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Abstract

This article tests the effects of fuel economy and greenhouse gas emission standards on the
direction of innovation, in particular on breakthrough technologies in the automotive industry.
We develop an intuitive measure of standard stringency that captures the policy’s most important
features for the decision as to whether or not to innovate. To test the role of these standards relative
to prices and taxes, we construct a firm-level panel of patents in clean and dirty automotive
technologies for the years 2000-2016. Our results indicate that standards are a very robust driver
inducing clean innovation, whereas taxes also seem to play a role but prices (net of taxes) do not.
This effect is driven by patenting for breakthrough technologies, in particular electric vehicle and
hydrogen fuel cell technologies. We find no evidence that these policies negatively impact dirty
innovation.
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1 Introduction

Many countries regulate greenhouse gas (GHG) emissions from road transport in two ways:
excise taxes on car fuels and standards that set targets for vehicles’ fuel economy or emissions
at the automobile manufacturer level. Taxes in most countries have been relatively stable
in real terms over the past two decades, whereas the stringency of standards has increased
rapidly in the EU and the US since new targets were announced in 2009 and 2010, respectively.
For instance, the standard introduced by the EU in 2009 aimed to reduce average new vehicle
COs emissions per kilometer by about 15% in 2015 compared to the 2008 level. At the
same time, we observe a surge in new technologies that are becoming more prominent in
the automotive industry. Hybrid vehicles have become a common sight, and more radical
innovations like vehicles powered by electricity are also quickly penetrating the car market.
In fact, the global fleet of electric passenger vehicles has exploded from about 17,000 in 2010
to 7.2 million in 2019 (IEA, 2020).

A large literature compares taxes and standards in the car market from a variety of per-
spectives. In terms of welfare, fuel taxes are generally preferred to standards, as they directly
affect the incentive to drive, rather than just new vehicle characteristics (e.g., Anderson and
Sallee 2016). Other work has studied trading off vehicle characteristics (e.g., reducing weight
or horsepower to increase fuel economy) and technology adoption as a response to regulation
(e.g., Knittel 2011; Klier and Linn 2016; Kiso 2019; Reynaert 2021). In this paper we focus
on the effect of different instruments to reduce emissions from car use on the direction of
innovation, i.e. the invention of new technologies, using patent data.

A common view in the literature on technological change is that innovation is primarily
driven by prices. Indeed, studies that focus on the invention of new technologies typically
test the effects of prices on the direction of innovation. For instance, Popp (2002) shows that
energy prices positively impact energy-efficient innovations and Aghion et al. (2016) show
that fuel prices (which include taxes) steer technological change in a clean direction. These
findings confirm the widespread belief among economists that price-based instruments are
key to technological change and should be preferred to alternative policies. Our findings
show that this view deserves some qualification. We find that a more precise identification

of the potential impact of environmental policy instruments reveals a much more prominent



role of standards in innovation inducement, in particular in breakthrough technologies.

That standards stimulate the adoption of new automotive technologies is already demon-
strated (e.g., Klier and Linn 2016). Changes in the composition of models in the car mar-
ket are clearly sensitive to policies that stimulate fuel efficiency in addition to price based
measures. However, only a few papers studied innovation effects of climate standards for
automobiles in the market for ideas so far, but failed to find a robust impact (Crabb and
Johnson 2010; Vollebergh 2010). A possible explanation is that standards were not stringent
enough or even nonbinding in the considered sample periods. In other words, there was no
urgency for firms to insert additional effort in the invention of breakthrough technologies be-
cause they could rely on cheaper, existing alternatives to comply. In addition, these papers
measure standard stringency simply as the contemporaneous or lagged level of the standard.
Measuring standard stringency in this manner might not fit the actual process of innovation.

Innovation is a dynamic process. Decisions to innovate, in particular investments in the
market for ideas, are typically forward-looking and costly, which means that expectations
about prices, market developments and regulation are relevant to a firm’s decision making.
Hence, when studying the determinants of innovation, it is important to take the role of this
time dimension into account. We do this for both taxes and standards. First, we separate ex-
cise taxes from tax-exclusive fuel prices because the excise taxes usually are more predictable
and less volatile than fuel prices, especially over the course of years. Moreover, taxes affect
consumer markets in the first place and therefore only indirectly provide an impulse for car
manufacturers decisions on innovation. By contrast, standards on cars are typically pool-
based targets announced years in advance, allowing for many different response strategies by
the car manufacturers (OECD, 2010). The need for breakthrough innovations only occurs if
other strategies would be insufficient to comply with the (announced) regulation.

To better identify the role of standards in the innovation process we develop an intuitive
measure that captures both the time dimension between the announcement of new targets
and the year from which they are enforced, and its stringency by the level of the target relative
to current average performance. We define stringency as the amount of CO2 per kilometer
that the average car manufacturer in a country (or the EU) needs to improve to meet the

most recently announced target. We interact this with a dummy to only measure stringency



when a standard is binding, i.e. mandatory and stricter than current average performance.
This measure combines the most important features of the instrument in a single dimension
and is comparable across countries.

We test the impact of fuel prices and taxes as well as car standards, R&D subsidies and
knowledge stocks on inventions using patents for automotive technologies as the key indicator.
Our patent pool consists of triadic patent families! and we classify them as clean or dirty
based on their IPC classification, following Aghion et al. (2016). Clean patents include
those related to electric vehicles and to hydrogen fuel cells. Also patents related to hybrid
vehicles are included in this category, although we do not consider those as breakthrough
technologies because they still rely on the traditional technology of the internal combustion
engine. Dirty patents are related to this internal combustion engine only, and can be split up
in gray patents, which aim to increase fuel efficiency, and purely dirty patents. We compiled
a firm-level panel for the years 2000 to 2016 and use data from 1978 to 1999 to construct
pre-sample variables and weights. We use several empirical models (zero-inflated Poisson,
Poisson, negative binomial) to estimate the effects of our variables of interest on clean and
dirty patenting.

Our results indicate that both fuel taxes and GHG emission standards are important in
clean technology inducement. The effect of taxes is not surprising and is in line with the
literature (most notably, Aghion et al. 2016). However, this inducement is usually identified
by tax-inclusive prices, a finding our estimations do not corroborate. The very strong effect
of GHG emission standards is new.? Our results show that standards affected patenting for
breakthrough technologies in particular. In other words, it is mainly the search for radically
new technologies that increased due to the changes in regulation in the US and the EU around
2010. We find no evidence for the prediction that regulation shifts resources for invention

away from dirty technologies, though we do find that the tax-exclusive fuel price negatively

LA triadic patent family is a group of patents that include at least one patent at each of the three main

patent authorities (those in the EU, US and Japan) and that protect a single invention.
2 Aghion et al. (2016) also include a measure of standard stringency in their influential paper, namely the

emissions regulation index from Dechezleprétre et al. (2015). This measure, however, is concerned with air
quality regulations on CO, NOy and particulate matter, and not with climate regulations like standards on fuel
economy and COgz emissions. Vollebergh (2010) uses both air quality and climate standards and elaborates

on the differences between them.



affects dirty innovation. Our study focuses on the empirical effectiveness of the two policies
that are in place rather than a welfare comparison between instruments.

Our work relates to two strands of literature. First, we contribute to the literature on in-
strument choice for environmental regulation, and especially to the debate on the regulation
of GHG emissions from road transport. A common distinction in the literature is between
market instruments, such as taxes, and command-and-control instruments, such as standards
(see Hepburn 2006 and Goulder and Parry 2008 for literature reviews). Though economists
often view standards as simple, uniform restrictions, they exist in many forms (Helfand 1991;
Vollebergh and Van der Werf 2014). Indeed, the standards we study regulate car manufac-
turers’ sales-weighted average of a particular vehicle characteristic, namely fuel economy or
GHG emissions per kilometer. Whereas market instruments are generally preferred from an
abatement cost perspective, this ranking is less clear when it comes to incentives for inno-
vation (e.g., Montero 2002; Fischer et al. 2003; Requate 2005; Vollebergh 2007; Kemp and
Pontoglio 2011).

The debate on instrument choice to combat climate change in the car market is centered
around fuel taxes and several types of standards, though vehicle taxes, feebates and subsidies
are also considered (e.g., Chen et al. 2021; Springel 2021). Anderson and Sallee (2016) use a
simple model to illustrate the welfare effects of various instruments. Parry and Small (2005)
discuss the optimal fuel tax and Jacobsen (2013) and Bento et al. (2020) analyze the welfare
effects of the American Corporate Average Fuel Economy (CAFE) standards. Jacobsen
and van Benthem (2015) highlight the importance of scrappage decisions and the effects of
policies on the market for used vehicles. Holland et al. (2021) study the welfare effects of
banning gasoline vehicle production in a model with decreasing costs of electric vehicles,
decreasing pollution from electricity and increasing substitutability between clean and dirty
vehicles. Kellogg (2018) applies Weitzman’s (1974) prices versus quantities framework to
optimal standard setting for automobiles when fuel prices are uncertain. Leard et al. (2017)
study the interaction between standards and fuel prices. They show that the effect of fuel
prices on cars’ market shares was stronger before 2008 than after that year, though they
find little evidence that this was due to more stringent fuel economy standards. Klier and

Linn (2010, 2012, 2013, 2016) show that both standards and fuel taxes are associated with



technology adoption in the US and Europe. Our contribution to this literature is that we show
the impact of these policies on inventions, in particular on patents for new future models that
should guarantee compliance with the regulations such as car models based on breakthrough
technologies.

Second, our work contributes to the literature on directed technical change (DTC) and
the environment. The theoretical DTC literature poses that relative prices, market sizes and
knowledge stocks determine the direction of innovation, and that environmental regulation
can steer technical change to a cleaner path (e.g., Smulders and de Nooij 2003; Gerlagh 2008;
Acemoglu et al. 2012; Acemoglu et al. 2016; Fried 2018; Hart 2019). The empirical DTC
literature tests those predictions. Lanjouw and Mody (1996) are the first to study the relation
between environmental policy and innovation using patent counts, which has since become
the dominant way of measuring inventions. Popp (2002) is the first to estimate the effect
of energy prices on clean innovation, in particular inventions that increase energy efficiency
technologies. Early studies use country or industry level data, whereas later studies, such as
Noailly and Smeets (2015), Aghion et al. (2016), Calel and Dechezleprétre (2016) and Calel
(2020) analyze patenting at the firm level. Most empirical studies find that energy prices
or environmental policies have a significant effect on the direction of innovation, but little
attention has been paid to the role of breakthrough technologies. The literature is reviewed
by Popp et al. (2010) and Popp (2019).

Though a large literature studies the DTC mechanisms, work on the particular impact
of regulation is limited. Some important exceptions include Johnstone et al. (2010), who
analyze a variety of instruments in the energy sector, Dekker et al. (2012), who use difference-
in-differences analyses at the country level to study the impact of air quality regulation on
both inventions and the diffusion of inventions of emission abatement technologies, and Calel
and Dechezleprétre (2016) and Calel (2020), who use difference-in-differences analyses at the
firm level to study the innovation effects of the EU Emissions Trading System. Most papers
that test the effects of price instruments do not distinguish between (tax-exclusive) prices
and taxes (e.g., Popp 2002; Noailly and Smeets 2015) and only a few papers have studied the
innovation effects of standards, and fuel economy or GHG emission standards in particular.

Vollebergh (2010) and Lee et al. (2011) find that air quality standards for automobiles have



significantly increased patenting in emission-saving technologies, while Crabb and Johnson
(2010) and Vollebergh (2010) do not find the same effect for fuel economy standards. Noailly
(2012) finds that building standards impact innovations for energy efficiency, whereas energy
prices do not.

From this small set of papers it is clear that identification of a potential impact of reg-
ulation on innovation requires a precise link between the target of the standard, usually a
specified restriction in physical space (such as miles per gallon or grams of CO2 per kilometer
driven), and inventions that contribute to the relaxation of this restriction. Moreover, it is im-
portant to identify to what extent the standard induces the need for research on breakthrough
technologies as producers are usually able to exploit many substitution mechanisms to com-
ply with new regulations (OECD, 2010). For instance, when confronted with fuel economy
regulation car producers could stimulate consumers to buy vehicles with better fuel economy.
In addition, research to increase fuel efficiency of existing (dirty) combustion technologies is
likely to be a cheaper and a lower risk option than research on breakthrough technologies.
This explains why it is important to measure the potential impact of a standard by taking
its restrictiveness into account, which, in turn, depends both on the time frame announced
for adaptation and its likelihood to be binding. This is precisely what our measure of the
stringency of fuel economy and GHG emission standards across countries and time does, and
why we find that these standards have a significant impact on clean innovation.

This paper continues as follows. Section 2 elaborates on climate regulation in the car
market, discussing the innovation incentives that are provided by different policy instruments.
This section also explains the importance of carefully identifying regulatory stringency and
introduces our measure of standard stringency. Section 3 discusses our data. Section 4
explains our empirical strategy. Section 5 shows our results and section 6 shows our robustness

checks. Section 7 concludes.



2 Regulation in the car market

2.1 Background

Road transport is heavily regulated because driving contributes to several externalities, such
as local air pollution, climate change, congestion and traffic accidents (Parry et al., 2007).3
Our focus is on technologies that contribute to mitigating the climate externality of car use,
so we are interested in the two types of policy instruments that address GHG emissions of
car use: excise taxes on car fuels and standards that regulate either fuel economy or GHG
emissions per unit of distance (Proost and Van Dender, 2011). Though taxes are generally
preferred by economists from a welfare perspective (e.g., Anderson and Sallee 2016), they
are often met with more resistance by the public, compared to standards. For instance, the
French yellow vests protests of 2018 started as a protest against a plan to increase fuel taxes.

Most countries apply both an excise and a value added tax (VAT) to car fuels.* Although
an excise tax could also be levied ad valorem (e.g., Kanbur and Keen 1993), excises in
transport are usually of the specific type and imposed per liter (or gallon) of fuel. This
means that the excise does not vary with the tax-exclusive fuel price. A specific tax on fuel
can be seen as a first best Pigouvian instrument to correct for the market failure caused by
damages of climate change as a result of greenhouse gas emissions from car use.’ Instead,
a VAT is specified as a percentage over the sum of the tax-exclusive price and the (specific)
excise, and therefore does vary with the fuel price. Car fuel is typically taxed at the same
VAT rate as other goods.

Fuel taxes differ considerably across countries (see also section 3). The US taxes fuels at
a much lower rate than most European countries or Japan, for instance. The fuel tax rates
have been relatively stable in real terms over the past two decades. They are typically either
increased every few years, though some countries index the excise to the general price level.
Some countries tax gasoline and diesel at the same rate, whereas others apply different rates.

For instance, diesel is taxed more heavily than gasoline in the US, whereas it is the other way

3 Additional reasons to tax transportation include road maintenance, oil dependency and raising revenue.
4An exception is the US, which does not impose VATs but instead uses sales taxes. Excise taxes are also

applied, both at the federal and at the state level.
5CO; emissions are linked one-to-one to the carbon content of the fuel used for combustion in cars (Parry

et al., 2007).



around in the Netherlands. There are several reasons to tax gasoline and diesel differently.
One important reason is that tax competition induces governments to tax trucks, which use
diesel and drive long distances, at lower rates than passenger vehicles, which are more likely
to use gasoline and stay within their own tax jurisdiction. An important reason for trucks
to use diesel is that a liter of diesel contains more energy than a liter of gasoline, meaning
that vehicles can drive a longer distance with one liter of fuel (better fuel economy). Though
diesel contains more COs per liter than gasoline, its fuel economy implies that emissions
per kilometer are lower than for gasoline. This is also why diesel fueled passenger cars are
interesting from a climate policy perspective.

From a regulatory perspective the choice of the tax rate of the specific tax matters a lot.
In particular, diesel contains more COsq per liter than gasoline, but its higher energy content
implies that emissions per kilometer driven will be lower than for a gasoline car. So the fact
that tax rate for diesel per liter is typically lower than for gasoline is in line with policies that
aim to reduce CO, emissions per kilometer driven, whereas an equal rate per unit of carbon
would not take the difference in fuel economy into account. A higher tax on diesel could be
justified by concerns over air quality, for which diesel is more damaging than gasoline (Parry
et al., 2007). In general, higher rates always imply higher stringency as these always increase
the cost per unit and typically punish less (carbon) efficient cars relative to the more efficient
ones.

The other instrument of interest is standards. Although many standards play a role in
the context of the automotive industry (Vollebergh and Van der Werf, 2014), the policy
standards that are typically relevant for climate change regulation of car use are those on
fuel economy or on GHG emissions of cars and trucks. First, fuel economy standards, i.e.
standards that restrict kilometers (miles) driven per liter (gallon) of fuel, have existed for a
long time and aim to reduce the amount of fuel per kilometer driven. Higher fuel efficiency
typically also reduces GHG emissions as it means less fuel use per kilometer driven. Because
GHG emissions are directly related to fossil fuel use, these standards also guarantee lower
emissions per kilometer driven.

Second, standards on GHG emissions, i.e. standards that specify COy emissions per

kilometer driven, regulate emissions more directly. Because a specific abatement technology



for GHG emissions from fossil fuel based combustion in cars is not available, however, such
a standard also implicitly regulates fossil fuel driven cars and (depending on its coverage)
trucks. When applied to a specific car, a fuel economy (km/liter) and a GHG (grams of
CO2/km) standard are essentially equivalent as kilometers per liter (fuel economy) and COq
emissions per kilometer are inversely related through a fixed amount of COs per liter of
fuel Anderson et al. (2011). However, the standards for automobiles are usually much more
involved and differ along multiple dimensions. Standards typically set a minimum (maximum)
on a car manufacturer’s sales-weighted average fuel economy (GHG emissions). Hence, such
a standard only has an indirect impact on fuel demand of a particular model as the overall
supply of different types of models is affected. In particular, not all vehicles have to satisfy the
given standard level as long as the manufacturer’s weighted average does. Such a standard
provides car manufacturers with the freedom to respond in different ways.

Table 1 summarizes the fuel economy and GHG emission standards for the countries that
have (had) mandatory standards and that are included in our analysis.® It is important
to note that these standards are typically introduced as targets that car producers should
meet in a specified year in the future. They can be voluntary or mandatory. Our analysis
mainly focuses on the EU, the US and Japan, which are the three leaders in the automotive
industry, both in terms of R&D and regulation. The US has the longest history of regulating
fuel economy, introducing its first Corporate Average Fuel Economy (CAFE) standards for
passenger vehicles and light trucks in the 1970s. Japan’s Top Runner program, introduced
in 1999, sets targets based on the current top performer in the industry. In recent years the
EU has been most stringent in its GHG emission regulations. Canada, Korea and Mexico
also have mandatory standards.

From table 1 it is clear that regulatory standards on fuel economy and GHG emissions
indeed differ in many important respects. First, the choice of the regulatory base of a standard

matters a lot and contains more degrees of freedom compared to a specific tax. The traditional

S Australia, New Zealand and Turkey do not have mandatory targets for GHG emissions or fuel economy.
Switzerland follows EU standards. The UK was still in the EU for the entire sample period. The Czech
Republic, Hungary, Poland and Slovakia entered the EU in 2004, i.e. before the European standards became
binding, and did not have any binding restrictions before accession. The other countries that we cover are all

in the table (or have been in the EU since before 2000).

10



EU
1998/1999 Voluntary agreements reached with European, Japanese and Korean carmaker associations.
Target of 140 grams of CO2 per km (NEDC) for 2008, with intermediate targets for
2003/2004 of 165-175 grams per km. Only two firms actually achieved the 2008 target.

2009 First mandatory target set at 130 g/km (NEDC) for 2015. Phase-in from 2012.
2013 Target for 2021: 95 g/km (NEDC), based on vehicle weight.
2019 Targets set for 2025 (81 g/km NEDC) and 2030 (59 g/km NEDC), representing a 15%
and 37.5% reduction from the 2021 target, respectively.
Japan
1979 First fuel economy standards set for 1985.
1993 Standards set for 2000
1999 Top runner program introduced, targets set for 2010. New targets are based on the

performance of the current top performer. Targets vary by fuel type and vehicle weight.
Overall fuel economy expected to be 15.1 km/1 (JCO08) if all firms meet target.

2007 Targets set for 2015: overall target 16.8 km/1 (JCO08).

2011 Targets set for 2020: overall target 20.3 km/1 (JCO08).

2019 Targets set for 2030: overall target 25.4 km/1 (WLTP).
US

1978-2010  Corporate average fuel economy (CAFE) standards. Tightened until 1985, then slightly
loosened and tightened before stagnating from 1990.

2006 CAFE reform adopted. Standards based on vehicle size (footprint), transition period
2008-2010 with option to comply with the old standards, new standards mandatory from
2011. Additional change: larger passenger vehicles now also included (SUVs, small

passenger vans).

2010 EPA now also responsible for standards (together with NHTSA). Standards set in grams
of CO2 per mile, still measured using CAFE test cycle. Target set at 250 g/m for 2016.
2012 Target set at 163 g/m (CAFE) for 2025.
Canada

1977-2007 CAFC targets harmonized with US standards, but voluntary. In 1982 the MVFCSA was
passed to make standards mandatory, but it was not implemented until 2007.
2007-2010 CAFC targets remained the same, but became mandatory: 8.6 liter per 100 km (CAFE).

2010 Targets set in grams of CO2 per km. New target for 2016: 135 g/km (CAFE).
2014 New target for 2025 (alligned with US): 98 g/km (CAFE).
Korea
2005 First standards announced for 2006-2011. Targets set at 12.1 km/1 (CAFE) for vehicles up
to 1500 cc and at 9.4 for other vehicles.
2009 Standards set for 2015 (phase-in from 2012). All vehicles are required to meet the target,
which is set both in terms of fuel economy and emissions: 16.7 km/1 or 140 g/km (both
CAFE).
2014 Targets announced for 2020: 24.1 km/1 or 97 g/km (both CAFE).
Mexico
2013 First fuel economy standards: 16.7 km/1 (CAFE) in 2016. No new regulations implemented,

but standards for 2016 carried over to 2017 and 2018.

Table 1: Changes in fuel economy and GHG emission standards for selected countries. CAFE,
JC08, NEDC and WLTP are test cycles (more in section 3). Sources: TransportPolicy.net,
ICCT and national legislature.
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standards from the 1970s just regulated the sales-weighted average fuel economy of cars with
a maximum weight per manufacturer. More recently, however, the table illustrates that most
countries switched to attribute-based standards which also take vehicle attributes, other than
fuel economy or GHG emissions, into account. For instance, the US implemented standards
based on the footprint of cars (the vehicle’s wheelbase multiplied by its track width) in 2006,
whereas standards in the EU and Japan are based on vehicle weight. This means that larger
or heavier vehicles are allowed to have higher emissions per kilometer than smaller or lighter
ones.”

Second, another important dimension of standard setting is (like the specific tax) its
selectivity of coverage. In order to be implemented in practice, the regulator has to specify
carefully which cars or trucks are or are not covered by the standard. For instance, the
CAFE standards in the 1970s in the US were restricted by using a maximum car weight.
Recently also so-called multipliers have been added. Multipliers allow manufacturers to
weight particular cars (e.g., electric vehicles) more heavily when computing their average fuel
economy or GHG emissions (Gillingham, 2021).

Third, the strictness of a particular standard matters. Strictness of a standard typi-
cally depends on the target value chosen in physical terms relative to existing performance,
whether and how compliance is enforced or not, and the length of the phase-in period. Clearly,
strictness firstly relates to distance to target in the regulated dimension. Furthermore, stan-
dards can simply be voluntary and do not provide any financial incentive for compliance,
or they could be combined with a fine for firms that do not comply. In that case firms
can choose between compliance and paying the fine. For instance, Jacobsen (2013) shows
that some manufacturers chose not to comply with the American CAFE standards in the

1990s and consistently paid fines.® In addition, supercredits can be used to relax stringency

"Japan has brackets of vehicle weight and a level of fuel economy for each bracket. The EU and the US
work with a linear formula. The higher/larger a manufacturer’s average vehicle weight/footprint, the more

CO: its (sales-weighted) average vehicle is allowed to emit per kilometer.
8 Jacobsen (2013) distinguishes between three groups of firms: those for which the standard is nonbinding

(Asian carmakers and Volkswagen), those that just comply with the standard (American carmakers), and
those that consistently violate the standard and pay the fine (BMW, Mercedes, Porsche). However, fines have
increased in recent years, even causing high-emission car manufacturer Fiat Chrysler Automobiles to pool

its fleet with electric car producer Tesla in exchange for ”hundreds of millions of euros” to comply with EU

12



by providing firms with the opportunity to compensate under-performance in one year with
over-performance in a different year. Finally, and very important for the stringency of a given
standard, is the length of the phase-in period. Standards are typically expressed as targets in
the future and announced years in advance to give firms the opportunity to adjust. Phase-in
periods define the years before the target becomes enforced. For instance, in 2013 the EU
announced its target of 95 grams of COy per kilometer to become fully enforced in 2021,
which allows firms to adjust during 7 years.”?

To illustrate the relevance of the design features of the car standards for their strin-
gency, figure 1 shows standards and performance for the EU, Japan and the US in the same
dimension, i.e. in grams of COgy per kilometer measured using the NEDC test cycle (we
elaborate more on test cycles in section 3). The coloured line in figure 1 is the most recently
announced target. So the level of the target changes when a new target is announced, not
when it becomes enforced (starting date of the announced target). The black line shows
average performance, measured at the same scale as the target. To determine the stringency
of a particular announced target or standard, we use two criteria: i) whether the announced
target is voluntary or not; ii) if not, whether the standard is below the contemporaneous
average performance level, i.e. to what extent is is really binding. The coloured line is blue
and marked with diamonds if non-binding, red and marked with triangles if binding. For
example, the EU had only voluntary targets until 2009, when it announced its first manda-
tory standards (supported by fines), which were subsequently tightened in 2013 and 2019.
Japan has had mandatory standards in place for the whole period, but these were not binding
for the average firm between 2013 and 2018. Standards in the US were mandatory but not
binding for the average firm until 2010, when more stringent targets were announced. Figure

5 in the appendix shows a similar graph for Canada, Korea and Mexico.

standards and avoid fines (Financial Times, 2019).
9 Another aspect of the phase-in period is that in the years between announcement and enforcement of the

target, some intermediate targets become binding. For example, in 2020 the target of 95 grams per kilometer
was mandatory, but only for 95% of the fleet (i.e., firms were allowed to drop the dirtiest 5% of their fleet

when computing their sales-weighted average emissions).
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Figure 1: Average performance and standards converted to COg emissions per kilometer
(NEDC). Standards are defined as the most recently announced target level. They are binding

if the target is mandatory and lower than average performance. Source: ICCT.
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2.2 Innovation effects

In theory both taxes and standards can provide an incentive for car manufacturers to improve
their vehicles’ climate performance. Fuel prices, and taxes in particular, have been shown
to impact consumer behavior. It is well-known that prices and taxes influence the marginal
decision to use a car (e.g., Espey 1998),'0 but it has been shown more recently that fuel prices
and taxes may have different impacts. Davis and Kilian (2011) and Li et al. (2014) find that
taxes are more effective at reducing fuel consumption than prices. Indeed, also the demand
for vehicles is sensitive to fuel prices and taxes. For instance, Busse et al. (2013) and Allcott
and Wozny (2014) show that fuel prices affect the demand for vehicles, depending on their

1" Possible explanations for the difference between fuel prices and taxes are

fuel economy.!
that tax changes are perceived as persistent and most likely upward, whereas price changes
may be temporary and less predictable. Additionally, tax changes may be more salient than
tax-exclusive fuel price changes.

A shift in demand towards vehicles with better fuel economy incentivizes innovators to
redirect their attention towardsless dirty technologies. Indeed, Aghion et al. (2016) apply the
DTC model to the automotive sector to show that researchers shift their efforts from dirty
technologies (the traditional combustion engine) to gray (improved fuel efficiency) and even
clean ones (hybrid, electric, hydrogen) in response to higher tax-inclusive fuel prices, as long
as dirty, gray and clean vehicles are substitutes. Tax incentives in the consumer market that
directly stimulate penetration of clean vehicles, e.g. by providing very low or even zero tax
brakes for zero-emission cars, are likely to play a similar role here (see also D’Haultfceuille
et al. 2014). If demand for clean vehicles increases, it becomes more profitable for researchers
to develop clean technologies.

A similar argument can be made for standards. Car manufacturers have a variety of

%K nittel and Tanaka (2021) show that fuel prices also affect driving behavior. They estimate that 19% of

the price elasticity of fuel consumption is due to improvements in fuel-conserving driving.
' Allcott and Wozny (2014) find that consumers value discounted future fuel expenses only 76% as much

as they do the vehicle purchase price and attribute this to bounded rationality. Busse et al. (2013) do not
find evidence of such myopic behavior. Gillingham et al. (2021) use evidence from a natural experiment to
show that consumers undervalue fuel economy. Leard et al. (2021) also find evidence of undervaluation of fuel

economy by consumers.
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margins along which they can adapt to stricter GHG emission regulations (e.g., Gillingham
2021; Reynaert 2021). How firms respond precisely depends on the design of the standard.
If a fuel economy standard applies to a firm’s sales-weighted average of emissions, a natural
solution for the firm would be to adjust its vehicle mix. For instance, the firm could shift
from selling high-emission to more low-emission vehicles.!? It is well established that car
manufacturers have some degree of market power and thus some price-setting ability (e.g.,
Berry et al. 1995). In this way the standard works as an implicit tax on dirty vehicles (Bento
et al., 2020). Without changing their vehicle mix, firms have also been shown to trade off
vehicle characteristics (Knittel, 2011). For instance, they can reduce a particular model’s
weight or horsepower to improve its fuel economy.

Alternatively, firms can adopt different car technologies to comply with more stringent
regulations. Klier and Linn (2016) use vehicle-level data and estimate technology frontiers
to show that observed changes in vehicle characteristics cannot be explained by trading
off vehicle characteristics alone. They interpret this result as evidence that adoption of
emission-saving technologies is another important response to more stringent regulation. Such
technologies should be available however, and require car manufacturers to have invested in
these new, cleaner technologies earlier in order to accommodate additional demand into such
clean technologies.!?

So both taxes and standards provide car manufacturers with an incentive to improve the
climate performance of their fleet, which, in turn, would induce researchers to also switch
away from dirty to gray and even clean innovation. However, the incentives between the
instruments could be substantially different. Since the effect of a specific tax goes through

the demand side of the vehicle market, the elasticity of demand for climate performance with

21t can do so by switching from gasoline vehicles to diesel vehicles, which have better fuel economy, though
diesel vehicles face stricter air quality regulation in most countries. It could also shift from large, heavy, high-
emission vehicles to smaller and lighter vehicles. The incentive to make cars smaller and lighter is reduced,
however, if attribute-based standards are in place. Using bunching analysis, Ito and Sallee (2018) even show
that Japanese firms increased vehicle weight in response to weight-based standards. This, of course, harms

overall fuel economy.
131n addition to mix-shifting, changing vehicle characteristics and technology adoption, Reynaert and Sallee

(2021) show that car manufacturers in the EU game policies by making their vehicles perform better in the

lab where they are tested than they do on the road.
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respect to fuel prices is the key determinant. Fuel economy improvements through retrofitting
dirty technologies are likely to be the cheapest and most important option here.'* This
solution is likely to become less important if demand side (tax) policies explicitly start to
stimulate clean technologies such as electric or hydrogen cars in niche markets, for instance
with reduced or even zero rates for specific technologies such as electric cars. To comply
with standards, however, firms themselves face a trade-off between the potential responses
outlined above. Car manufacturers are likely to weigh the costs of mix-shifting, trading off
vehicle characteristics and investing in new research and its direction.

Furthermore, the innovation inducement effect is determined by the strength of the policy
impulse, i.e. the stringency of the regulation. For instance, small changes in fuel tax rates
or a weak or voluntary standard are likely to induce a very different response compared
to higher tax rates or more strict standards on the climate performance of the overall car
park of a manufacturing company. Innovation is expensive and will only take place if more
research is likely to be profitable (or if it is directly subsidized, of course). The stronger the
policy impulse, the more likely it is that breakthrough technologies will become part of firms’
cost-efficient response and radical research in this area will pay off. For taxes this means
that the more expensive it becomes to drive a dirty vehicle, the more likely consumers are to
switch to a gray or even clean one. For a standard the incentive to do more research on new
technologies depends on the manufacturer’s needs to improve its (future) performance in the
face of a stricter standard.

Finally, innovation is a dynamic process that takes time. Hence, expectations about
future policies or announcements of targets for future years matter for current decisions about
innovation investments. One would expect the fundamental characteristics of fuel prices as
well as both instruments to play an important role here as well. One such characteristic
is that fuel prices can be (very) volatile, while both taxes and standards are much more
predictable because they are rarely decreased. The stronger effect of taxes relative to fuel
prices due to the persistence and salience arguments mentioned above illustrate this (Davis

and Kilian 2011; Li et al. 2014).'® For standards the announcement date of a new target is

Up to some (thermodynamic) point.
15These papers investigate the differential effect of taxes and prices on driving. The same difference may

be present for consumers’ choice to buy a vehicle, though we are not aware of any studies that investigate this
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relevant because this determines a particular date in the future for the firms to comply. As
mentioned above, a firm’s response to this announcement might indeed involve investment in
more research on alternative technologies.!® The likelihood that firms will invest more into
research is likely to be higher if compliance will be difficult without selling a larger share of
models using breakthrough technologies in the future.

So both fuel taxes and climate standards are expected to positively affect clean innovation
and dirty innovation negatively, while the predicted effect on gray innovation is ambiguous.
Several factors, such as stringency and timing, determine the strength of these effects and
can lead to differences between the effects of the two policies. Determining which of the
policy instruments has a stronger impact would require a detailed modelling of the firm’s
decision making, taking into account the many margins along which firms can respond to

both policies. This is beyond the scope of our paper.

2.3 Stringency of fuel taxes and standards

The subsection above discusses the importance of properly measuring regulatory stringency,
both for taxes and for standards, when estimating the effect of policies on innovation. In-
struments often vary along multiple dimensions, which are difficult to compare. Indeed,
Brunel and Levinson (2013, 2016) identify this multidimensionality of instruments as one of
the primary obstacles to measuring stringency.!” The challenge is to capture those features
that really determine regulatory stringency in a one-dimensional measure or to control for

different dimensions separately.'®

link.

6Dekker et al. (2012) show the relevance of such expectations for innovators in the context of regulation

by air quality standards on coal fired power plants.
"Brunel and Levinson (2013, 2016) also discuss simultaneity, industrial composition and capital vintage

as obstacles. Simultaneity refers to the issue that the consequences of stringent regulation may also be its
determinants (highly polluted cities may be more likely to introduce stringent pollution regulation). Indus-
trial composition is a particular example of simultaneity. The capital vintage argument poses that many

environmental regulations feature different rules for older sources of pollution than for new ones.
¥ Brunel and Levinson (2013, 2016) discuss several potential solutions, namely composite indices (e.g.,

Johnstone et al. 2012), pollution abatement expenditures (e.g., Brunnermeier and Cohen 2003), and shadow
prices (e.g., Van Soest et al. 2006). All these approaches have disadvantages or are infeasible for us. We use

the approach they label as direct assessment of regulation. Importantly, the broader the scope of a measure,
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We carefully measure the stringency of both instruments to test the prediction that the
instruments induce clean innovation. Stringency measures should be comparable across coun-
tries and capture the instruments’ key determinants that matter for the innovation incentive.
Our measures indeed focus on the three key design elements that matter for innovation, as
discussed in the previous subsections: the instrument’s tax or regulatory base, its level of
stringency in the regulated dimension, and its timing. Fuel taxes can be relatively easily
compared in these three dimensions. First, fuel taxes have the same tax base over time, i.e.
fuel use of either gasoline or diesel which is directly linked to the regulated dimension (either
fuel efficiency or GHG emissions). Second, its stringency is defined by the level of the tax
rate which can easily be converted to one currency and adjusted for differences in purchasing
power between countries and over time. Third, tax changes happen over a relatively short
time frame (typically about one year between announcement and implementation). They de-
pend on the political process and are usually persistent and bounded from below, as discussed
before.

For climate standards, however, this comparison is much more involved. We develop a
simple and intuitive measure of the stringency of fuel economy and GHG emission standards.
In order to do so we first convert all standards to the same units and test cycle, namely
grams of COg per kilometer measured using the New European Driving Cycle (NEDC). We
elaborate more on this process in the next section. We then decompose the target into its
main features: its level relative to current performance, whether or not it is binding, and
its time horizon (see also figure 1). Combining these features we compute stringency for
each country and year as the yearly reduction in COs per kilometer that the average car
manufacturer in a country needs to achieve to comply with the most recently announced

target. It is computed as follows for country c in year t.

Actuale — Targete

Stringencys = Bindinge: , (1)

TargetYeary —t

where Actual is the current actual performance of the average car manufacturer, Target is
the level of the most recently announced target, T'argetY ear is the year in which firms need

to comply with the target, and Binding is an indicator that is one if the target is mandatory

the more difficult it is to keep comparability. That is, comparing countries’ overall environmental stringency

is harder than comparing the stringency of particular regulations.
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Figure 2: Stringency for the EU, Japan and the US defined as the average required annual
reduction in COg emissions per kilometer (NEDC) to meet the most recently announced

target, computed following equation (1). Source: ICCT.

and more stringent than current performance and zero otherwise. Let us illustrate with an
example. In 2009 the EU announced its first mandatory target: 130 grams per kilometer
in 2015. Average emissions in 2009 were 145.7 grams per kilometer, so the standard was
binding. The required annual decrease is thus 2.62 grams per year (15.7 grams in 6 years).

Figure 2 shows our stringency indicator for the EU, Japan and the US, which are the
dominant jurisdictions both in terms of environmental policy and in terms of innovation.
Figure 6 in the appendix shows a similar graph for Canada, Korea and Mexico. The difference
between the EU and the US on the one hand and Japan on the other hand is striking.
Stringency in Japan was relatively stable and positive until 2008, while standards in the
EU and the US were not yet binding. Japan’s stringency then declined due to improved
performance and a lack of ambitious targets, whereas the EU and US started introducing
binding targets and gradually increasing their stringency. Meanwhile Canada largely followed
the US, Mexico had low stringency even in the brief period in which its regulation was
binding, and Korea’s stringency drastically increased in recent years as the 2020 target was
approaching but performance lagged behind.

To identify the impact on a dynamic variable like innovation requires accounting for an-

ticipation effects as discussed in the previous subsection. Defining stringency as the required
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annual improvement does exactly this. We start counting from the year in which a policy
is announced, which is when car manufacturers receive the impulse to start innovating. If
performance does not improve, the need for a breakthrough innovation becomes stronger as

the target year approaches.

3 Data

3.1 Patents

This paper uses patent counts as a measure of innovation. Patent counts is the most widely
used measure of innovation in the empirical economic literature despite its drawbacks, which
include the fact that not all innovations are patented and that the values of patents are highly
heterogeneous. Furthermore, patents measure the outcome of the innovation process, rather
than the inputs, such as R&D investment and number of researchers. A patent represents an
invention and does not indicate much about technology diffusion and adoption. Despite these
drawbacks, patents are often used, as there are no better alternatives. R&D investment, for
instance, is the closest substitute but it is often not available at the firm level and cannot
easily be classified by technology. Concerns about firms’ propensity to patent and patent
values will be addressed by including firm fixed effects and using only a select group of
patent families.

Patent data has been collected from the October 2020 version of the Patstat database,
which is maintained by the European Patent Office (EPO).!? Patstat includes over 100 million
patent records from 90 patent issuing authorities around the world. The oldest patents
go back to the 19th century. This database provides a wealth of information about each
invention’s technologies, applicants and inventors. The patent data is used to establish a
panel of counts by firm and year for each category (dirty, gray, clean). The sample includes
3646 distinct patent holders and the years 2000 until 2016. We chose 2000 as the starting year
to have enough pre-sample data available to create weights and to control for fixed effects and
because fuel economy performance data, which we need to compute our standard stringency

measure, is only available from that year onward. We selected 2016 as the end year because

9For more information about the Patstat database see https://www.epo.org/searching-for-

patents/business/patstat.html.
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this is the last year for which the October 2020 version of Patstat is complete. This is due to
the delay between patent applications, grant decisions and updating of the database (Aghion
et al., 2016).

Selected patents are classified as dirty, gray or clean based on their International Patent
Classification (IPC) code, which categorizes patents by the type of technology they protect.
In selecting patents we used the same criteria as Aghion et al. (2016), who base their selection
on work by the OECD (e.g., Vollebergh 2010) and conversations with patent experts. Dirty
inventions relate to the internal combustion engine. A subgroup of these dirty patents are
gray, meaning that they aim to improve the fuel efficiency of the internal combustion engine
in particular (making dirty less dirty). The other subgroup is classified as purely dirty. Clean
inventions are those related to hybrid, electric and hydrogen vehicles and fuel cells. We classify
hybrid vehicle technologies as clean to keep consistency with the classification used by Aghion
et al. (2016), though hybrid vehicles use fossil fuels and could therefore also be classified as
gray. Electric and hydrogen powered vehicles are purely clean, as long as renewable energy is
used to generate their power source. We also refer to these as breakthrough technologies.?"
Table 2 shows the IPC codes belonging to each category and table 3 shows some examples
of the technologies.

Patents are counted at the family level to prevent double counting of inventions. A patent
family includes all patent applications that cover the same invention. A family may include
multiple applications at the same patent office and it may contain applications for the same
invention in multiple countries. Each family has at least one priority patent, which is the
first application of a certain invention. There are multiple ways of defining a patent family
(Martinez, 2010). We use DOCDB families, which are provided by Patstat. These families
are constructed by patent examiners and may have multiple priorities. We count each family
in the year of the earliest application within the family, as is standard in the literature.
According to Griliches (1990), firms file a patent application early in the invention process,
which means that the priority date is close to the date of invention.

A well-known issue with patent data is that the value distribution of patents is skewed

20We use the term breakthrough because these technologies allow vehicles to drive without emitting any
GHG emissions. We do not classify individual patents or patent families as breakthrough or radical as is done

by, for instance, Acemoglu et al. (2021).
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Technology IPC codes
Dirty patents
Internal combustion engine F02B, F02D, FO2F, F02M, FO2N,
F02P

Gray patents
Fuel efficiency of internal combustion engines F02M 39-71, FO2M 3/02-05,
FO02M 23, F02M 25, F02D 41,

F02B 47/06
Clean patents
Hybrid vehicles B60K 6, B6OW 20, B60L 7/1,
B60L 7/20
Electric vehicles B60L 11, B60L 3, B60L 15,

B60K 1, B6OW 10/08,

B60W 10/24, B60OW 10/26
Hydrogen vehicles B60W 10/28, B60L 11/18
Fuel cells HO1M 8

Table 2: Technologies and IPC codes of the patents used in this paper. In selecting the IPC
codes and classifying them as clean, dirty and gray we follow Aghion et al. (2016). Note that
gray patents are a subgroup of dirty patents. To find the exact definition of each code, see
https://www.wipo.int /classifications/ipc/ipcpub/.

IPC code Definition

Dirty
F02B 1/08  Engines characterised by fuel-air mixture compression with

separate admission of air and fuel into cylinder

Gray

F02M 23/06 Apparatus for adding secondary air to fuel-air mixture dependent
on engine speed

Clean
B60L 1/04 Supplying electric power to auxiliary equipment of electrically-

propelled vehicles fed by the power supply line
HO1IM 8/18  Fuel cells; manufacture thereof: regenerative fuel cells, e.g.
redox flow batteries or secondary fuel cells

Table 3: Some examples of the technologies belonging to the different classes of patents used
in this paper.
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(e.g., Scherer 1965; Schankerman and Pakes 1986). There are many patents that have little
economic value and the distribution has a long tail with some inventions that are highly
valuable. In order to exclude inventions with little value we follow Aghion et al. (2016) and
select only triadic patent families. These families include at least one application at the EPO,
one at the Japan Patent Office (JPO) and one at the American USPTO. The idea here is
that applying for a patent is costly, which means it is only worth the cost if the invention
is likely to be profitable. Furthermore, this approach limits the sample to inventions with a
potential for international application, because protecting an invention abroad is only worth
the cost if there is a possibility to use or sell it internationally.

Figure 3 shows the total number of dirty and clean patents per year for the period 1978-
2016. Dirty patents peak in 2010 and clean and total patents in 2011, which is broadly
consistent with the findings of Probst et al. (2021) and with aggregate country level data
from the OECD.?! The figure clearly shows that the number of patent applications falls after
its peak for both clean and dirty patents. The graph also shows that yearly clean patents have
overtaken dirty ones in 2009 and stayed higher since. The total number of patent families
selected for the sample period 2000-2016 is 34,622, of which 16,627 are classified as clean
and 19,392 are dirty.?2 Almost half (9,223) of the dirty patents are aimed at increasing fuel
efficiency and are thus classified as gray, and the rest (10,169) are purely dirty. About half of
the clean families relate to hydrogen vehicles or fuel cells (8,497). The other half mostly exists
of patents for electric vehicles (7,816). A total of 3,670 patents relate to hybrid technologies,
most of which (2,923) are also classified as electric.

Most patent applications mention multiple applicants. We assigned a patent family to
the organization or individual that is mentioned as applicant on the highest number of appli-
cations within that family. In case of a tie we assigned an equal fraction of the family to all
those applicants that were tied. We then manually checked the list of applicants and matched

those that were mentioned multiple times with slightly different names (e.g. Toyota Motor

21The aggregate data is available at https://stats.oecd.org/ under “Science, technology and patents”. Total
triadic patent families in the category “Selected environment-related technologies” peaked in 2011. The same

is true for patent by Japanese and German applicants (those by American applicants peaked in 2012).
22Some patent families contain IPC codes that fall into both categories and are thus counted both as clean

and as dirty. This is the case for 1,397 families (about 4% of all families), most of which (1,098) are for hybrid

car technologies.
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Figure 3: Number of triadic patent families per year. Total consists of all families used
for this paper, but is not the sum of clean and dirty as some patent families fall into both

categories. The sample period used is 2000-2016. Source: Patstat.

Corporation and Toyota Motor Europe). This reduced the number of different applicants
from 4,279 to 3,646. The majority of applicants are companies (72%), and the remaining
applicants are either individuals (20%), universities (4%), non-profit organizations (2%) or
unknown (1%). All of the largest patent holders are companies. Interestingly, it is not just
the car manufacturers themselves who innovate. In fact, though most car manufacturers do
appear in our patent data, the majority of firms that apply for car-related patents are suppli-
ers of components or research firms. For instance, two of the firms that hold most patents in
our data set are Toyota, a car manufacturer that does much of its R&D in-house, and Bosch,
a large supplier of vehicle components. As car manufacturers look for ways to improve fuel

economy, they may decide to innovate or to buy new technologies from their suppliers.

3.2 Fuel taxes and prices

Data on fuel taxes and prices is obtained from the International Energy Agency’s (IEA)
Energy Prices and Taxes database.?3 This database contains annual energy prices for many

countries and several energy sources, such as such as diesel, gasoline, LPG and electricity.

Z3For more information about the IEA database see https://www.iea.org/subscribe-to-data-services/prices-

and-taxes.
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When selecting the database that is in each country’s local currency it also distinguishes be-
tween excise taxes and value added taxes (VATSs).?* We take tax-exclusive and tax-inclusive
fuel prices and the excise tax and convert them to 2015 US dollars using the OECD’s purchas-
ing power parities (PPP) conversion rates. For the purpose of this paper we are interested
in car fuels, so for each country we take the (unweighted) average of the diesel price and the
gasoline price.?’ We include fuel prices and taxes for 30 countries.?

Figure 4 shows the evolution of excise taxes and tax-exclusive fuel prices for selected
countries as used in our estimations. Excise taxes vary considerably across countries. The
US has a a low excise tax and European countries generally have high taxes. Japan is in
between. Excises are relatively stable in the time dimension. This is not surprising, as many
countries index their excise to the general price level and our measurement of the tax corrects
for differences in purchasing power (both across countries and over time). Tax-exclusive fuel
prices are much more volatile and follow a highly similar trend in all countries. A large
part of the time series variation is due to (tax-exclusive) oil prices, which means that most
countries experience the same shocks. Level differences between countries are due to variation
in transportation costs and purchasing power.

Fuel taxes and prices are measured at the national level, whereas patents are measured

at the firm level. We therefore follow Noailly and Smeets (2015) and Aghion et al. (2016)

24The database provides separate excises and VATs for all countries in our data set except the US. We
thus supplement this data set with data from the American Highway Statistics, published by the Federal
Highway Administration (see https://www.thwa.dot.gov/policyinformation/statistics/2019/). The US has
federal excise taxes of 18.4 and 24.4 cents per gallon on gasoline and diesel, respectively. These have been at
the same level since 1993. States also collect excise taxes, so we add the average state-level excise (weighted

by volume taxed) to the federal one.
2There are several types of gasoline (leaded, unleaded, regular, premium). We take premium unleaded 95

if it is available for a country in all years (2000-2016), and otherwise regular unleaded. Prices and taxes for
at least one of those two fuels are available for all countries. Diesel prices are available for all countries in our

data set.
26The countries are Australia, Austria, Belgium, Canada, Chile, the Czech Republic, Denmark, Finland,

France, Germany, Greece, Hungary, Ireland, Italy, Japan, Korea, Luxembourg, Mexico, the Netherlands, New
Zealand, Norway, Poland, Portugal, the Slovak Republic, Spain, Sweden, Switzerland, Turkey, the United
Kingdom and the United States.
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Figure 4: Excise tax and tax-exclusive fuel price in 2015 US dollars (PPP) for selected

countries. Both are computed as the average of diesel and gasoline. Source: TEA.

27



and create firm level excise taxes as follows (prices are computed in the same manner).

FuelTax; = Z wf;-FuelTath, (2)
C

where c indicates a country and fwi is a weight that captures firm ¢’s exposure to country c¢’s
market. These weights are computed as follows.

WF — wh G D P35 3)
T o wl GDEY

where wg is the share of firm i’s pre-sample patent applications that were filed in country ¢.2”
The pre-sample period runs from 1978 until 1999. We use all pre-sample patent applications
by the firms in our data set to construct these weights, so not only those in triadic families
concerning car technologies. This is to increase the number of firms for which pre-sample data
is available. The idea behind these weights is that a firm will protect its inventions in those
places where it believes it is going to sell its product. Hence, a firm’s patent portfolio should
be a reasonable proxy for its sales distribution by country and thus its exposure to these
countries’ fuel prices. This is a common method of measuring firms’ exposure to country-
level variables (e.g., Noailly and Smeets 2015; Aghion et al. 2016). We follow Dechezleprétre
et al. (2021) and further weight by pre-sample GDP to reflect market size.?® Aghion et al.
(2016) show that geographical sales weights and patent portfolio weights are highly correlated
for some large automotive companies. This approach incorporates firms’ home bias: the fact
that their home market is often disproportionally important (Dernis et al., 2001). We use
pre-sample portfolios to establish weights to assure their weak exogeneity. Almost half (1722)
of the 3,646 firms in the sample do not have any pre-sample patents. These firms are given

the average weights of the other firms.

3.3 Standards

Data on standards and their announcement dates is gathered from TransportPolicy.net, which

is a website created by the International Council on Clean Transportation (ICCT) and Diesel-

2TNote that a patent application is filed at a national patent agency. A patent family may include patents

that are filed at different agencies. These weights thus add up to 1.
28The exponent 0.35 is added because patent weights already partially reflect market size (see Deche-

zleprétre et al. 2021). Setting the exponent to 0 or to 1 does not change our results in a meaningful way.

Pre-sample GDP is computed as the average over the years 1995-1999.
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Net.?9 It contains an overview of regulations on transportation for many countries and in-
cludes the standards that we study in this paper. We restrict our attention to standards for
passenger vehicles (PVs), rather than those for light commercial vehicles (LCVs) or heavy
duty vehicles, because PV standards are more common and typically more stringent than
LCV standards. In addition, new standards for LCVs are often announced at the same
moment as PV standards and are therefore likely to be closely correlated to our proposed
measure of stringency. PVs are also a larger source of CO5 emissions.?°

Standards are measured in different units across countries (see also Table 1). The EU, for
instance, sets standards on GHG emissions, measured in grams of COs per kilometer, whereas
the US initially used standards measured in miles per gallon of fuel, and now has standards
on emissions in grams of COs per mile. Japan has standards expressed in kilometers per liter.
In addition, countries use different test cycles to determine a car’s fuel economy or emissions.
The four most used ones are the American CAFE test cycle, the New European Drive Cycle
(NEDC), the Japanese JCO8 cycle and the Worldwide harmonized Light vehicles Test Cycles
(WLTC). Cycles differ, among other things, in the amount of city driving relative to highway
driving and the average speed during the test (An and Sauer, 2004). This means that even if
the American standard (measured using the CAFE cycle) is converted from grams per mile
to grams per kilometer, it is still not equivalent to the European standard (measured using
NEDC). To circumvent this issue we use a conversion tool for standards, developed by the

ICCT.3! This tool allows one to convert standards across test cycles and units. We use this

29Some additional data was needed for Japan and was acquired from the website of the Energy Conservation
Center Japan (eccj.or.jp). Japan’s targets vary by weight group, which means that they are not straightforward
to aggregate. One would need to weight by the (expected) distribution of vehicle weights. However, the
regulatory documents of the ECCJ mention the expected overall fuel economy if the standards are met. We

circumvent the aggregation problem by using this overall expectation as the target.
3For instance, 12% of total EU emissions comes from PVs versus 2.5% from LCVs. See

https://ec.europa.eu/clima/policies/transport/vehicles /regulation.
31This tool is available on the ICCT website. See https://theicct.org/chart-library-passenger-vehicle-fuel-

economy under “Sources and tools”. The conversion tool requires the fleet average diesel penetration (average
of the two countries) as an input (Kiihlwein et al., 2014). The share of diesels in new car registrations has been
negligible in the US and Japan, whereas in the EU it has risen from around 30% to around 50% in the sample
period (Dfaz et al., 2017). Since we convert American and Japanese standards to the European NEDC, we

use a diesel penetration of 20%. None of the results hinge on this parameter choice.
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tool to convert all standards to grams per kilometer (NEDC). Canada, Korea and Mexico
also have mandatory standards. For several reasons we have not included these countries in
all specifications.3?

Converting targets into the same units and test cycle does not give us a reliable measure
of the stringency of the standards, however. As described in section 2, we use data on average
performance in terms of COs emissions per kilometer to compute the required reduction to
meet the most recently announced target. The average performance data is gathered from
the ICCT, which collects the data from government agencies.?? This data concerns the sales
weighted average of newly sold cars and is converted by the ICCT to the NEDC test cycle.
It is thus comparable with the targets discussed above.

Based on this data we compute our country specific stringency measures for the different
standards at the country level. To translate these stringency measures into firm specific
levels we take the same approach we use for fuel prices, i.e. using weights that reflect market
exposure. However, the weights are somewhat different to those for taxes, as some countries
are left out for standard stringency. Portfolio shares are computed over all pre-sample patents

filed in EU countries, the US and Japan.?* The standard stringency measure for each firm i

is thus computed as follows.

3
Stringency; = Z wiStringencyrt, (4)

r=1

where 7 = 1, 2, 3 represent the EU, Japan and the US and

P 0.35
S, wE,GD PO

32None of these three countries has had mandatory standards for the entire sample period (2000-2016),
meaning we cannot include the level of their target. Canada and Mexico have some missing data points in
their performance data (2011-2015 missing for Canada and 2015 for Mexico). We use linear interpolation to
fill in these values and compute stringency. Korea has had a target that was mandatory for all vehicles rather
than for a sales-weighted average, making it difficult to compare across countries. Since we do not face any of

these issues for the EU, Japan and the US, we mainly focus on those countries.
33This data is available at https://theicct.org/chart-library-passenger-vehicle-fuel-economy.
34In the specifications with Canada, Mexico and South Korea these countries are also used to create weights.

The weight assigned to the EU is based on all pre-sample patent applications in countries in our data set that

use the EU standard.
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Since stringency is 0 when a standard is non-binding, and we take natural logarithms in our

regressions, we use log(1 + Stringency).

3.4 Knowledge stocks, spillovers, R&D subsidies, GDP

The same patent data discussed above is used to establish separate stocks of clean and dirty
knowledge, which proxy for a firm’s R&D experience and productivity. These stocks are

updated each year using the perpetual inventory method:
Ko = (1-6)Kciu—1+ Pou and Kpit = (1= 0)Kpit-1 + Ppir,  (6)

where § is the depreciation rate of knowledge, which accounts for the fact that some knowledge
becomes obsolete over time. We set the knowledge depreciation rate at 20%, which is a value
often assumed in the literature (e.g., Aghion et al. 2016).

All explanatory variables are included as their natural logarithm. Since knowledge stocks
are zero until the first patent application, we follow the standard approach in the literature
and add an arbitrary constant (equal to one) to all knowledge stocks to avoid taking the
logarithm of zero. In addition, we add three dummies to the regression: one to indicate that
Kc¢it = 0, one for Kp;; = 0 and one in case both are equal to zero (Blundell et al., 1999).

In addition to firm level knowledge stocks, we account for knowledge accumulation at the
country level. Jaffe et al. (1993), for instance, show the importance of location in knowledge
spillovers. Since patents are recorded at the firm level and many firms operate from several
countries, we need a method to create stocks at the country level. Since we are interested
in geographical spillovers, it makes sense to consider the location where R&D takes place,
rather than the location where firms sell their product.

We follow Aghion et al. (2016), who create weights that link firms to countries based on
the location of firms’ inventors. Each patent file mentions its applicants and inventors, as
well as their country of residence. We analyze patents at the applicant level, but use inventor
location to create weights. For each firm in our data set we pool all the inventors that are
mentioned on the patents we selected. We then define the (time-invariant) weight w’ of firm
1 for country c as the proportion of firm ¢’s inventors that are located in country ¢, according
to the patent applications. Note that these weights are different from those used for prices,

taxes and standards, which are based on patent applications (rather than inventor location).
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The spillover stock of firm ¢ for technology s is then defined as follows.

Spillover;s = Z wgSpilloverCist where Spillovergss = Z ngjst, (7)

c i
where K4 is the firm-level knowledge stock. In words, the spillover stock for firm 4 in country
¢ exists of the cumulative knowledge stocks of all other firms that have inventors located in
country ¢, weighted by the proportion of each firm’s inventors that are located in country c.
Another potential determinant of innovation that we control for are R&D expenditures by
national governments. We take this data from the IEA’s Energy Technology RD&D Statistics,
which specifies government R&D budgets for a variety of technologies.?® We use government
support for energy efficiency in the category transport (category 13). These subsidies are
mainly aimed at gray technologies, i.e. improving the efficiency of the internal combustion
engine (Aghion et al., 2016). We do not have data on which firms received subsidies, so
we use weights again to measure the exposure to government support. Since governments
subsidize firms that do research in their country, we use the inventor location weights w’<,

rather than the market exposure weights that we use for taxes and standards.
Our final control variable is GDP per capita, which is meant to capture overall economic
conditions at the country level. We collect this data from the OECD database. We measure
GDP in 2015 dollars (PPP). We use the same market exposure weights that we use for taxes

and prices to transform GDP per capita to a firm-level variable.

4 Empirical strategy

4.1 Choice of estimator

Our dependent variable is a count of patents, so we use count models to estimate our regres-
sions. Our regression equation is the following.
Pig =exp (B log(Si—1) + Bua 10g(F Ty 1) + By log(FPy1) + Bt log(RDjt 1)
+ Bs5 log(KCit—1) + B log(K Dji—1) + Bs710g(SCit—1) + Bssg log(SDjr—1)

+ B log(PPy) + Bst0log(PPD;) + wirs ) + tist (8)

35For more information about the TEA database see https://www.iea.org/data-and-statistics/data-

product/energy-technology-rd-and-d-budget-database-2.
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where i denotes a firm, s denotes a technology (either clean or dirty in most regressions),
and t is the year. S is standard stringency, F'T is the fuel excise, F'P is the tax-exclusive
fuel price, and RD are R&D expenditures. KC' and K D are the firm’s own clean and dirty
knowledge stocks, respectively. SC and SD measure exposure to stocks of knowledge at the
country level to reflect spillovers of clean and dirty knowledge, respectively. PP and PPD
are time-invariant variables based on pre-sample patenting to control for firm fixed effects.
Finally, w includes control variable GDP per capita, dummies for when firm-level knowledge
stocks are zero (three dummies: one for no clean knowledge, one for no dirty knowledge, one
for when both stocks are zero), and a complete set of year dummies, u;g is the idiosyncratic
error term.

We use three models to estimate the effects of our variables of interest on the direction of
innovation. The standard models for count data are Poisson and negative binomial.?¢ The

Poisson distribution has a single parameter A and its mean and variance are equal.
E(P) = Var(P) = A, 9)

where we parameterize \ for individual ¢, technology s and year t as \jst = exp( Xyt Bs+mi+14).
The negative binomial distribution adds overdispersion to the Poisson distribution. That

is, its variance can be larger than its mean. We specify its mean and variance as follows.

E(P) = A (10)

Var(P) = (1 +9), (11)

where 0 is the overdispersion parameter. If it is zero the two distributions are equal. We use
the negative binomial model as our baseline because our patent data shows overdispersion.
The negative binomial distribution is thus a better fit than Poisson. An advantage of the
negative binomial model is that its coefficients are easy to interpret as elasticities, like for
the Poisson model. We specify overdispersion to be constant across observations.?”

The third model we use is zero-inflated Poisson (ZIP), which is appropriate in the presence

of excess zeros in the dependent variable. It simultaneously estimates the extensive margin

36 A linear model could predict a negative number of patents for certain inputs, whereas Poisson and

negative binomial models never predict fewer than zero patents.
37That is, we use the NB1 model from Cameron and Trivedi (2013), chapter 3.
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(whether or not to innovate) and the intensive margin of innovation (how much to innovate).
We define 7 as the probability that a firm does not engage in research. The idea is that there
are two potential explanations for observing zero patents: the firm did not do any research

or its research was not successful.?® The ZIP distribution’s mean and variance are as follows.

E(P) = (1 — m)A (12)

Var(P) = (1 — m)A + 7(1 — m)A% (13)

It thus accounts for a specific type of overdispersion, namely the presence of excess zeros.
We estimate the binary decision on whether or not to do research with a Logit model using
the same explanatory variables that we use for the intensive margin (which is Poisson).3?
This means that the number of parameters to estimate is doubled, compared to the Poisson
model. A disadvantage of the ZIP model is that the estimated coefficients are not as easy to
interpret as those of the Poisson and negative binomial models. That is because each variable

affects both the intensive and the extensive margin. To see the overall effect one needs to

analyze the marginal effects.

4.2 Identification

The main challenge in identifying the effect of regulation on innovation is to specify regu-
latory stringency for both taxes and standards in an appropriate manner, as discussed in
section 2 and 3. In addtition, we also identify two econometric challenges. First is the po-
tential presence of unobserved firm characteristics that lead to differences in the propensity
to patent. We cannot use standard fixed effects models as not all our variables satisfy the

strict exogeneity assumption. We address this by using pre-sample data to proxy the firm

38Hence, we can specify the probability of observing a particular number of patents Pis; as follows:

7+ (1 —7)Poi(0,A) if Py =0
Pr[P = Pist| Xut] =

(1 —W)POi(Pist,)\) if P;s¢ > 0.
39Hence, the probability that firm ¢ does not engage in research into technology s in year ¢ is modeled as

exp(XuBE + i + 1)
1+ exp(XitBE +mi + 1)’

Tist =

where BF are the parameters for the extensive margin. The intensive margin parameters are denoted by 7.
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fixed effects. Second is the potential endogeneity of our regressors, as innovations may im-
pact future standards, taxes and fuel prices. We address this by using lagged variables where
necessary.

A well known problem in patent regressions with fixed effects is that knowledge stocks,
which are an important determinant of new innovations, are not strictly exogenous (Blundell
et al., 1995). This violates the assumptions of the standard fixed effects count data model
(Hausman et al., 1984) and using this model would lead to biased results. In dealing with
fixed effects we follow the approach of Blundell et al. (1995, 1999) and Noailly and Smeets
(2015), who use firms’ pre-sample patenting behavior to proxy for the firm fixed effect. In
addition, we include a dummy variable that is one for firms that do not have any pre-sample
patents to account for the possibility that these firms are structurally different (in equation
(8) PP counts pre-sample patents and PPD is the dummy). Blundell et al. (1995) defend
this approach by arguing that under the assumption that a firm’s innovative search process
is stationary and follows an AR1 process, average yearly search activity is proportional (up
to a constant) to the firm fixed effect n;. If average pre-sample patenting is a good proxy
for search activity, then it can be used to proxy for the fixed effect. They then show that
the inclusion of these pre-sample variables strongly reduces serial correlation, which suggests
that the fixed effect has been eliminated.

For pre-sample patenting we use two specifications. The first is to use average yearly
patenting in any category (not only clean and dirty car technologies) from the first year in
which a firm files a patent until 1999, the last year of the pre-sample period. We include all
technologies to increase the number of firms that have pre-sample data available and because
overall patenting is arguably a good proxy for the propensity to patent, which is what the
fixed effect captures. This is also the approach taken by Noailly and Smeets (2015). The
second specification is to include both the clean and dirty knowledge stock in year 0, i.e. the
last year of the pre-sample period (1999 in our case). This approach is taken by Aghion et al.
(2016) in the regressions they label as BGVR. Dummies for no pre-sample data are included
in both specifications.

Our second concern is the potential endogeneity of our explanatory variables, especially

standard stringency and fuel prices and taxes. New innovations may influence future regu-
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lation and vehicle demand, which potentially affects fuel prices. We thus use the first lag
of our explanatory variables in our main specifications. This solves the issue of endogeneity
and also makes sense in the context of patenting. A change in regulation may lead firms
to respond by investing in R&D, but it takes time for this investment to result in patents.
Hence, a lag of one year is reasonable. We show specifications with different lag structures
in our robustness analysis.

A final decision considers which years to include in our analysis for each firm. If a firm
applies for a patent in a particular year, we know it is active. However, when a firm does not
apply for a patent, it could be that the firm ceased to exist (or did not yet exist) or that it
was active but just did not do any research (or its research did not result in any patents). In
our main specification, we include only the years in which we know a firm existed. That is,
for each firm we find the first and last year in which it applied for a patent (any category),
and we use those as start and end point of the active period. We show the alternative of
using a balanced panel, which includes many more zeros, in our robustness checks. In each
regression we only include the firms that have at least one patent in the relevant category.

So firms with only dirty patents are not included in clean patent regressions.

5 Results

5.1 Main results

Table 4 shows our main results for counts of clean and dirty patents (columns 1-3 and 4-6,
respectively). All of our estimations include fixed effects as described above, a full set of year
dummies, GDP per capita, and dummies that indicate a knowledge stock of zero. We use the
negative binomial model for our baseline results. Column 1 shows that both our indicator
of standard stringency and the excise tax have a positive and significant effect on clean
patenting. The coefficient of 0.19 for stringency can be interpreted as an elasticity: a 10%
increase in 1+ Stringency increases clean patenting by almost 2%. Similarly, a 10% increase
of the fuel excise is associated with an almost 3% increase in clean patenting. The positive
and significant impact of our two main variables of interest on clean patenting confirms the

prediction that both taxes and standards induce clean innovation. The point estimates do
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Clean Dirty

nm @ © @ G (©
Standard stringency 0.191***  0.190*** 0.096 0.115*
(0.067)  (0.063) (0.066)  (0.067)
Fuel excise tax 0.284*** 0.245** -0.137 -0.172
(0.107) (0.112) (0.151) (0.157)
Tax-exclusive fuel price  -0.316 -0.554 -0.582* -0.751**
(0.415) (0.399) (0.305) (0.326)
R&D subsidy -0.143 -0.298* 0.007 0.123 0.152 0.191
(0.168)  (0.173)  (0.164) (0.183)  (0.192)  (0.194)
Clean knowledge stock  1.034***  1.029***  1.022*** -0.077**  -0.072*  -0.080**
(0.024)  (0.025)  (0.026) (0.035)  (0.038)  (0.035)
Dirty knowledge stock -0.002 0.001 0.002 1.090*  1.084***  1.089***
(0.016)  (0.017)  (0.017) (0.044)  (0.049)  (0.045)
Clean spillover 0.193* 0.0873 0.143 0.030 0.088 0.003
(0.099)  (0.089)  (0.098) (0.091)  (0.104)  (0.094)
Dirty spillover -0.189** -0.105 -0.154* -0.022 -0.063 0.002
(0.090)  (0.086)  (0.090) (0.076)  (0.082)  (0.081)
Pre-sample average 0.082***  0.079***  0.086™** 0.044**  0.047**  0.047**
(0.013)  (0.013)  (0.014) (0.022)  (0.022)  (0.021)
Pre-sample zero 0.485***  0.467***  0.511*** 0.292***  0.294***  0.306***
(0.053)  (0.053)  (0.057) (0.059)  (0.058)  (0.059)
In(9) -0.023 -0.018 -0.012 0.075 0.085 0.080
(0.105)  (0.105)  (0.106) (0.138)  (0.142)  (0.140)
Observations 25280 25280 25280 23439 23439 23439
Log likelihood -16842.3 -16853.2 -16872.7 -15265.4 -15271.3 -15273.0

Table 4: Baseline regression results for clean and dirty patents. Estimation is done using
the negative binomial model (with overdispersion parameter §). Robust standard errors are
clustered at the firm level and reported in parentheses. All regressions include knowledge
stocks, spillover stocks, GDP per capita, dummies for knowledge stocks that are equal to
zero (to account for firm fixed effects), pre-sample patents and a dummy for no pre-sample
patents, and a full set of time dummies. All (time-variant) regressors are included as their

first lag. Stars indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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not change much when we leave out either the fuel tax and price (column 2) or stringency
(column 3).

The tax-exclusive fuel price and R&D subsidies have no significant impact. This is not
entirely surprising, as the tax-exclusive price mainly captures level differences in prices, whilst
price shocks, which are highly similar across countries, are absorbed by the time fixed effects.
R&D subsidies are measured rather imprecisely, as we do not observe which firms are subsi-
dized, and this might explain the absence of a significant effect. The marginally significant
and negative impact of the R&D subsidy in column 2 is apparently related to the absence of
the fuel price and might be also affected by the fact that these subsidies are mainly aimed at
gray technologies (Aghion et al., 2016), which shifts resources away from clean initiatives.

Firms’ own clean knowledge stocks have a strong and positive effect on clean patenting,
whereas own dirty knowledge is insignificant. This confirms the DTC prediction that inno-
vation is path dependent. A firm that has gained expertise in a particular area is likely to
continue on the same path. The clean spillover has a positive effect, albeit only significant
at 10%, while the dirty spillover has a negative and stronger significant effect. This indicates
that local spillover effects are indeed a determinant of innovation. Pre-sample patenting is
highly significant in all specifications, which suggests it captures the propensity to patent.
The coefficient for the average number of yearly patents is positive, meaning that firms that
applied for more patents in the pre-sample period, were also more likely to patent during the
sample period. The dummy that indicates firms with no pre-sample patents is positive, which
means that these firms are more likely to patent than other firms during the sample period.
To a large extent, this captures patenting by firms that did not exist during the pre-sample
period.

Surprisingly, we find no evidence that standards and excise taxes affect dirty patenting
(columns 4-6). DTC theory predicts a negative effect, as firms would shift resources from
dirty to clean innovation when regulation makes clean driving more attractive. However,
we only find a negative impact of the tax-exclusive fuel price and only with significance at
the 10% level (and at 5% when stringency is left out). Although this is the expected sign,
it is surprising that the exclusive price has this effect whilst the excise tax does not. The

impact of own knowledge stocks is as expected with a strong positive effect of dirty knowledge
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and a smaller, negative effect of clean knowledge. This is another confirmation of the path
dependence prediction. We also do not find a significant effect of the spillover stocks on
dirty patenting. These results on own clean and dirty knowledge stocks are consistent with
the literature, which has shown that past innovations are an important predictor of future
patenting (Blundell et al., 1995).

Our results on standard stringency contribute a new insight to the literature. The most
closely related work to ours is Aghion et al. (2016), who study the innovation effects of
tax-inclusive fuel prices. They find a strong, positive effect of fuel prices on clean patents
(coefficient around 1.0) and no impact from standards. Our coefficient for the fuel excise is
smaller, but also significantly positive, while the coefficient for the tax-exclusive price is not
distinguishable from zero, however. For dirty patents Aghion et al. (2016) find a significant
coefficient of around —0.5. The coefficient we find is of similar size but for the tax-exclusive
price and not for the excise. We show the results of regressions that include the tax-inclusive
price in our robustness analysis.

Our findings provide evidence that not only fuel taxes but also GHG emission standards
strongly induce clean innovation for automobile technologies and the search for breakthrough
technologies. Apparently our stringency indicator captures an important aspect of firms’
innovation decisions. To interpret the magnitude of the effect it is best to consider the average
value of log(1+ Stringency) in our clean sample (used in columns 1-3), which is 0.68, and its
standard deviation, which is 0.59. A one standard deviation increase in log(1 + Stringency)
is associated with an 11% increase in patenting for clean technologies. Our finding that
regulation did stimulate clean patenting, but did not direct much research away from the
dirty options is also interesting. Apparently regulation was not strong enough to reveal such
an asymmetric impact and car manufacturers still had confidence in the future of the dirty

market during our sample period.

5.2 Disaggregated technologies

In this subsection we take a closer look at the technologies that make up our clean and dirty
categories. As noted before we label clean technologies, in particular electric and hydrogen

vehicles and fuel cells, as breakthrough technologies. Electric and hydrogen vehicles are

39



Electric Hydrogen/fuel cell ~ Hybrid Gray Purely dirty
(1) (2) (3) (4) (5)
Standard stringency 0.297*** 0.223*** 0.130 0.115* 0.0482
(0.105) (0.080) (0.120) (0.065) (0.068)
Fuel excise tax 0.202 0.150 -0.379* -0.005 -0.246
(0.194) (0.154) (0.226)  (0.166) (0.202)
Tax-exclusive fuel price  -0.758 0.185 -2.214%** 0.417 -1.024***
(0.778) (0.466) (0.545) (0.477) (0.357)
R&D subsidy -0.058 -0.193 0.150 -0.039 0.135
(0.294) (0.222) (0.380)  (0.333) (0.221)
Clean knowledge stock ~ 0.751*** 1.096*** 0.594*** 0.019 -0.057
(0.039) (0.040) (0.046) (0.055) (0.061)
Dirty knowledge stock ~ 0.241*** -0.215%* 0.472**  1.037*** 0.966***
(0.040) (0.038) (0.040) (0.035) (0.083)
Clean spillover 0.317** 0.056 0.082 0.257** -0.129
(0.133) (0.116) (0.180) (0.120) (0.095)
Dirty spillover -0.291** -0.036 -0.092  -0.283*** 0.150*
(0.131) (0.096) (0.155) (0.010) (0.090)
Pre-sample average 0.090*** 0.028 -0.065* 0.022 0.042
(0.026) (0.019) (0.037) (0.030) (0.028)
Pre-sample zero 0.522%** 0.436*** 0.355***  0.630*** 0.191**
(0.102) (0.068) (0.138) (0.105) (0.077)
In(9) 0.421%** 0.034 0.179 0.144 -0.164
(0.139) (0.133) (0.186) (0.162) (0.181)
Observations 11257 16848 5512 10342 18986
Log likelihood -7081.9 -11316.3 -3475.9  -6779.6 -11576.9
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first lag. Stars indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 5: Regression results for disaggregated technology classes. Estimation is done using
the negative binomial model (with overdispersion parameter ). Robust standard errors are
clustered at the firm level and reported in parentheses. All regressions include knowledge
stocks, spillover stocks, GDP per capita, dummies for knowledge stocks that are equal to
zero, pre-sample patents and a dummy for no pre-sample patents (to account for firm fixed

effects), and a full set of time dummies. All (time-variant) regressors are included as their



completely clean, provided that the electricity and hydrogen that powers them is generated
using renewable energy. Although hybrid vehicles still use gasoline, they also use technology
strongly related to electric vehicles and therefore we also categorize them as clean. All dirty
patents relate to the internal combustion engine but we consider the patents that aim to
improve fuel efficiency as gray and the others as purely dirty. One could argue that hybrid
technologies belong in the gray category, but we follow Aghion et al. (2016) and classify them
as clean. As described in section 3 some patent families belong to multiple categories.

Table 5 shows the results of our estimations for the disaggregated technologies. We include
the same explanatory variables as in our baseline, so we do not compute separate knowledge
stocks for each technology class.*’ Columns 1 through 3 show that the positive effect of
stringency that we find for clean patenting is mostly driven by technologies for electric and
hydrogen powered vehicles. Interestingly, the effect of the fuel excise is not significant at the
5% level for any of the three clean categories, whereas we found a significantly positive effect
for the aggregate measure of clean innovation in table 4. This difference could be due to the
decreased sample size in our disaggregated estimations.

Our results for hybrid technologies are quite different from those for the other clean
categories (see column 3). Although the standards also have a positive impact here, it is
much smaller and insignificant. Moreover, both the fuel excise and the tax-exclusive fuel
price have a negative impact. In particular, the impact of the tax-exclusive fuel price on
patenting is strong and highly significant. Apparently a rise in this price affects research in
this category negatively as is more or less similar to the research impacts on the purely dirty
technologies (see Column 5). The only difference between these two categories is the highly
significant positive coefficient for clean knowledge stocks for the hybrid category. This justifies
our choice to still categorize this as a clean, although not as a breakthrough technology.

Column 4 shows the results for gray technologies, i.e. technologies that aim to make the
internal combustion engine more fuel efficient. Our stringency indicator also has a positive
impact here, though only significant at the 10% level. This might be explained by the fact
that an increase in fuel efficiency of the (very) large share of current cars sold on the market

contributes more strongly to compliance than the other technologies that still had to find their

40The differences in the number of observations come from the fact that we include only firms with at least

one patent in the relevant category.
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way to consumers. Furthermore, we find no evidence of an effect for excise taxes, exclusive
prices and R&D subsidies.

Our results clearly provide evidence for a strong impact of regulation on breakthrough
technologies, while neither fuel excises nor tax-exclusive fuel prices seem to play a role.
Though our estimation of the pooled clean technologies shows a positive and significant
impact of the fuel excise, no such evidence could be found for the clean technologies separately.
Interestingly, research related to fuel efficiency, our gray category, resembles to some extent
the pattern of research in in electric and hybrid cars. At the same time research on hybrid and
purely dirty technologies resembles the (negative) predictions on research effort by the DTC
literature, in particular through the tax-exclusive fossil fuel price channel. In our robustness
analysis we further investigate to what extent our results are sensitive to the specification of

policy instruments, especially in the time dimension.

6 Robustness analysis

6.1 Alternative estimators

This subsection shows our main regressions estimated using the Poisson and ZIP estimators.
The overdispersion parameter § is substantially greater than 0 in our baseline regressions,
meaning that the negative binomial model fits our data better than the Poisson model (which
is a negative binomial model with 6 = 0). Table 10 shows our results for the baseline estima-
tions with clean and dirty patents, estimated using the Poisson and ZIP models. Looking at
the Poisson results in columns 1 and 2, the main results still hold. Stringency and the excise
tax have a significant impact on clean patenting, but not on dirty patenting.

Columns 3 and 4 show our results for the zero-inflated Poisson model. We simultaneously
estimate the extensive margin, i.e. the decision whether or not to innovate, and the intensive
margin, which shows, given that innovation takes place, the number of patents that are filed.
The extensive margin is estimated using a logit model and predicts the probability that a firm
does not engage in research. Hence, a positive coefficient for the extensive margin implies
a positive effect on the probability not to patent (i.e., a negative effect on the probability

to patent). For the intensive margin a positive coefficient implies that, conditional on doing
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Clean Dirty Clean Dirty

Poisson Zero-inflated Poisson
Intensive Extensive Intensive Extensive
(1) (2) (3) (4)
Standard stringency 0.150*** 0.084 0.158* 0.041 0.085 0.186
(0.072) (0.070) (0.081) (0.127) (0.072) (0.123)
Fuel excise tax 0.291** -0.244 0.013 -0.534** -0.308**  -0.899***
(0.132) (0.204) (0.138) (0.235) (0.144) (0.246)
Tax-exclusive fuel price -0.500 -0.493 -0.739 -1.124 -0.134 -0.136
(0.497) (0.391) (0.497) (0.837) (0.382) (0.791)
R&D subsidy -0.050 0.160 0.098 0.632 -0.055 -0.009
(0.236) (0.218) (0.289)  (0.431) (0.234)  (0.425)
Clean knowledge stock 1.048*** -0.091*** 0.853***  -1.075*** -0.008 -0.037
(0.025) (0.032) (0.023) (0.062) (0.029) (0.074)
Dirty knowledge stock -0.015 1.115%** 0.036**  -0.143*** 0.931%*  -1.099***
(0.017) (0.045) (0.016) (0.055) (0.028) (0.066)
Clean spillover 0.166 0.013 0.140 -0.184 0.091 0.119
(0.119) (0.101) (0.123) (0.192) (0.088) (0.154)
Dirty spillover -0.183* -0.013 -0.162 0.091 -0.086 -0.105
(0.106) (0.095) (0.111) (0.185) (0.075) (0.136)
Observations 25280 23439 25280 23439
Log likelihood -18467.5 -16672.7 -17188.4 -15301.0

Table 6: Regression results for alternative estimators. Estimation is done using the Poisson
(columns 1 and 2) and ZIP (columns 3 and 4) models. Robust standard errors are clustered at
the firm level and reported in parentheses. All regressions include knowledge stocks, spillover
stocks, GDP per capita, dummies for knowledge stocks that are equal to zero, pre-sample
patents and a dummy for no pre-sample patents (to account for firm fixed effects), and a
full set of time dummies. All (time-variant) regressors are included as their first lag. Stars

indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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research, the expected number of patents increases with this variable. For stringency we
observe only a marginally significant effect along the intensive margin (p value of 0.051).
The coefficient does have the expected sign. There is no effect along the extensive margin.
In other words, more stringent standards do not lead to more or fewer firms actively doing
research, but the firms that already do research do so more intensively.

Interestingly, the excise tax does not have a significant effect along the intensive margin,
but does have a positive effect on the probability to patent (a negative effect on the probability
not to patent). This suggests that whereas standards work through the intensity of research
at already active firms, excise taxes work through the extensive margin by attracting firms
that were not actively engaged in inventions before. Standards do not affect dirty patenting.
Excise taxes have a negative effect on dirty patenting along the intensive margin and a positive
effect on the probability to patent along the extensive margin. These effects are opposite to
each other.4!

Tables 7 and 8 show the results of our regressions with disaggregated technologies using
the Poisson and ZIP model, respectively. Consistent with our baseline results, we find that
the breakthrough technologies for hydrogen fuel cells and especially electric vehicles are re-
sponsible for the positive effect of standards on clean innovation. In the ZIP regressions we
see that this effect comes mainly from the intensive margin, although there is some positive
effect on entry of new firms as well. Fuel taxes do not have a significant effect on electric
and hydrogen vehicle technologies when the technology classes are separated. They do have
a negative effect on hybrid technologies along the intensive margin in the ZIP estimation. As
we found before, standards do not seem to impact dirty patenting. The excise tax does not
affect gray patenting in either model, but has a negative effect on purely dirty patenting along
the intensive margin and a positive effect on the probability to patent along the extensive
margin in the ZIP estimation. Table 7 shows that these opposing effects lead to a negative
but insignificant overall effect in the Poisson model.

The regressions with different estimators show largely similar results to the ones we find in
our baseline. Both standards and excise taxes seem to play an important role, especially for

clean innovation, although the role of the excise taxes is less convincing at the disaggregated

“'When computing the marginal effect it turns out that the intensive margin dominates, i.e., the marginal

effect is negative (—0.13 for the average firm and —0.19 when we take the average marginal effect).
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Electric Hydrogen/fuel cell ~ Hybrid Gray Purely dirty

(1) (2) (3) (4) (5)
Standard stringency 0.304** 0.156* 0.106 0.092 0.030
(0.121) (0.089) (0.133) (0.076) (0.075)
Fuel excise tax 0.322 0.092 -0.480* -0.137 -0.386
(0.269) (0.205) (0.275) (0.207) (0.279)
Tax-exclusive fuel price  -0.261 -0.233 -3.016*** 0.727 -1.203**
(1.066) (0.554) (0.652) (0.533) (0.469)
R&D subsidy 0.285 -0.195 0.126 -0.013 0.192
(0.520) (0.287) (0.513) (0.413) (0.243)
Clean knowledge stock — 0.817*** 1.141%** 0.590*** -0.017 -0.097
(0.044) (0.043) (0.049) (0.050) (0.059)
Dirty knowledge stock ~ 0.193*** -0.229*** 0.491**  1.084*** 1.025%**
(0.038) (0.037) (0.044) (0.039) (0.079)
Clean spillover 0.238 0.046 -0.011 0.273** -0.181
(0.178) (0.148) (0.232) (0.130) (0.115)
Dirty spillover -0.218 -0.036 -0.033  -0.318*** 0.213*
(0.187) (0.117) (0.209)  (0.113) (0.122)
Observations 11257 16848 5512 10342 18986
Log likelihood -8191.0 -12430.3 -3882.2 -7471.1 -12374.4

Table 7: Regression results for disaggregated technologies. Estimation is done using the Pois-
son model. Robust standard errors are clustered at the firm level and reported in parenthe-
ses. All regressions include knowledge stocks, spillover stocks, GDP per capita, dummies for
knowledge stocks that are equal to zero, pre-sample patents and a dummy for no pre-sample
patents (to account for firm fixed effects), and a full set of time dummies. All (time-variant)
regressors are included as their first lag. Stars indicate significance: * p < 0.10, ** p < 0.05,

0k < 0.01.
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Electric  Hydrogen/fuel cell ~ Hybrid Gray Purely Dirty
(1) (2) (3) (4) (5)
Intensive margin
Standard stringency 0.341*** 0.098 0.215 0.062 0.080
(0.110) (0.100) (0.150) (0.090) (0.081)
Fuel excise tax -0.104 -0.051 -0.830***  -0.309 -0.498**
(0.257) (0.211) (0.289)  (0.231) (0.254)
Tax-exclusive fuel price -0.876 -1.016* -3.568*** 0.977 -0.879*
(0.908) (0.544) (0.839) (0.613) (0.481)
R&D subsidy 0.366 -0.016 0.001 0.037 -0.089
(0.488) (0.364) (0.579) (0.433) (0.264)
Clean knowledge stock 0.675*** 0.870*** 0.468*** -0.010 -0.010
(0.043) (0.050) (0.070) (0.054) (0.054)
Dirty knowledge stock 0.174*** -0.148*** 0.431***  0.991*** 0.809***
(0.036) (0.036) (0.056) (0.043) (0.069)
Extensive margin
Standard stringency 0.251* -0.194 0.380 0.008 0.195
(0.151) (0.135) (0.245) (0.226) (0.132)
Fuel excise tax -0.637* -0.387 -1.029 -0.968 -0.857***
(0.362) (0.322) (0.674) (0.590) (0.342)
Tax-exclusive fuel price -0.946 -1.815% -2.518 -0.217 -0.225
(1.224) (1.026) (2.149)  (1.627) (0.927)
R&D subsidy 0.718 0.551 0.136 0.652 -0.240
(0.589) (0.569) (0.961) (0.824) (0.486)
Clean knowledge stock -0.480*** -0.834*** -0.455"*  -0.128 -0.064
(0.084) (0.085) (0.123) (0.139) (0.098)
Dirty knowledge stock -0.343*** 0.217** -0.303***  -0.512*** -0.889***
(0.067) (0.068) (0.094) (0.097) (0.089)
Observations 11257 16848 5512 10342 18986
Log likelihood -7414.0 -11574.7 -3624.0 -7065.1 -11457.8

0k ) < 0.01.
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Table 8: Regression results for disaggregated technologies. Estimation is done using the ZIP
model. Robust standard errors are clustered at the firm level and reported in parentheses.
All regressions include knowledge stocks, spillover stocks, GDP per capita, dummies for
knowledge stocks that are equal to zero, pre-sample patents and a dummy for no pre-sample
patents (to account for firm fixed effects), and a full set of time dummies. All (time-variant)

regressors are included as their first lag. Stars indicate significance: * p < 0.10, ** p < 0.05,



level. This strengthens our confidence in our preferred estimator, the negative binomial

model.

6.2 Standard stringency

This subsection explores alternative specifications of standard stringency to assess whether
they match our baseline result. Tables 9 and 10 show the results for clean and dirty patenting,
respectively. Our baseline regressions include the first lag of our stringency measure, which
is defined as the required yearly reduction in COg2 emissions per kilometer (NEDC) in order
to meet the most recently announced target. We use regulations from five countries and the
EU for our baseline. We start by analyzing two different lag structures. We then restrict our
attention to the three main regulators when it comes to standards. Finally, we employ three
alternative measures of stringency.

In column 1 of both tables 9 and 10 we use the second lag of our indicator, rather than
the first lag. This change has little impact on the results. For clean patents we still find a
significant estimate of around 0.2. For dirty patents we still find a coefficient of around 0.1
that is not significant at the 5% level. The same holds when we use contemporaneous strin-
gency measure instead of the first lag. This finding is not entirely surprising, as innovation
takes time, and one innovation may take more time than another one. The time between the
policy impulse and the moment of invention can range from less than one year to multiple
years. Our preferred specification includes a lag to mitigate concerns about endogeneity. This
robustness check suggests that that is not an issue, perhaps because we analyze anticipation
effects, which already account for the period between announcement and implementation of
a target.

In column 3 we include our stringency indicator computed using only the EU, Japan and
the US, i.e. leaving out Canada, Korea and Mexico. We include this specification because
the data on either standards or performance for the latter three countries is imperfect (see
section 3). This adaption does not alter our results in any meaningful way, which is not
surprising because the countries that are left out generally have small weights compared to
the EU, Japan and the US. Hence, for most firms in our data set the stringency indicator

hardly changes when Canada, Korea and Mexico are left out.
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Clean

(1) (2) ®3) 4) () (6)

Standard stringency (t — 2) 0.206***

(0.075)
Standard stringency () 0.194***

(0.071)
Standard stringency (EU, JP, US) 0.184***
(0.069)
Performance (EU, JP, US) 3.603***
(1.184)
Target (EU, JP, US) -1.046**
(0.408)
Distance to target 0.088***
(0.030)

Fuel excise tax 0.283**  0.279***  0.287***  0.571*** 0.092 0.300"**

(0.110)  (0.107)  (0.106)  (0.160)  (0.122)  (0.107)
Tax-exclusive fuel price -0.304 -0.389 -0.324  -1.040***  -0.166 -0.232

(0.423)  (0.406)  (0.411)  (0.340)  (0.438)  (0.426)
R&D subsidy -0.123 -0.154 -0.139 -0.159 -0.160 -0.140

(0.168)  (0.169)  (0.166)  (0.163)  (0.178)  (0.167)
In(9) -0.020 -0.029 -0.022 -0.032 -0.013 -0.021

(0.106)  (0.105)  (0.105)  (0.104)  (0.107)  (0.106)
Observations 23911 25280 25280 25280 25280 25280
Log likelihood -16024.5 -16838.1 -16846.0 -16843.7 -16856.6 -16844.1

Table 9: Regression results for alternative stringency specifications and clean patents. Esti-
mation is done using the negative binomial model (with overdispersion parameter ¢). Robust
standard errors are clustered at the firm level and reported in parentheses. All regressions
include knowledge stocks, spillover stocks, GDP per capita, dummies for knowledge stocks
that are equal to zero, pre-sample patents and a dummy for no pre-sample patents (to ac-
count for firm fixed effects), and a full set of time dummies. All (time-variant) regressors are
included as their first lag, unless specified otherwise. Stars indicate significance: * p < 0.10,

**p < 0.05, ¥ p < 0.01.
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Dirty

(1) 2 (3) (4) () (6)

Standard stringency (t — 2) 0.144*

(0.074)
Standard stringency (¢) 0.080

(0.068)
Standard stringency (EU, JP, US) 0.090
(0.067)
Performance (EU, JP, US) -1.207
(1.411)
Target (EU, JP, US) -0.845**
(0.373)
Distance to target 0.045
(0.029)

Fuel excise tax -0.143 -0.148 -0.138 -0.285 -0.295* -0.130

(0.172)  (0.151)  (0.151)  (0.237)  (0.178)  (0.151)
Tax-exclusive fuel price -0.651*  -0.623**  -0.598* -0.691* -0.457 -0.540*

(0.371)  (0.303)  (0.305)  (0.355)  (0.332)  (0.310)
R&D subsidy 0.133 0.129 0.127 0.268 0.055 0.123

(0.181)  (0.182)  (0.183)  (0.192)  (0.189)  (0.183)
In(6) 0.082 0.075 0.075 0.079 0.081 0.075

(0.137)  (0.138)  (0.138)  (0.140)  (0.140)  (0.139)
Observations 22084 23439 23439 23439 23439 23439
Log likelihood -14412.2  -15267.2 -15266.4 -15270.5 -15263.4 -15265.4

Table 10: Regression results for alternative stringency specifications and dirty patents. Esti-
mation is done using the negative binomial model (with overdispersion parameter ¢). Robust
standard errors are clustered at the firm level and reported in parentheses. All regressions
include knowledge stocks, spillover stocks, GDP per capita, dummies for knowledge stocks
that are equal to zero, pre-sample patents and a dummy for no pre-sample patents (to ac-
count for firm fixed effects), and a full set of time dummies. All (time-variant) regressors are
included as their first lag, unless specified otherwise. Stars indicate significance: * p < 0.10,

**p < 0.05, ¥ p < 0.01.
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In columns 4 through 6 we include three different measures of standard stringency. Col-
umn 4 shows the results when we only use the first lag of countries’ average performance to
measure stringency (reflecting the same data that we use to compute our stringency measure).
Under the assumption that firms do just enough to meet the target and do not anticipate
potential future impacts of stricter standards, they have no reason to outperform the stan-
dard and average performance would be a reasonable proxy for stringency. This assumption
is questionable, however, as consumers value fuel economy and firms may have an incentive
to improve it even in the absence of regulation. In fact, performance can even be seen as
an inverse proxy of stringency, as firms that perform badly have the largest incentive to
innovate when a binding standard is introduced because of the (discounted) costs of future
non-compliance and the (high) probability of a time lag in innovation. We only include the
EU, Japan and the US in this specification, as the other countries do not have data available
for all years.*?> Note that a higher value for performance (measured as COy emissions per
kilometer) indicates higher emissions for a country’s car fleet, making performance worse.
Indeed, in our regression for clean patents we see that performance has a positive coefficient,
which means that worse performance (higher CO2 per kilometer) is associated with more
clean patenting. In other words, the firms that are furthest away from the target will inno-
vate more. Hence, average performance is certainly a relevant attribute to measure standard
stringency, but it should not be used as a stringency measure independently. As a stringency
measure, performance makes the strong assumption that firms exactly satisfy the target each
year and it does not account for anticipation effects. Our stringency measure uses the dis-
tance between performance and the target and does account for the time dimension. It should
therefore be preferred. For dirty patents we no longer find a significant effect.

Column 5 shows the results when we measure stringency as the most recently announced
target at a given date. Again, as the target is expressed in COq emissions per kilometer, a
low value for the target corresponds to a more stringent standard. In this specification we
include only the EU, Japan and the US, as the other countries did not have standards for
all years. It is not obvious what value to use for target when there is no target, especially

when lower values imply higher stringency. This stringency measure does not account for

42This incompleteness is not a problem for our baseline specification as no standard was in place for the

years for which data is missing. Hence, stringency was 0 in those years due to the binding indicator.
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the time between announcement and enforcement, the difference with current performance,
and whether a standard is voluntary or mandatory. Despite these limitations, column 5
in table 9 shows that the effect on clean patenting is consistent with our baseline result.
The negative estimate implies that a more stringent target (lower value for target) increases
clean patenting. Since we already showed that performance also affects innovation, we prefer
our stringency measure, which accounts both for the target and for performance. Quite
surprisingly, we also find a negative coefficient and thus a positive effect of the target on
dirty patenting in column 5 of table 10.

In column 6 we leave out the time dimension and measure stringency as the distance
between current performance and the most recently announced target, if the standard is
binding for the average firm (so equation (1) but setting the denominator to 1). Contrary to
our preferred indicator, stringency in this specification only increases when a new target is
announced.*® This measure does not take into account, however, that a requirement on firms
to cut emissions by a certain amount in 3 years is more stringent than a requirement to cut
the same amount in 4 years. Column 6 (both tables) shows that this alternative indicator
gives similar results to our baseline for both clean and dirty patents. The effect on clean
patents is positive and significant although there is no significant effect on dirty technologies.

The results in this subsection strengthen our trust in the standard stringency measure we
have developed. It is an intuitive measure that is highly robust to different specifications in
terms of lags and the countries we include. Its separate components also show the expected
signs in most regressions and are highly significant, but do not provide information on all
the relevant attributes of the instrument, i.e. stringency compared to current performance,
timing and whether or not the target is binding, at the same time.

Though we account for several important features of the standards, we are unable to
include all of them. For instance, even though the Binding indicator distinguishes between
voluntary and mandatory standards, we do not include a measure of the (expected) enforce-
ment of mandatory policies. If firms believe a standard will not be enforced (or could be
gamed upon by optimizing the test cycle) they have less incentive to innovate. This is clearly

relevant, but including actual enforcement is infeasible at this stage. A closely related di-

431t also increases when performance gets worse over time, but this is rarely the case (see figures 1 and 5).
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mension is the level of fines. Some firms may be better off paying fines each year than they
are if they invest in innovation. Including fines could be an interesting future extension to
our stringency measure. Other dimensions that we do not take into account are phase-in
periods, supercredits, compensation schemes and exceptions. Furthermore, if a standard is
not binding for the average firm, it may still be binding for firms that perform worse than the
average. We do not account for this type of heterogeneity. Due to the limitations outlined
above we do not use our stringency indicator to predict the exact number of patents that
will result from a particular new standard. Rather, we use our measure to show that these
standards have a clear impact on the direction of innovation. For this purpose we believe

that the strengths outweigh the limitations and that our measure is insightful as such.

6.3 Fuel taxes and prices

In this subsection we include the tax-inclusive fuel price, rather than the excise tax and the
tax-exclusive price separately. As noted before the previous literature did establish its DTC
confirmation based on an estimation that included the tax-inclusive price and a weak measure
for standard stringency (see section 2).4* Table 11 shows the results.

In column 1 we see that if we include the tax-inclusive fuel price in our specification we
find a positive effect on clean patenting like Aghion et al. (2016) at first sight, although our
standard stringency measure is again very robust. Interestingly, if we compare a specification
of our model without our standard stringency measure and R&D subsidies (column 2 for
clean and column 5 for dirty) to be as close as possible to table 5 in Aghion et al. (2016), we
find a consistent outcome, but with a much smaller (for clean) and insignificant coefficient.*?
This suggests that using the tax-inclusive fuel price, rather than the excise and tax-exclusive
price separately, reduces the explanatory power of our model.

There are several potential explanations for these different findings. First, the effect of

“We compare our findings to Aghion et al. (2016) who use the same patent selection criteria, but apply
their analysis to a sample period from 1986 until 2005. They also employ a different estimator in their main
regressions. Their estimator uses a control function to deal with unobserved differences in firm characteristics.
However, they also show estimates for the estimator introduced by Blundell et al. (1999) that is similar to the

one we use (they refer to this is the BGVR estimator).
45 Aghion et al. (2016) also have a measure of (air quality) standard stringency and R&D subsidies, but

these are not included in their estimations shown in their table 5.
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Clean Dirty

(1) (2) (3) (4) (5) (6)

Tax-inclusive fuel price  0.375* 0.249 0.295** -0.361 -0.482 -0.060

(0.228)  (0.238)  (0.133) (0.284)  (0.304)  (0.169)
Standard stringency 0.201*** 0.095

(0.064) (0.064)
R&D subsidy -0.256 0.128

(0.169) (0.189)
GDP per capita 0.441 -0.115 -1.042%  -1.148**

(0.496)  (0.420) (0.521)  (0.535)
Pre-sample average 0.082***  0.087***  0.088*** 0.044**  0.046™*  0.062***

(0.013)  (0.014)  (0.013) (0.022)  (0.021)  (0.019)
Pre-sample zero 0.471***  0.499***  0.501*** 0.295***  0.305***  0.303***

(0.053)  (0.058)  (0.057) (0.057)  (0.058)  (0.060)
In(4) -0.018 -0.006 -0.005 0.072 0.079 0.112

(0.106)  (0.106)  (0.108) (0.136)  (0.139)  (0.148)
Observations 25280 25280 25280 23439 23439 23439
Log likelihood -16848.2 -16882.4 -16882.6 -15265.5 -15275.0 -15294.5

Table 11: Regression results for tax-inclusive fuel prices. Estimation is done using the nega-
tive binomial model (with overdispersion parameter §). Robust standard errors are clustered
at the firm level and reported in parentheses. All regressions include knowledge stocks,
spillover stocks, GDP per capita (unless indicated otherwise), dummies for knowledge stocks
that are equal to zero, pre-sample patents and a dummy for no pre-sample patents (to ac-
count for firm fixed effects), and a full set of time dummies. All (time-variant) regressors are

included as their first lag. Stars indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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the fuel price may have become weaker over the years since we cover a different sample period
(2000-2016 compared to 1986-2005). Second, the effect may still be there but we lack the
statistical power to show it in our regressions. Surprisingly, when we leave out our control
variable GDP per capita, the coefficient becomes significant at the 5% level (column 3). This
is surprising, as fuel prices and GDP per capita are not correlated and GDP per capita was
not significant in column 2. Leaving out GDP per capita in our baseline regressions does not
lead to any meaningful changes.

Columns 4 through 6 show our results for dirty patenting. Again, we find coefficient
estimates that are consistent with Aghion et al. (2016) in terms of their sign, namely negative,
but not in terms of significance. They find a significantly negative relation between fuel prices
and dirty patenting, whereas our coefficients are not significantly different from zero. Leaving
out GDP per capita does not change this outcome for dirty patents like it does for clean ones.
These findings confirm (again) the very robust role of our measure of standard stringency,
but also the importance of separating fuel prices and fuel excises in order to properly identify

the role of policy-driven impulses for innovation.

6.4 Firm fixed effects

This subsection assesses the extent to which our results might depend on our method of
dealing with firm fixed effects. As described in section 4, we use two variables to proxy for
unobserved differences in firm characteristics, namely the average number of yearly patents
in any category during the pre-sample period 1978-1999, and a dummy that is 1 if a firm
has no pre-sample patents. With this approach we follow Noailly and Smeets (2015), who
argue that average yearly patents are a reasonable proxy for the propensity to patent. In
this subsection we explore a different strategy, namely the one used by Aghion et al. (2016)
in their BGVR specifications. They include each firm’s clean and dirty knowledge stocks in
the last year of the pre-sample period as a proxy for the fixed effect, as well as dummies for
zero pre-sample knowledge stocks.

Table 12 shows the results. In columns 1 and 4 we include both yearly patents and
pre-sample knowledge stocks, so we combine our approach with the one from Aghion et al.

(2016). In columns 2 and 5 we include only the pre-sample knowledge stocks. In columns
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Clean Dirty
(1) (2) (3) (4) (5) (6)

Standard stringency 0.190***  0.216**  0.219*** 0.109* 0.126** 0.134**
(0.070) (0.072) (0.070) (0.063) (0.061) (0.061)
Fuel excise tax 0.210** 0.116 0.097 0.049
(0.100) (0.084) (0.099) (0.084)
Tax-exclusive fuel price -0.181 -0.170 -0.101 -0.188
(0.453) (0.425) (0.337) (0.327)
Tax-inclusive fuel price 0.123 0.119
(0.176) (0.157)
R&D subsidy -0.183 -0.300*  -0.350** 0.077 -0.022 -0.055
(0.174) (0.154) (0.153) (0.149) (0.147) (0.143)
Pre-sample KC -0.098***  -0.106™* -0.108*** 0.121* 0.125*  0.125**
(0.032) (0.031) (0.031) (0.064) (0.058) (0.058)
Pre-sample KD -0.083** -0.051 -0.054 -0.348***  -0.321"**  -0.324***
(0.038) (0.040) (0.040) (0.032) (0.031) (0.031)
No KCy dummy -0.292%**  -0.292***  -0.298*** 0.057 -0.001 -0.002
(0.077) (0.070) (0.073) (0.081) (0.074) (0.073)
No K Dy dummy 0.067 -0.021 -0.019 -0.780***  -0.660** -0.665"**
(0.089) (0.080) (0.081) (0.069) (0.060) (0.060)
Pre-sample average 0.0819*** 0.057***
(0.015) (0.019)
Pre-sample zero 0.511* 0.543***
(0.051) (0.052)
In(6) -0.046 -0.019 -0.018 -0.143 -0.133 -0.132
(0.109)  (0.110)  (0.110) (0.129)  (0.129)  (0.129)
Observations 25280 25280 25280 23439 23439 23439
Log likelihood -16800.2  -16889.1 -16890.7 -14932.9 -15012.1 -15012.3

Table 12: Regression results for alternative fixed-effects specifications. Estimation is done
using the negative binomial model (with overdispersion parameter ¢). Robust standard errors
are clustered at the firm level and reported in parentheses. All regressions include knowledge
stocks, spillover stocks, GDP per capita, dummies for knowledge stocks that are equal to zero,
pre-sample patents and a dummy for no pre-sample patents (unless indicated otherwise), and
a full set of time dummies. All (time-variant) regressors are included as their first lag. Stars

indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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3 and 6 we include only the pre-sample knowledge stocks and we include tax-inclusive fuel
prices rather than the price and tax separately (so both the fixed effects specification and the
fuel price are as in the BGVR regressions in Aghion et al. 2016). The results for standard
stringency do not change for clean patenting. We still find a coefficient of around 0.2 that is
highly significant. For dirty patents stringency turns significant at the 5% level when we use
only the alternative fixed effects method. The size of the coefficient does not change much
compared to our baseline results. The effect of the excise tax on clean patenting does depend
on our fixed effects approach. When we use only the pre-sample knowledge stocks, i.e. column
2, the excise is no longer significant. The coefficient is still positive, and slightly smaller than
before. As in table 4, the effect of the tax-inclusive fuel price is positive but insignificant.
When we use both methods (column 1) the coefficient remains significant. Changes to our
fixed effects specification have little effect on our finding for fuel taxes for dirty patents.
The results of this robustness check lead us to conclude that stringency is robust to the
specification of the fixed effect, but that the excise tax is not. It is important to note, however,
that the fixed effect specification mainly affects the precision of our estimate, rather than its

sign or its size.

6.5 Firm and year inclusion

Our next robustness check concerns our decision to include only firms that are active innova-
tors in particular technologies and only the years for which we are sure that firms are active.
In our baseline regressions we only include firms that have patented at least once in the rele-
vant category during our sample period. That is, in the regression for clean patents we only
include firms with at least one clean patent. We also restrict the years that we include for
each firm to the period between its first patent application and its last (for any technology).
We do this in order to exclude years in which a firm did not yet exist or had stopped to exist.
In this subsection we include all firms and all years in our regressions.

Table 13 shows the results. In columns 1 and 4 we include all firms and all years. In other
words, we use a balanced sample of 3646 firms and 16 years. In columns 2 and 5 we include
all firms, but only in their active years. In columns 3 and 6 we include only active firms, but

all years. None of our main results depend on our decisions to include only active firms and
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Clean Dirty

(1) @ (4) (5) (6)
Standard stringency 0.194***  0.191***  0.198"** 0.083 0.089 0.091
(0.064)  (0.065)  (0.066) (0.064)  (0.064)  (0.066)
Fuel excise tax 0.387***  0.358***  0.305*** -0.101 -0.129 -0.115
(0.101)  (0.104)  (0.104) (0.161)  (0.158)  (0.153)
Tax-exclusive fuel price  -0.365 -0.446 -0.280 -0.381 -0.568* -0.404
(0.408)  (0.417)  (0.405) (0.318)  (0.315)  (0.308)
R&D subsidy -0.154 -0.151 -0.149 0.160 0.166 0.130
(0.167)  (0.169)  (0.167) (0.190)  (0.188)  (0.184)
In(9) -0.029 -0.036 -0.014 0.066 0.062 0.080
(0.107)  (0.106)  (0.105) (0.139)  (0.140)  (0.137)
Firms All All Active All All Active
Years All Active All All Active All
Observations 58336 40473 33952 58336 40473 33712
Log likelihood -19339.1 -18058.3 -18000.8 -17997.9 -16669.8 -16539.4

Table 13: Regression results for alternative firm and year inclusion criteria. Estimation is
done using the negative binomial model (with overdispersion parameter §). Robust standard
errors are clustered at the firm level and reported in parentheses. All regressions include
knowledge stocks, spillover stocks, GDP per capita, dummies for knowledge stocks that are
equal to zero, pre-sample patents and a dummy for no pre-sample patents (to account for
firm fixed effects), and a full set of time dummies. All (time-variant) regressors are included

as their first lag. Stars indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Clean Dirty
(1) (2) ®3) (4) () (6)

Standard stringency -0.083 0.287*** 0.135** 0.453*** 0.049 0.067
(0.128) (0.071) (0.060) (0.128) (0.083) (0.058)
Fuel excise tax 0.070 0.257** 0.253** 0.167 -0.185 -0.084
(0.168) (0.129) (0.102) (0.139) (0.168) (0.132)
Tax-exclusive fuel price -0.644 -0.285 -0.203 -0.221 -0.502 -0.433
(0.506) (0.509) (0.406) (0.702) (0.501) (0.293)
R&D subsidy -0.209 -0.224 -0.217 0.679* 0.091 0.055
(0.298) (0.199) (0.167) (0.382) (0.227) (0.186)
In(4) -0.255 0.089 0.227** -0.058 0.108 0.393***
(0.159) (0.107) (0.112) (0.186)  (0.144)  (0.133)
Years 2000-2008 2009-2016 2000-2016 2000-2008 2009-2016 2000-2016
Restricted firms No No Yes No No Yes
Observations 12411 12869 17870 12018 11421 16597
Log likelihood -7673.0 -8935.1 -12508.2 -7825.6 -7257.0 -11581.9

Table 14: Regression results for restricted samples. Estimation is done using the negative
binomial model (with overdispersion parameter d). Robust standard errors are clustered at
the firm level and reported in parentheses. All regressions include knowledge stocks, spillover
stocks, GDP per capita, dummies for knowledge stocks that are equal to zero, pre-sample
patents and a dummy for no pre-sample patents (to account for firm fixed effects), and a
full set of time dummies. All (time-variant) regressors are included as their first lag. Stars

indicate significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

active years, as the estimates for standard stringency and the excise tax are very similar to

those found in our baseline, both in terms of size and significance.

6.6 Restricted years and firms with weights

In our final robustness check we restrict the sample in two ways. First we restrict the sample
period to see whether the Japanese standards or the European and American standards were
most innovation-inducing. We then restrict the firms we include to only those that have

pre-sample patent portfolios to see whether this influences our results.
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As figure 2 in section 2 shows, standards in the EU and the US only became binding for
the average firm in 2009 and 2010, respectively. Stringency then rapidly increased in both
jurisdictions. Japanese standards, on the other hand, were binding until 2012, and stringency
was rather stable before declining from 2009. We estimate our main regressions separately
for the years in which only Japanese standards were binding (2000-2008) and for the years
in which European and American standards became binding (2009-2016). Table 14 shows
the results. Column 1 shows that stringency did not significantly impact clean patenting
until 2008. Interestingly, we find that the excise tax did not have a significant impact either.
Column 2 shows that the period from 2009 until 2016 is driving our main results. These are
the years in which the EU and the US started tightening regulation. Quite surprisingly, we
find in column 4 that the Japanese standards had a highly significant and positive effect on
dirty patenting, until 2008. In the subsequent period (column 5) this effect disappears.

Not all firms in our sample filed a patent before the year 2000. These firms were either
founded in later years or were not yet innovative in the pre-sample period. These firms were
assigned the average market exposure weights to compute stringency, taxes and prices. This
group of firms is not random. Young firms are in this group by construction and may be
structurally different innovators compared to old firms. This concern is especially relevant
for clean innovators, as these are newer technologies. We therefore run our main regressions
with just the firms that have pre-sample patents (and thus have their own weights). Column
3 shows that our main results for stringency and excise taxes do not change much for clean
patenting. The coefficient for stringency is slightly smaller, but still significant at the 5% level,
while the coefficient for the tax is approximately equal to our baseline. Column 6 shows that
our results for dirty patenting are also the same as our baseline. Neither standards nor taxes

have a significant impact. These results strengthen our confidence in the chosen methodology.

7 Conclusion

We find strong evidence that fuel economy and GHG emission standards induce clean inno-
vation. Our indicator of stringency, which takes into account the distance between current
performance and the target, as well as timing and whether a standard is binding, has a sig-

nificantly positive effect on clean innovation in our baseline regressions. This effect is driven
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by inventions in electric and hydrogen vehicle technologies. It is robust to a variety of spec-
ifications. We also find that excise taxes on fuel positively affect clean innovation, which is
in line with the existing literature. Our results for excise taxes are not as robust as those for
standards. We do not find evidence of a negative impact of either policy on dirty patenting,
as is predicted by the DTC literature. We do find that tax-exclusive fuel prices negatively
affect dirty patenting. We find no evidence that R&D subsidies impact innovation. Existing
stocks of knowledge do contribute to further innovation.

These results show that not only prices and price instruments, but also non-market or
command-and-control instruments are an important driver of innovation. Our results have
implications for policy discussions. Since both standards and taxes contribute to clean in-
novation, we cannot conclude that one policy should be preferred over the other from an
innovation perspective. It is important, however, to take the innovation-inducing effects of
both instruments into account when deciding on which policy to implement. We contribute
to the literature on directed technical change by showing the importance of standards for
innovation, and to the literature on regulation of emissions from road transport by showing
the effects of the two most important policies on clean and dirty innovation.

Furthermore, we show that it is important to measure regulatory stringency in a manner
that is appropriate for innovation decisions. Our indicator of standard stringency accounts for
anticipation effects, which are important for dynamic processes like innovation. Interesting
extensions of our work would be to include fines in a similar stringency measure to test
their effect, and to measure stringency at the manufacturer level (an issue with this is that
innovation also takes place at other firms, like component suppliers and research firms). We
leave this for future work. It will also be interesting to test the effects of the stringent
standards that have been introduced since 2016 and that we could not assess because of data

limitations for patents.
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Figure 5: Average performance and standards converted to COgy emissions per kilometer
(NEDC). Standards are defined as the most recently announced target level. They are binding

if the target is mandatory and lower than average performance. Source: ICCT.
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Figure 6: Stringency for Canada, Korea and Mexico defined as the average required annual
reduction in COs emissions per kilometer (NEDC) to meet the most recently announced

target, computed following equation (1).

71



	9422abstract.pdf
	Abstract




