers from both parties frequently attribute higher prices to 
each other’s preferred energy sources or policy approaches.4 In reality, the drivers of rising energy costs are 
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complex, but growing electrification, the rapid expansion of data centers and AI, and substantial investment 
needs in electricity infrastructure all suggest additional upward pressure on electricity prices in the years 
ahead.5

In this context, it is critical to assess the policy 
mechanisms available that could reduce energy 
costs and lower emissions. Climate policies that 
directly or indirectly raise energy prices, such as 
carbon taxes or stringent regulatory standards, 
face political resistance and undermine efforts 
to improve energy affordability. Other policies, 
such as tax credits for mature technologies, can 
carry high fiscal and per-ton abatement costs.6 
By contrast, policies that promote technological 
innovation may offer a pathway to reducing 
emissions while helping to rein in long-run 
energy costs.

One such approach is public investment in 
energy research and development (R&D). By 
accelerating innovation, public R&D spending 
can reduce the costs of cleaner technologies, 
facilitate their integration into existing energy 
systems, and ultimately enable a cleaner, more 
affordable energy system. This paper evaluates the effectiveness of government R&D spending in stimulating 
clean energy innovation, as measured through patent activity, and its relationship to aggregate greenhouse 
gas emissions. 

To do so, we analyze data from the International Energy Agency (IEA) on public spending on energy R&D 
across 23 countries from 2001 to 2020, covering a wide range of technologies, including renewable energy, 
nuclear fission and fusion, hydrogen and fuel cells, energy efficiency, and energy storage. We evaluate the 
relationship between this spending and IEA data on clean energy patents by country and, after controlling 
for macroeconomic and environmental policy variables, find that a 10 percent increase in public clean energy 
R&D is associated with a 0.8 to 1.2 percent increase in clean energy patents, after a five-year lag.

Importantly, this effect depends on the broader policy environment. When interacting R&D spending with 
an index of market-based environmental policies, such as carbon taxes, cap-and-trade systems, and other 
pollution pricing instruments, we find that stronger market-based policy environments amplify the impact of 
public R&D on innovation. In contrast, no similar effect is observed when interacting R&D with non-market-
based policies, which include technology standards and mandated pollution limits.

We also evaluate the relationship between aggregate emissions and clean energy patenting, but do not find 
a robust effect. This absence of a consistent, measurable relationship likely reflects data limitations and 
confounding factors that obscure the short- to medium-term, emissions impacts of clean energy innovation, 
rather than evidence that it has no effect on emissions. 

For policymakers, the key 
takeaway is that while 
estimating the effects of 
emissions is difficult, the 
evidence supports the role of 
public R&D in driving 
clean-energy innovation.
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Overall, these results are consistent with existing research. There is a clear, consistent link between public 
R&D and clean energy innovation. Findings on the relationship between innovation and emissions are more 
mixed. For policymakers, the key takeaway is that while estimating the effects of emissions is difficult, the 
evidence supports the role of public R&D in driving clean-energy innovation. Given the knowledge spillovers 
from R&D, well-targeted government support can generate substantial social benefits.

Background

Government spending on energy R&D peaked in the late 1970s and early 1980s, when energy crises prompted 
Western governments to explore alternative energy sources.7 As these energy crises faded, funding declined 
sharply, reaching a low point in the 1990s. Since then, public R&D spending, both globally and in the United 
States, has gradually increased as mitigating the risks of climate change has become a dominant driver of the 
development of non-fossil-fuel energy technologies. Globally, clean energy R&D, or spending on renewable 
energy, nuclear fission and fusion, hydrogen and fuel cells, energy efficiency, and other power and storage 
technologies, reached a new peak, in real terms, in 2024.8 In the United States, aside from a temporary 
surge created by the American Recovery and Reinvestment Act of 2009, federal clean-energy R&D in 2023 
reached its highest level since the early 1980s. However, it remains well below the peaks of the 1970s, in both 
absolute terms and as a percentage of GDP.9 

Public Investment in Low-Carbon Innovation Peaked in 2024
Figure 1.

Total IEA member government spending on low-carbon energy R&D, 1974–2024 (2024 USD, PPP)

Source: IEA.
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In several areas, public support for clean energy R&D has played a clear role in making clean technologies 
cost competitive. Wind turbines, solar photovoltaics, and lithium-ion batteries have all experienced 
substantial cost declines over the past few decades, and economic research identifies public R&D support 
as an important contributor to these improvements and to the growing consumption of renewable energy.10 
Similarly, the U.S. shale gas revolution built on decades of public R&D that spurred innovation in advanced 
drilling and subsurface technologies, expanding  the technical feasibility of shale extraction.11 The subsequent 
surge in natural gas production has been a leading factor in decarbonizing the U.S. energy sector, and some 
evidence suggests it may have accelerated a transition to renewable energy sources.12

Critically, energy is an input for nearly all economic activity; therefore, clean energy is not the end-all be-all. 
Public support for its development is worthwhile only to the extent that it increases energy affordability, 
cost-effectively reduces pollution, or both. While heterogeneous customers may be willing to pay a premium 
for specific energy when available, broader willingness to pay for emissions reductions remains low. Energy 
innovation can accomplish both. 

THE PROSPECTIVE BENEFITS OF CLEAN ENERGY

Energy technologies, resources, and energy policy have become highly politicized. Yet technologies such as 
wind and solar power, energy storage, hydrogen fuel cells, and nuclear power can offer dual benefits: improving 
long-term energy affordability and reducing greenhouse gas emissions. Because large-scale deployment of 
clean energy is relatively recent, direct empirical evaluation remains difficult. But early evidence suggests 
positive outcomes for both emissions and energy affordability. 

Cost and Affordability Effects

The cost implications of clean energy technologies are difficult to disentangle. Though renewable energy 
sources and electric vehicles (EVs) have lower marginal operating costs, their high initial capital costs and 
system integration requirements can lead to additional expenses. This means that, when total lifetime and 
broader economy-wide costs (including subsidies) are considered, clean technologies may not be cost-
competitive with fossil-fuel technologies. 

EVs, for example, have higher upfront costs than ICE vehicles and  may require charging infrastructure 
for first-time buyers. Their overall cost effectiveness for a private consumer depends on regional factors, 
including gasoline and electricity prices.13 EVs’ high initial cost has motivated federal and state governments 
to provide subsidies designed to make them cost-competitive with ICE vehicles as a tool to limit emissions. 
However, even setting aside questions about the true value of limiting emissions, the effectiveness of such 
subsidies depends critically on their design and local conditions, and existing evidence suggests that, at 
current and recent historical levels in the United States, EV subsidies have been costly and inefficient relative 
to their projected benefits.14

 Continued technological progress for battery range and charting stations may reduce EV costs independently 
of climate-motivated subsidies, and a recent National Academies report projects that battery EVs could 
reach cost parity with gasoline vehicles by the end of this decade, based on declining battery costs, before 
accounting for purchase subsidies.15
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Meanwhile, integrating variable renewable energy into existing power systems imposes system-wide costs 
that can offset their low operational expenses. Wind and solar frequently necessitate transmission expansion 
and backup capacity, requiring additional resources to ensure grid reliability and creating additional costs.16 
Additional R&D, especially in grid integration technologies and storage, will likely help reduce these costs 
and enable renewables to reach their full cost-saving potential.

Even with these challenges, the available evidence does find that renewable energy has been associated with 
modest reductions in wholesale electricity costs. Electricity systems operate through “merit-order dispatch,” 
in which the marginal cost of the last generator needed to meet demand sets the market price.17 Because 
wind and solar have near-zero marginal costs, they tend to lower wholesale prices when available. 

Empirical studies confirm that renewable penetration has exerted downward pressure on wholesale prices, 
though these savings are small relative to the influence of other factors, such as natural gas price fluctuations 
in the United States.18 Most renewable energy has been built in places with government support, such as 
production and investment tax credits in the United States, and the empirical evidence therefore reflects 
outcomes observed when renewable generation benefits from such subsidies. As a result, a full assessment 
of the overall cost benefits of renewable energy depends on both the extent to which renewables lower 
wholesale electricity prices and the economics of the public support used to deploy them. The available 
evidence focuses narrowly on electricity market outcomes, but it does illustrate how renewable generation 
can put downward pressure on wholesale prices once it is built and operating. Retail price structures and 
regulatory frameworks may further limit the extent to which these wholesale savings are ultimately passed 
on to consumers.

Taken together, the experiences of EVs and renewable electricity suggest that, although their cost 
competitiveness still depends on broader market conditions and system-level considerations, substantial 
progress has been made in reducing their costs to the point that they are increasingly viable, mainstream 
options. 

Emissions Effects

The emissions benefits of zero and low-emissions energy technologies are theoretically straightforward but 
are practically nuanced. Increased renewable electricity generation should reduce fossil-fuel use and thus 
emissions. In practice, the variability and intermittency of wind and solar require backup generation, often 
from fossil-fuel plants. This can force fossil-fuel plants to operate inefficiently or require rapid ramping from 
higher-emitting units, partially offsetting emissions reductions.19

Similarly, the emissions effects of electric vehicles (EVs) depend on lifecycle considerations, including 
emissions from vehicle and battery manufacturing, as well as the carbon intensity of the electricity used for 
charging.20 Energy-efficiency improvements, such as increasing fuel efficiency for cars or appliances that use 
less electricity, may also create rebound effects, where reduced operating costs lead to increased energy 
use.21

Nevertheless, academic research generally finds that zero-emissions energy technologies reduce emissions 
overall. Renewable electricity consumption reduces both total CO2 emissions and grid carbon intensity.22 
Battery EVs generate net emissions reductions relative to internal combustion engine (ICE) vehicles after 
roughly two years of use.23 And research on energy efficiency finds that, even after accounting for the rebound 
effects, efficiency improvements reduce emissions.24
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Taken together, the evidence on emissions and costs suggests that clean energy technologies may deliver 
both environmental benefits and, in some settings,  improve energy affordability. The extent of these benefits 
likely depends on continued cost reductions and technological progress, potentially motivating continued 
government support for early-stage energy R&D.

THE ECONOMIC BENEFITS OF PUBLIC R&D SUPPORT

Historically, government support for clean energy technologies has often taken the form of direct deployment 
policies, such as tax credits, mandates, and other subsidies aimed at accelerating the adoption of relatively 
mature technologies. These policies are typically justified by their expected climate and environmental 
benefits, but they rely on contested economic assumptions and face political resistance, particularly among 
those skeptical of climate policy or concerned with the fiscal costs of large subsidies.25 Importantly, however, 
these direct subsidies and forms of government support are distinct from policies that support R&D. Public 
investment in R&D targets an earlier stage of 
the innovation process and is motivated by 
a well-established economic rationale. As a 
result, public R&D support has an economic 
justification independent of any perceived 
climate or environmental benefits and has the 
potential to deliver more tangible outcomes, 
including long-run improvements in affordability 
and greater energy security. Hedging climate-
related risks is an additional, but secondary, 
benefit of policies designed to spur clean energy 
innovation.

Government funding for R&D has long been 
recognized as a powerful tool for addressing 
a fundamental market failure. In his seminal 
1962 paper, economist Kenneth Arrow argued 
that knowledge exhibits the characteristics of a 
public good and that, because firms cannot fully 
appropriate the benefits of the knowledge they 
generate, competitive markets will underinvest 
in R&D relative to the socially optimal level.26 
This is especially true when innovation is costly, 
risky, and easily imitated.

The policy implication of Arrow’s insight is that governments can improve economic efficiency by publicly 
financing R&D. Public funding, especially for basic and pre-commercial scientific research, helps overcome 
risk, reduce the cost of early-stage invention, and support innovative activities that private firms would 
underprovide. The resulting discoveries diffuse throughout the economy, generating substantial positive 
spillovers. Well-designed R&D programs have consistently been shown to create sizable social returns by 
stimulating innovation, boosting productivity, and driving long-term economic growth.27

Well-designed R&D programs 

have consistently been shown 

to create sizable social returns 

by stimulating innovation, 

boosting productivity, and 

driving long-term economic 

growth.
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R&D subsidies do have risks. Public funding may crowd out, rather 
than complement, private investment, and government R&D spending 
can be steered toward politically attractive projects rather than those 
with the highest potential social value.28 These concerns are especially 
relevant for technologies closer to commercial deployment. There 
is a compelling rationale for targeted programs to help early-stage 
technologies cross the “valley of death” between initial research 
and commercial deployment, a phase in which private financing 
is sometimes scarce and unwilling to take bets on first-of-a-kind 
technologies. Consequently, many promising innovations fail. However, 
excessive political influence can lead to misallocation of resources and 
pork-barrel spending; one infamous example in clean energy is the 
failure of solar firm Solyndra in 2011 after receiving substantial stimulus 
funding.29 Members of Congress will procure taxpayer funding for 
projects in their respective districts  regardless of the economic merit 
because the political rates of return can be higher. Therefore, the design 
and targeting of R&D programs are important factors in their success.30

Energy innovation potentially presents an even stronger case for 
government intervention.31 In addition to the knowledge and economic 
spillovers, the risks of pollution and climate change create an additional 
market failure as firms do not face the full social costs of their emissions. 
The combination of these two externalities suggests that private 
firms will underinvest in clean technologies even more significantly 
than firms in other domains.32 Economic theories of technological 
path dependence and directed technological change reinforce this 
concern. As fossil-fuel technologies continue to mature they become 
increasingly entrenched. Work by Nobel laureates Daron Acemoglu 
and Philippe Aghion and their coauthors shows that firms will tend to 
invest in incremental improvements in fossil-fuel technologies rather 
than riskier breakthroughs in clean energy alternatives.33 This supports 
a need for strong ,sustained policies to support research into clean 
technology.  

Empirical research confirms these theoretical insights by demonstrating 
that clean energy research creates substantial knowledge spillovers. 
A study using patent citation data, for example, documents that 
innovations in renewable energy technologies, especially solar and 
energy storage, produce significant knowledge flows not only within 
their own technological domains, but also to other energy technologies 
and into sectors outside of power generation.34 A separate comparison 
of “clean” and “dirty” technologies shows that clean patents tend to 
generate higher levels of spillovers, including more citations and more 
influential citations, than fossil-fuel patents.35 Together, this evidence 
underscores the economic rationale for targeted public R&D support 
for zero and low-emissions energy technologies. 
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THE LINK BETWEEN R&D, INNOVATION, AND EMISSIONS OUTCOMES

Beyond the broader spillovers and societal benefits of clean energy research, an important question is how 
effectively public R&D achieves its first-order goals of inducing innovation and ultimately reducing emissions. 
A range of evidence supports the existence of a relationship between R&D investment and innovative activity. 
However, the empirical support becomes more mixed when attention shifts from innovation itself to actual 
downstream emissions outcomes.

Much of the literature relies on patents as a proxy for innovation, but this metric has well-known limitations.36 
First, patent value is highly skewed. A small share of patents accounts for the bulk of economic and 
technological significance. Second, not all inventions are patented, meaning patent counts systematically 
understate innovative activity. In addition, strategic patenting behavior, institutional differences across 
countries, and delays between inventive activity and patent filings further complicate the interpretation of 
patent data. As a result, patents are a useful but imperfect indicator of innovation, and findings based on 
them should be interpreted cautiously.

With these limitations, empirical research typically finds a robust link between R&D spending, both public 
and private, and patenting activity.37 This result generally holds up when examining the specific effects of 
government support for clean energy R&D, though there are important qualifications. A 2002 study by 
economist David Popp, for example, examined the relationship between energy prices and federal R&D on 
private energy-related patents while explicitly controlling for the existing stock and quality of technological 
knowledge (i.e., the cumulative body of ideas and past research that inventors can draw upon). Studying 
the period from 1970 to 1994, he finds that energy prices and the quality-adjusted stock of knowledge had 
strong, statistically significant positive effects on clean energy patents, whereas federal R&D expenditures 
had little to no direct effect. However, when accounting for changes in the orientation of federal energy 
R&D, particularly a shift towards more upstream, basic research after President Ronald Reagan took office 
in 1981, Popp finds government R&D plays a measurable, albeit modest, role in creating long-run knowledge 
accumulation. In other words, public support for basic R&D contributes indirectly to future clean energy 
innovation by expanding the knowledge base on which subsequent research builds. When this post-1981 
shift is not accounted for, earlier periods of relatively ineffective applied R&D obscure this longer-run effect.38

A 2010 study by Nick Johnstone, Ivan Hašcic, and Popp analyzed the effects of environmental policies on 
renewable energy innovation as measured by patent applications to the European Patent Office.39 Examining 
25 countries from 1978 to 2003, they conclude that public R&D spending on renewable technologies is a 
significant determinant of patenting, though the effects vary by renewable technologies, with the largest 
effects for wind, solar, and geothermal, and insignificant results for ocean energy and biomass and waste 
technologies. Country-specific evidence from the United States, Canada, Germany, South Korea, and China 
likewise supports a positive relationship between government R&D spending and clean energy patenting.40

The connection between innovation and actual emissions is less clear. One study, for example, found that 
R&D spending is associated with lower average CO2 emissions in a sample of OECD and G7 countries in 
the long run. However, it concluded that the effect differed by period and country, with around 40 percent 
of OECD countries demonstrating no long-term negative effect.41 A separate analysis finds that total private 
R&D is associated with a long-run reduction in greenhouse gas emissions conditional on the stringency of 
other environmental policies, particularly market-based instruments.42 Without accounting for the interaction 
of such policies, private R&D had no meaningful relationship with emissions. Similarly, research examining 
public energy R&D finds improvements in energy efficiency, but no statistically significant relationship with 
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carbon intensity, suggesting that government support for R&D by itself is not sufficient to deliver reductions 
in emissions per unit of economic output.43

Studies linking patent-based measures of innovation to emissions outcomes reach comparable conclusions. 
A recent review of the “eco-innovation” literature finds that green patents are often associated with lower 
emissions, but that the strength and consistency of this relationship depend on a wide range of factors and 
vary substantially across industries and countries.44 Environmental regulations and complementary policies 
are important moderators of the emissions impacts of eco-innovation. In addition, other analysis finds that 
the emission-reducing effects of green patents are concentrated in higher-income countries.45

Taken together, the literature implies a consistent but often modest relationship between R&D and clean 
energy innovation. However, the extent to which this innovation translates into actual emissions reductions 
depends on the broader policy mix and institutional conditions.

THE ROLE OF PUBLIC R&D IN BROADER ENVIRONMENTAL POLICY  

A traditional question in the literature on energy innovation asks whether policies that induce innovation on 
the supply side, known as “technology push”, or policies that create a market need for innovative technologies, 
“demand pull”, are more effective in stimulating innovation.46 Technology-push policies, including government 
R&D, are justified based on the conception of innovation as a result of standard scientific progress. Invention 
progresses from basic research to applied and commercial developments, and the key role of government in 
this process is the support of this knowledge-building process. The demand-pull framework instead considers 
that innovation occurs as a response to some market need. Firms facing problems will invest in developing 
solutions, and in so doing will create innovative technologies. 

In general, both mechanisms have been found to play a role. R&D investment can spur innovation, but without 
a market need for such technologies, there is little incentive for commercialization or deployment. This is 
especially relevant in the environmental context, where there is limited existing market demand for clean 
technologies unless they are cost-competitive with conventional energy sources. Both public and private 
R&D investments are necessary to create the building blocks of invention, while the extent to which those 
building blocks result in large-scale adoption and deployment of emissions-free energy depends on other 
mechanisms. 

These mechanisms can take a variety of forms. Broadly speaking, there are market-based instruments, such 
as carbon taxes and cap-and-trade systems, and command-and-control regulations, including environmental 
performance standards and technology mandates. Historically, market-based mechanisms have been 
viewed by most economists as the most efficient tools for addressing environmental concerns and promoting 
innovation because they are flexible and reward firms for exceeding the government’s explicit policy goals.47 
Non-market-based mechanisms, by contrast, tend to be more rigid and may respond poorly when innovation 
cannot keep pace with regulatory standards. 

For example, while a market-based mechanism rewards emissions reductions regardless of the technology 
used, a technology mandate requires firms to adopt a specific technology, even if it proves ineffective or 
suboptimal. Furthermore, such regulations typically compel firms to innovate only up to the level required 
to meet the standard. Whereas carbon pricing incentivizes firms to reduce emissions to the fullest extent 
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technologically possible, emissions standards require reductions only to the degree mandated by the 
government. There is, however, an important nuance in this debate: in certain cases, additional market 
failures or specific technological needs are argued to justify use of regulation and other non-market-based 
instruments.48  

Market-based policies, in particular a carbon tax, are often argued to be the optimal climate and environmental 
policy tool in an ideal world. In practice, however, environmental policy operates through a complex mix of 
interventions, and interactions between multiple policy tools may create unintended adverse effects.49 In 
particular, layering a carbon tax on top of an existing web of federal regulations, subsidies, and other non-
market interventions undermines the effectiveness of carbon pricing and may impose cumulative burdens 
that exceed the perceived climate benefits of such a policy.50 Moreover, assessments of environmental 
policy should account for government interventions that directly impede broader policy objectives, including 
permitting barriers and transmission constraints that delay or prevent the cost-effective adoption of new, 
clean energy technologies.51

These constraints help explain why innovation policy, especially public R&D subsidies, plays an important 
and distinct role within broader environmental policy. By lowering costs and expanding the set of feasible 
technologies, R&D support has the potential to deliver environmental and economic benefits with relatively 
little distortion. An extensive body of evidence affirms that, when considered in a broader environmental 
policy context, public R&D is shown to have positive effects on innovation.52 At the same time, however, the 
actual effect on environmental outcomes, such as aggregate emissions, is less clear.53 Given the identified 
importance of both technology-push and demand-pull policies in innovation and deployment of technologies 
that reduce emissions, this outcome is to be expected. 
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Analyzing the Role of R&D in Inducing Innovation and Reducing 
Emissions

The goal of this analysis is to provide a high-level assessment of whether public spending on clean energy 
R&D is helping to spur innovation and reduce greenhouse gas emissions. The analysis is intentionally limited 
in its scope and is not designed to produce a precise or definitive estimate of causal impacts. Instead, it offers 
an informed assessment based on publicly available international data. Strong conclusions would require 
more detailed data and more specialized analytical techniques. 

With those limitations in mind, the findings suggest that public investment in clean energy R&D does play a 
meaningful role in promoting innovation, as measured by patent activity. However, the analysis does not find a 
clear empirical link between this innovation and reductions in emissions, a result that likely reflects the scope 
and limitations of the empirical approach, particularly the short time horizon and high level of aggregation, 
rather than the absence of a broader relationship. The core approach and key findings are described here. 
Additional technical details are provided in the appendix.

DATA SOURCES AND ANALYSIS FRAMEWORK

The analysis focuses on two main questions. First, does higher public spending on clean energy R&D lead 
to more clean energy innovation in later years? Second, does increased clean energy innovation translate 
into lower overall emissions over time? To answer these questions, we compare trends across countries and 
over time, while controlling for differences across countries and the effects of global shocks that affect all 
countries in a given year (e.g., economic cycles or energy price shocks). 

We assemble a dataset covering 23 countries over the period 2000–2020. These countries are selected 
based on the availability of consistent data on public energy R&D spending, energy innovation, emissions, 
economic conditions, and environmental policy.

 Data on clean energy patents and public energy R&D spending come from the International Energy Agency 
(IEA).54 Patent counts reflect clean energy inventions and are assigned to countries based on the residence 
of inventors, with patents shared fractionally across countries when inventors are in more than one place. 
Public R&D spending is measured in inflation-adjusted 2024 prices and includes government funding for 
energy efficiency, renewable energy, nuclear fission and fusion, hydrogen and fuel cells, power and storage 
technologies, and other clean energy research areas. Spending related to fossil fuels and unallocated spending 
is excluded. Greenhouse gas emissions data are taken from the OECD and are measured in metric tons of 
CO2-equivalent, excluding emissions from land use, land-use change, and forestry (LULUCF).55

Basic economic controls, including GDP per capita and population, are from the World Bank.56 To capture 
differences in environmental policy, we use the OECD’s Environmental Policy Stringency (EPS) index, which 
summarizes the overall strength of a country’s environmental regulations.57 We also examine subindices for 
market-based and non-market-based policy stringency separately. To capture changes in domestic energy 
prices within countries, we include the energy component of the OECD Consumer Price Index as a proxy for 
energy price conditions, reflecting the role of energy costs in shaping incentives for clean energy innovation.58

Because patents and emissions outcomes do not respond immediately to funding or innovation, the analysis 
allows for time delays. Public R&D spending is compared to patenting outcomes five years later, reflecting 
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the time needed for research funding to generate new inventions. 
Similarly, clean energy patenting is compared to emissions 
outcomes eight years later, reflecting additional time required 
for technologies to be adopted and deployed at scale. These 
time frames are based on the minimum periods for invention and 
commercialization in the energy sector found in existing research.59 
These, however, necessarily simplify a wide range of innovation 
and deployment timelines.60

To isolate the effects of public R&D from broader trends in 
innovation, we control for overall patenting activity unrelated to 
clean energy.61 This helps ensure that observed relationships are 
not simply driven by general increases or decreases in innovation 
across the economy. 

The analysis uses a panel regression framework that controls 
for country-specific characteristics that do not change over 
time, as well as for global year-specific effects that affect all 
countries simultaneously. We also examine whether the impact 
of public R&D differs with the strength and type of environmental 
policy in place by evaluating the interactions between R&D and 
environmental policy subindices.62

A key challenge in analyzing long-term trends in panel data is that 
many economic and environmental variables change gradually 
over time rather than fluctuating around a stable level. Public R&D 
spending, patenting activity, economic output, and emissions 
may all follow long-run upward or downward trends driven by 
structural forces such as economic growth, technological change, 
or long-term policy shifts. When such persistent trends are 
present, variables that share similar, but unrelated, trends may 
appear statistically related even when no meaningful relationship 
exists.

To assess this risk, we evaluate the properties of the data using 
a range of statistical diagnostics designed to detect persistent 
trends. The results of these tests are mixed, suggesting that 
long-run trends may be present for some variables.63 To ensure 
that our findings are not driven solely by these potential long-term 
trends, we also evaluate models that focus on short-run, year-
over-year changes in the variables of interest. By examining these 
short-run changes, we are able to investigate the relationship 
between public R&D, patenting, and emissions after removing 
long-term trends from the data.
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RESULTS

The analysis finds evidence that higher public spending on clean energy R&D is associated with increased 
clean energy innovation five years later. However, it does not find a corresponding short- or long-term effect 
of innovation on aggregate greenhouse gas emissions, a result that likely reflects the scope and limitations of 
the analysis rather than the absence of longer-run or indirect effects.

Public Clean Energy R&D and Innovation

Higher public spending on clean energy R&D is consistently associated with greater clean energy innovation, 
as measured by patent activity. As demonstrated in Table 1, after accounting for differences across countries, 
global economic shocks, macroeconomic conditions, and environmental policy stringency, we find that a 10 
percent increase in clean energy R&D spending is associated with approximately a 0.8 percent increase in 
clean energy patenting five years later.64 

This relationship is statistically significant and remains when controlling for broader innovation trends 
unrelated to energy and, as indicated in Table 2, when adjusting for potential long-run trends in the data by 
examining year-over-year changes rather than levels. The consistency of the results across these approaches 
suggests that it reflects a meaningful relationship, rather than a spurious result driven by long-term trends.

The effectiveness of R&D is not uniform across policy contexts. Our results, as reported in Table 3, show that 
market-based environmental policies amplify the impact of R&D on clean energy innovation.65 As market-
based environmental policy within a country becomes stronger, increases in public R&D spending translate 
into larger subsequent increases in patenting activity.66 By contrast, we find no comparable amplification 
effect for non-market-based policies. 

Public Clean Energy R&D Spending Is Associated with an Increase in Later 
Patenting Activity

Table 1.

Elasticity of public R&D and patent activity

Notes: All models include country and year fixed effects. The econ and policy column adds GDP per capita, 
population, and lagged environmental policy stringency. Non-energy patents and price column further includes 
lagged non-energy patent counts and lagged energy price index. Statistical significance is based on Driscoll–Kraay 
standard errors. Full results are reported in the appendix. *p<0.1; **p<0.05; ***p<0.01.

Dependent variable:
ln(Clean energy patents)

Baseline + Econ & Policy + Non-Energy Patents & Price

ln(Public clean energy R&D) 
t-5

0.068 0.082** 0.091***

Observations 341 341 341

R2 (within) 0.019 0.052 0.064
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Similar Results for First-Difference Models Suggest That Estimated Elasticity Is 
Not the Result of Long-Term Trends

Table 2.

Elasticity of public R&D and patent activity

Notes: All models include country and year fixed effects. The econ and policy column adds GDP per capita, 
population, and lagged environmental policy stringency. Non-energy patents and price column further includes 
lagged non-energy patent counts and lagged energy price index. Statistical significance is based on Driscoll–Kraay 
standard errors. Full results are reported in the appendix. *p<0.1; **p<0.05; ***p<0.01.

Dependent variable:

Δln(Clean energy patents)

Baseline + Econ & Policy + Non-Energy Patents & Price

Δln(Public clean energy R&D) 
t-5

0.106** 0.115** 0.117**

Observations 317 317 317

R2 (within) 0.121 0.123 0.129

Market-Based Policies Increase the Effectiveness of Public R&D
Table 3.

Note: All models include country and year fixed effects, macroeconomic variables, and non-energy patent and 
energy price controls. Statistical significance is based on Driscoll–Kraay standard errors. Full results are reported in 
the appendix. *p<0.1; **p<0.05; ***p<0.01.

Dependent variable:
ln(Clean energy patents)

Overall Policy Market-based policy Non-market-based policy

Δln(Public clean energy R&D) 
t-5

0.091*** 0.088*** 0.072***

EPS index 
t-5

-0.106**

Market-based EPS index 
t-5

-0.453***

Δln(Public clean energy R&D) 
t-5 

x 

Market-based EPS index 
t-5

0.073***

Non-market-based EPS index 
t-5

-0.008

Δln(Public clean energy R&D) 
t-5 

x 

Non-market-based EPS index 
t-5

0.0004

Observations 341 341 341

R2 (within) 0.064 0.082 0.051
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Innovation and Emissions Outcomes

In contrast to the clear relationship between public R&D and innovation, we do not find strong evidence that 
increased clean energy innovation is associated with lower aggregate greenhouse gas emissions.67 Some 
specifications using long-run emissions levels suggest a statistically significant relationship. However, the 
data exhibit persistent long-term trends, raising concerns that these results may reflect shared underlying 
trends rather than a meaningful statistical association.68 When we instead examine year-to-year changes, 
thereby reducing the influence of long-run movements, the relationship is no longer statistically detectable. 
For that reason, we do not view the emissions findings as robust.

This finding is consistent with much of the existing empirical literature and likely reflects the challenge of 
identifying emissions impacts using aggregate, country-level data. The absence of a measurable emissions 
effect is not evidence that clean energy innovation does not reduce emissions. Instead, it highlights the limits 
of what can be observed over relatively short time horizons and at broad levels of aggregation. 

Discussion and Implications for Policymakers

These results point to several broader lessons about how innovation policy works in the energy sector and 
what it can realistically deliver.

First, the finding that public clean energy R&D spending is associated with increased innovation is consistent 
with a large body of prior research. Studies across a range of settings generally find that higher R&D 
investment leads to more patenting and inventive activity. While the estimated magnitude varies across 
studies, the effect identified here is within the range observed in previous clean-energy-specific analyses.69 

Notably, the estimated elasticity in this analysis is on the lower end of what is often found in firm-level or 
industry-level studies of broader, non-energy-specific R&D and innovation.70 This likely reflects the country-
level scope of this analysis, which necessarily aggregates across technologies and sectors and may attenuate 
the measured effect. In addition, innovation in the energy sector tends to involve longer development 
timelines, higher capital intensity, and a more complex regulatory environment than innovation in many 
other industries.71 These features may reduce the short-run responsiveness of patenting to increases in R&D 
funding.

 From a policy perspective, the key takeaway is not the precise size of the elasticity we estimate, but its 
consistency and direction. Public clean energy R&D appears to do what is intended by spurring invention and 
expanding the stock of technical knowledge.

In contrast, the relationship between emissions and innovation is far less clear. This likely reflects structural 
features of the energy system rather than a failure of innovation policy. Emissions outcomes probably lag 
innovation by many years, longer than the lag built into this analysis.72 While new inventions and patents may 
emerge relatively quickly following R&D funding, substantial emissions reductions depend on the widespread 
deployment of new technologies. Energy systems are dominated by long-lived assets, such as power plants, 
vehicles, and industrial equipment, that turn over slowly. Even when new technologies are available, it may 
take decades for them to materially affect emissions at an aggregate level.73
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Aggregate emissions are also driven by powerful macroeconomic and structural forces that may overwhelm 
the marginal effect of innovation in the short to medium run.74 Fuel prices, economic growth, population 
trends, energy demand, and business cycles all 
shape emissions trajectories.75 At the country 
level, these forces may obscure the incremental 
impact of clean energy innovation, especially 
over a short period of time.

Finally, the emissions impact of innovation 
likely depends on complementary policies that 
encourage commercialization and deployment. 
The broad environmental policy measures 
used in this analysis may capture overall policy 
stringency, but they are coarse proxies for the 
specific regulatory and market instruments that 
directly influence technology adoption. Without 
distinguishing among technologies at different 
stages of maturity or accounting for deployment-
specific policies, important nuances in how 
innovation translates into emissions outcomes 
may be missed.

Taken together, the absence of a consistent, 
statistically detectable relationship between 
innovation and emissions should not be 
interpreted as evidence that clean energy 
innovation has no effect on emissions. Rather, it 
highlights the difficulty of observing downstream 
impacts, such as on emissions or affordability, and underscores the importance of long-time horizons and the 
overall policy context when considering the benefits of energy innovation. 

The overarching conclusion is that public clean energy R&D is an effective tool for stimulating innovation, but 
it is more effective when embedded within a broader policy framework. In particular, market-based policies, 
such as carbon taxes and cap-and-trade systems, help create demand for clean technologies and reward 
emissions reductions, thereby strengthening the innovative impact of R&D funding.

For policymakers, this implies that R&D funding should not be considered in isolation. Depending on the 
ultimate goals of such funding, its benefits are likely maximized when coordinated with other policies that 
facilitate deployment and commercialization. At the same time, the choice of complementary policies requires 
care. Rigid, non-market-based regulations may have limited effects on innovation and, in some cases, might 
risk slowing the development of cost-effective clean energy technologies by limiting flexibility or locking in 
specific technologies.

The overarching conclusion 
is that public clean energy 
R&D is an effective tool for 
stimulating innovation, but 
it is more effective when 
embedded within a broader 
policy framework.
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Conclusion
Public investment in clean energy research and development offers an opportunity to balance emissions 
reductions with energy affordability. As many clean technologies, including electric vehicles, energy storage, 
and renewable electricity generation, remain in relatively early stages of widespread deployment, empirical 
evidence linking innovation to aggregate outcomes such as emissions reductions and energy price declines 
is necessarily limited.

The results presented here indicate that public R&D support is consistently associated with increased clean 
energy innovation, demonstrating that such policies are achieving their first-order objective of stimulating 
invention. Across countries and over time, higher public spending on clean energy research is followed by a 
measurable increase in patenting activity. This suggests that government investment is contributing to the 
expansion of technical knowledge and the development of new energy technologies.

Many of today’s mature clean technologies benefited from sustained public R&D support long before 
they approached cost competitiveness. Continued investment in early-stage research and breakthrough 
technologies offers the potential to further reduce costs, improve system integration, and expand the range 
of economically viable clean energy options. Over time, such progress can help lower the long-run costs of 
decarbonization and ease the tradeoff between environmental progress and energy abundance.

Public R&D is unlikely to serve as a standalone solution to improving energy affordability while addressing 
climate risks. However, it is an important component of a broader energy policy strategy. In the context of 
rising electricity demand and political resistance to high-cost regulatory interventions, sustained support for 
innovation remains one of the most economically grounded and durable policy tools available.

---

David Kemp is Research Fellow for Climate and Energy Policy at C3 Solutions.
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Appendix A. Data and Sample Construction 
DATA SOURCES

Clean energy patent counts are obtained from the International Energy Agency (IEA) Energy Technology 
Patents database.1 We use the IEA’s aggregate measure of clean energy patents by country and year to avoid 
double counting across patent offices. Consistent with the IEA methodology, patents with inventors located 
in multiple countries are fractionally allocated according to the inventors’ country of residence.

Public energy R&D expenditures are also drawn from the IEA Energy Technology RD&D Budgets database and 
are reported in constant 2024 prices and purchasing power parity (PPP) terms. The data are compiled from 
national, federal, and central government budget sources. We aggregate expenditures across the following 
categories: energy efficiency; renewable energy sources; nuclear fission and fusion; hydrogen and fuel cells; 

Appendices & Data
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other power and storage technologies; and other cross-cutting technologies and research. Expenditures 
related to fossil fuels and unallocated spending are excluded.2

Greenhouse gas emissions data are taken from the OECD greenhouse gas emissions inventories. Emissions 
are measured in metric tonnes of CO -equivalent and exclude emissions from land use, land-use change, and 
forestry (LULUCF).3

Macroeconomic controls include GDP per capita and total population, both obtained from the World Bank.4 

GDP per capita (PPP) is converted to constant 2024 prices using the U.S. GDP deflator from the World Bank 
to ensure consistency with the R&D expenditure series.5

Environmental policy is measured using the OECD Environmental Policy Stringency (EPS) index.6 In addition 
to the overall EPS index, we use its market-based and non-market-based subindices. The technology support 
subindex is excluded because it includes upstream R&D support, which overlaps conceptually with our 
measure of public energy R&D expenditures and would introduce collinearity.

To account for domestic energy cost conditions, we include the energy component of the OECD Consumer 
Price Index (CPI), obtained from the OECD Main Economic Indicators database (Consumer Price Index: 
OECD Groups – Energy [fuel, electricity, and gasoline], 2015 = 100). This index captures within-country 
variation in retail energy prices and serves as a proxy for energy price incentives that may influence clean 
energy innovation. Annual observations are used for all countries except Australia, for which annual data are 
not available. In the case of Australia, quarterly observations are averaged to construct annual values.7

To control for general innovation cycles unrelated to clean energy, we construct a measure of non-energy 
patent activity using annual IP5 patent family data by technology.8 The IP5 comprises the European Patent 
Office, the Japan Patent Office, the United States Patent and Trademark Office, the Korean Intellectual 
Property Office, and the China National Intellectual Property Administration. We subtract patents classified 
as climate change mitigation or greenhouse gas capture and storage from total IP5 patents to obtain a 
measure of non-clean-energy-related patenting by country and year.

SAMPLE CONSTRUCTION

To maximize consistency across variables, the sample period is restricted to 2000–2020. With the exception 
of public R&D expenditures, data coverage is largely complete across countries during this period.

For public R&D spending, isolated gaps of up to three consecutive years are linearly interpolated. Results 
are substantively unchanged when these interpolated observations are excluded. Countries with fewer than 
thirteen years of observed public R&D data are excluded to ensure sufficient within-country variation for 
fixed-effects estimation.

After applying these restrictions, the final estimation sample consists of the following 23 countries observed 
over 2000–2020: Australia, Austria, Belgium, Canada, Switzerland, Czech Republic, Germany, Denmark, 
Spain, Finland, France, United Kingdom, Hungary, Ireland, Italy, Japan, South Korea, Netherlands, Norway, 
Poland, Sweden, Turkey, and the United States.
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Appendix B. Statistical Properties and Diagnostic Tests 
UNIT ROOT TESTS

We evaluate the time-series properties of the panel using three commonly applied panel unit root tests: 
Im–Pesaran–Shin (IPS), Maddala–Wu (MW), and Pesaran’s cross-sectionally augmented IPS (CIPS) test.9 
The IPS and Maddala–Wu procedures assume cross-sectional independence, while the CIPS test explicitly 
accounts for cross-sectional dependence. Table B1 reports test statistics for the variables evaluated.

For the main innovation variables, logged public clean energy R&D expenditures and logged clean energy 
patents, all three tests reject the null hypothesis of a unit root at conventional significance levels, suggesting 
stationarity in levels.

Results for macroeconomic controls and emissions are more mixed. The IPS and Maddala–Wu tests frequently 
reject the unit root null for GDP per capita, population, and emissions. However, the CIPS test, which accounts 
for cross-sectional dependence, does not consistently reject the unit root hypothesis for these variables. 
Similar mixed evidence is observed for the energy price index and the market-based EPS measure.

Descriptive Statistics
Table A1.

Variable Observations Mean Standard Deviation

ln(Public clean energy R&D) 451 5.67 1.45

ln(Clean energy patents) 482 4.93 1.85

ln(Total emissions) 483 12.44 1.27

ln(GDP per capita) 483 10.92 0.34

ln(Population) 483 16.96 1.17

EPS index 483 2.79 0.81

Market-based EPS index 483 1.53 0.88

Non-market-based EPS index 483 4.61 1.17

ln(Non-energy patents) 483 7.51 1.68

Energy price index 483 89.88 19.62
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SERIAL CORRELATION AND CROSS-SECTIONAL DEPENDENCE

To assess the robustness of the fixed-effects and first-difference specifications, we conduct two standard 
panel diagnostics. First, we test for serial correlation in the idiosyncratic error term using the panel Breusch–
Godfrey (PBG) test.10 The null hypothesis is no serial correlation of order one in the residuals. Second, we 
test for cross-sectional dependence using Pesaran’s CD statistic.11 The null hypothesis is cross-sectional 
independence of residuals. 

Across specifications, the emissions regressions exhibit both serial correlation and statistically significant 
cross-sectional dependence. The patents-on-R&D regressions show consistent serial correlation, while 
cross-sectional dependence appears primarily in levels specifications and is largely absent in first-difference 
models.

Given these findings, the analysis reports standard errors robust to heteroskedasticity, serial correlation, and 
cross-sectional dependence (Driscoll–Kraay corrections).12 

Panel Unit Root Tests
Table B1.

Note: Reported values are test statistics. For the Im, Pesaran, and Shin (2003) and Pesaran (2007) tests, more 
negative values indicate stronger rejection of the unit-root null. For the Maddala and Wu (1999) test, larger χ 2  values 
indicate rejection. The tests include individual country level intercepts and a linear time trend. *p<0.1; **p<0.05; 
***p<0.01.

Im, Pesaran, and 
Shin (2003)

Maddala and Wu 
(1999) Pesaran (2007)

t-statistic χ 2 statistic t-statistic

ln(Public clean energy R&D) -3.27*** 130.51*** -3.39***

ln(Clean energy patents) -3.09*** 80.03*** -3.20***

ln(Total emissions) 8.33*** 18.3*** -2.57

ln(GDP per capita) -1.77* 74.61*** -1.43

ln(Population) 3.70*** 63.85*** -1.88

EPS index -1.87 67.41*** -3.17***

Market-based EPS index 1.76 56.50*** -2.37

Non-market-based EPS index -123.12*** 605.08*** -4.76***

ln(Non-energy patents) -4.64*** 124.23*** -2.16*

Energy price index -0.91 53.68*** -2.21
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Serial Correlation and Cross-Sectional Dependence Diagnostics
Table B2.

Note: PBG reports the panel Breusch–Godfrey test for serial correlation (Breusch, 1978; Godfrey, 1978; Baltagi, 
2005). Pesaran CD reports the cross-sectional dependence test (Pesaran, 2004). *p<0.1; **p<0.05; ***p<0.01.

Specification

Test (1) Baseline
(2) Econ + 
Policy

(3) Non-Energy 
Patents + Energy 
Price Index

(4) Market-
Based Policy

(5) Non-Market-
Based Policy

PBG (χ 2) 27.31*** 27.21*** 28.57*** 32.80*** 27.95***

Pesaran CD (z) -1.96** -2.00** -1.86* -1.78* -1.74*

Specification

Test (1) Baseline
(2) Econ + 
Policy

(3) Non-Energy 
Patents + Energy 
Price Index

(4) Market-
Based Policy

(5) Non-Market-
Based Policy

PBG (χ 2) 69.97*** 72.45*** 71.40*** 71.48*** 70.89***

Pesaran CD (z) -0.20 -0.05 0.04 0.08 0.01

PANEL A. PATENTS ON R&D

PANEL B. FIRST-DIFFERENCED PATENTS ON R&D

Specification

Test (1) Baseline
(2) Econ + 
Policy

(3) Non-Energy 
Patents + Energy 
Price Index

(4) Market-
Based Policy

(5) Non-Market-
Based Policy

PBG (χ 2) 149.33*** 133.96*** 104.52*** 101.72*** 96.73***

Pesaran CD (z) -2.27** -2.16** -2.23** -2.09** -2.36**

Specification

Test (1) Baseline
(2) Econ + 
Policy

(3) Non-Energy 
Patents + Energy 
Price Index

(4) Market-
Based Policy

(5) Non-Market-
Based Policy

PBG (χ 2) 26.83*** 24.61** 24.77*** 24.97*** 24.98***

Pesaran CD (z) -2.40** -2.40** -2.41** -2.41** -2.42**

PANEL C. EMISSIONS ON PATENTS

PANEL D. FIRST-DIFFERENCED EMISSIONS ON PATENTS
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Appendix C. Full Regression Results

Patents on R&D
Table C1.

Dependent variable:
Δln(Clean energy patents)

(1) (2) (3) (4) (5)

ln(Public clean energy R&D) t-5 0.068 0.082** 0.091*** 0.088*** 0.072***

(0.043) (0.039) (0.029) (0.027) (0.024)

ln(GDP per capita) 0.431 0.393 0.487 0.482

(0.356) (0.387) (0.32) (0.372)

ln(Population) 0.861 0.769 0.334 0.485

(1.233) (1.094) (0.904) (1.113)

EPS index t-5 -0.111** -0.106**

(0.054) (0.05)

Energy price index t-5 -0.005 -0.004 -0.005

(0.005) (0.004) (0.005)

ln(Nonenergy patents) 0.207 0.244 0.236

(0.172) (0.175) (0.174)

Marketbased EPS index t-5 -0.453***

(0.093)

ln(Public clean energy R&D) t-5 x 0.073***

(0.013)

Nonmarketbased EPS index t-5 -0.008

(0.104)

ln(Public clean energy R&D) t-5 x 0.0004

(0.016)

Observations 341 341 341 341 341

R2 0.019 0.052 0.064 0.082 0.051

Note: *p<0.1; **p<0.05; ***p<0.01.
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First-Differenced Patents on R&D
Table C2.

Dependent variable:

Δln(Clean energy patents)

(1) (2) (3) (4) (5)

Δln(Public clean energy R&D) t-5 0.106** 0.115** 0.117** 0.120** 0.119**

(0.046) (0.048) (0.048) (0.048) (0.055)

Δln(GDP per capita) 0.516 0.352 0.212 0.307

(0.465) (0.456) (0.432) (0.434)

Δln(Population) -0.035 0.107 -0.09 0.116

(1.605) (1.586) (1.352) (1.673)

ΔEPS index t-5 -0.044 -0.032

(0.084) (0.081)

ΔEnergy price index t-5 0.002 0.001 0.002

(0.005) (0.004) (0.005)

Δln(Nonenergy patents) 0.294 0.326 0.306

(0.199) (0.198) (0.2)

ΔMarketbased EPS index t-5 -0.086

(0.087)

Δln(Public clean energy R&D) t-5 x -0.223

(0.188)

ΔNonmarketbased EPS index t-5 0.026

(0.035)

Δln(Public clean energy R&D) t-5 x -0.045

(0.122)

Observations 317 317 317 317 317

R2 0.121 0.123 0.129 0.14 0.13

Note: *p<0.1; **p<0.05; ***p<0.01.
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Emissions on Patents
Table C3.

Dependent variable:

Δln(Clean energy patents)

(1) (2) (3) (4) (5)

ln(Public clean energy R&D) t-5 0.003 -0.007 -0.020** -0.020*** -0.017**

(0.015) (0.006) (0.008) (0.007) (0.008)

ln(GDP per capita) 0.631*** 0.452*** 0.460*** 0.463***

(0.17) (0.122) (0.119) (0.117)

ln(Population) 0.667* 0.818** 0.788** 0.860**

(0.382) (0.323) (0.345) (0.354)

EPS index t-5 0.033*** 0.024*

(0.012) (0.013)

Energy price index t-5 0.0001 0.001 0.0001

(0.001) (0.001) (0.001)

ln(Nonenergy patents) 0.099*** 0.104*** 0.114***

(0.03) (0.026) (0.028)

Marketbased EPS index t-5 -0.054

(0.058)

ln(Public clean energy R&D) t-5 x 0.011

(0.013)

Nonmarketbased EPS index t-5 -0.01

(0.016)

ln(Public clean energy R&D) t-5 x 0.004

(0.003)

Observations 298 298 298 298 298

R2 0.001 0.411 0.489 0.489 0.497

Note: *p<0.1; **p<0.05; ***p<0.01.
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First-Differenced Emissions on Patents
Table C4.

Dependent variable:

Δln(Clean energy patents)

(1) (2) (3) (4) (5)

Δln(Public clean energy R&D) t-5 0.002 0.003 0.003 0.003 0.004

(0.003) (0.003) (0.003) (0.003) (0.004)

Δln(GDP per capita) 0.524*** 0.522*** 0.523*** 0.521***

(0.132) (0.144) (0.148) (0.144)

Δln(Population) 0.659* 0.647** 0.636* 0.642*

(0.354) (0.328) (0.328) (0.334)

ΔEPS index t-5 0.008 0.008

(0.005) (0.005)

ΔEnergy price index t-5 0.0005* 0.001** 0.0004

(0.0003) (0.0002) (0.0003)

Δln(Nonenergy patents) -0.006 -0.004 -0.006

(0.018) (0.017) (0.019)

ΔMarketbased EPS index t-5 0.005

(0.008)

Δln(Public clean energy R&D) t-5 x 0.01

(0.017)

ΔNonmarketbased EPS index t-5 0.003

(0.003)

Δln(Public clean energy R&D) t-5 x -0.003

(0.003)

Observations 275 275 275 275 275

R2 0.437 0.533 0.535 0.535 0.535

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