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Abstract

This thesis investigates the effect of environmental policy stringency, proxied by the OECD
environmental policy stringency (EPS) index, on the carbon footprints of different income deciles.
Utilizing a fixed-effects model for 23 European countries from 1994 to 2019, our analysis reveals that a
one-unit increase in the EPS index corresponds to an average reduction of 693.9 kg of CO2 equivalent
in per capita emissions. The highest 10% of earners are found to emit over seven times more than the
lowest 10%. Consequently, higher-income groups also show greater absolute reductions in carbon
footprints compared to lower and middle-income groups. The highest income decile is nearly 8 times
more responsive to changes in policy stringency than the lowest-earning decile. However, calculating
the elasticities of emissions with respect to the EPS, we find that the second to ninth deciles are more
affected by the EPS relative to their initial level of emissions. Market-based policies are shown to be
particularly impactful in diminishing personal carbon emissions, and policy stringency primarily
influences carbon footprints through consumption-based emissions. By enhancing the understanding of
the relationship between household carbon footprints and climate policies, our thesis contributes to
existing literature, highlighting the importance of accounting for the distributional impacts of these

policies to ensure fairness in policymaking.
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1. Introduction

The fairness of climate policies has become a pivotal issue in the push for effective environmental action.
Events such as the Yellow Vests protests in France highlight the concerns of low- and middle-income
groups regarding the economic impacts of environmental policies, particularly on the cost of living
(Mehleb et al., 2021). While low-income individuals and nations contribute proportionately less to global
emissions, they often bear a disproportionate burden of its consequences (Diffenbaugh & Burke, 2019).
According to Chancel (2022), in 2019 the top 10% of the world's income earners were responsible for
48% of global emissions, whereas the bottom 50% contributed only 12% of the total emissions. These
disparities between income groups make it challenging to take collective action as policy implementation
calls for the support of the voting populous, —including lower-income individuals (UNDP HRDO, 2019).
Therefore, our thesis aims to explore the fairness of climate policies by investigating how environmental
policy stringency affects carbon footprints across income groups.

The current literature on climate policies is largely concentrated on investigating the regressivity
of emission taxes. Numerous studies find that because low- and middle-income classes spend a larger
proportion of their income on carbon-intensive goods, they thus, bear a significantly higher financial
burden compared to high-income classes (Feng et al., 2010; Goulder et al., 2019; Parry, 2004; Rausch et
al., 2011; West & Williams, 2017; Wier et al., 2005). In addition, low-income households allocate a
larger portion of their budget to essentials like fuel, as illustrated in Figure 5 (Eurostat, 2015) which
makes reducing emissions more challenging. In contrast, higher-income households can more easily
reduce their carbon footprint by investing in energy-efficient technologies.

This further escalates the disparities between lower- and higher-income households as the
individuals with higher inelasticity bear a greater burden of the climate tax incidence. To address these
disparities, there is a growing consensus on the need for progressive taxation outcomes through revenue
recycling where the revenues from environmental taxes are used for redistribution (West & Williams,
2017). Nevertheless, there is limited empirical evidence on which income group adjusts its carbon
footprint in response to climate policy stringency. Understanding whose consumer behavior is more
elastic is important since it allows policymakers to tailor climate policies that do not pose any
disproportionate burden on specific groups and thus, ensure that the policies are perceived as fair.

Our research fills this gap by investigating the elasticity of consumer behavior across income
deciles in response to environmental policy stringency. In addition, we explore the role of market-based

policies versus non-market-based policies, an analysis that to our knowledge has not been conducted
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previously. We employ a fixed-effects regression where we use the Environmental Policy Stringency
(EPS) index, which measures the strictness of a country's climate policies on a scale of 0 to 6, and
estimate the impact of the index on household carbon footprint for all income deciles. Our study examines
data from 23 European countries from 1994 to 2019.! Europe has been at the forefront of environmental
policy, making it a compelling geographical area to investigate. In 1990, Finland was the first country to
implement a carbon tax and was quickly followed by several other European countries such as Sweden
in 1991 and Denmark in 1992 (Mengden, 2023). In 2005, the European Union (EU) also introduced a
unified cap and trade scheme called the EU Emissions Trading System (ETS) which currently prices
carbon at the highest rate in the world (World Bank, 2023).

Our thesis contributes to the existing literature by addressing the following research questions:

- Does environmental policy stringency influence households’ carbon footprints?

- Does environmental policy stringency disproportionately affect the carbon footprint of low- and
middle-income groups?

- What type of environmental policy measures are most effective in reducing personal carbon
footprints?

- Through what mechanisms does environmental policy stringency influence households’ carbon

footprints?

The thesis is structured as follows. In Section 2, we explore the current literature about climate policy
impacts. In Section 3, we discuss the inequalities in emissions and the development of the EPS index
across the years. In Section 4, we outline the theoretical framework that can help explain the distributional
effects of climate policy stringency. In Section 5, we outline our hypotheses, aligning them with insights
from current literature and theoretical frameworks. In Section 6, we detail the data and the model used
in the study. In Section 7, we present the main findings of our model. In Section 8, we run several
robustness checks. In Section 9, we discuss the findings and potential limitations of our study and finally,

in Section 10, we conclude the paper with final remarks.

! The countries included in our analysis are Austria, Belgium, Czech Republic, Denmark, Estonia, Finland, France, Germany,
Greece, Hungary, Iceland, Ireland, Italy, Luxembourg, Netherlands, Norway, Poland, Slovakia, Slovenia, Spain, Sweden,
Switzerland, and The United Kingdom.
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2. Literature Review

The current literature about carbon footprints, environmental policy impacts, and income distribution can
be roughly divided into two strands of research: (1) studies on the regressivity and/or progressivity of
carbon pricing, and (2) studies on the income elasticity of carbon footprints. To the best of our
knowledge, only a few research papers investigate how environmental policy stringency influences
carbon emissions and those tend to concentrate on emerging economies or countries with the highest
levels of emission. The climate tax is typically found to be progressive in developing countries and
regressive in developed countries (Ohlendorf et al., 2021). Therefore, environmental policy stringency
is likely to have a contrasting influence on the emission levels within European countries as the
households’ basket of goods is expected to be very different compared to those in developing countries.

In general, researchers agree that climate policies, such as carbon taxes, can be an effective way
to mitigate carbon emissions (Koppl & Schratzenstaller, 2023). Such policies encourage individuals to
transition their consumption patterns from environmentally harmful goods to more sustainable
alternatives. However, the distributional impacts of these abatement measures and identifying which
groups bear the primary responsibility for emissions reduction and fostering sustainability efforts, remain
somewhat ambiguous.

The studies in the first strand of research focus on environmental taxes and the analysis of who
bears the largest tax burden —a concept known as tax incidence. These studies commonly find that
environmental taxes are regressive, i.e. that low-income households are more negatively affected by
carbon taxing compared to high-income households (Feng et al., 2010; Goulder et al., 2019; Parry, 2004;
Rausch et al., 2011; West & Williams, 2017; Wier et al., 2005). While high-income households typically
have significantly larger carbon footprints due to better consumption opportunities, low-income
households still bear a higher proportion of their income on carbon pricing (Gill & Moeller, 2018;
Ivanova et al., 2017; Lévay et al., 2021; Mi et al., 2020; Moran et al., 2018).

One explanation for this is that low-income households spend a significantly larger proportion of
their income on carbon-intensive goods such as energy (Feng et al., 2010; Goulder et al., 2019; Lévay et
al., 2021; Rausch et al., 2011). Undoubtedly, carbon tax influences major expenses like heating and
electricity leading to a greater proportion of low-income families' disposable incomes being allocated to
these necessities (Feng et al., 2010). This could indicate that low-income households are more elastic to

environmental policies, i.e. environmental policy stringency forces poorer households to cut down their



consumption as their budget is more constraint. This would lead to a more prominent decrease in their
carbon footprint compared to high-income households.

West (2017) investigated the distributional effects of varying environmental policies, such as
gasoline tax, by employing a two-stage estimation approach with data from the US Consumer
Expenditure Survey. The demand for miles based on vehicle bundle was derived by first estimating a
nested logit model as a function of household and vehicle bundle attributes. The results show that
compared to the highest-earning quintile, lower-income households are in fact more likely to reduce their
consumption in response to a gasoline tax. This price responsiveness can therefore improve the
progressivity of a climate tax in lower-income households. A similar paper by West and Williams (2017)
shows that even in the cases of the regressive gasoline tax, it can be substantially mitigated through tax
revenue recycling, and in the case of lump sum transfers, even be reversed into being progressive.

Contrary to this, it is argued that people with lower disposable income have a harder time
adjusting their emissions since much of their emissions are caused by previously mentioned fixed
necessities such as heating (Chancel et al., 2023). This is supported by a study by Zhang (2015)
investigating the regressivity of a 2008 energy reform that resulted in 50% higher energy prices. She
finds that people with higher incomes are three times as likely to adjust their consumption patterns and
hence, reduce their emissions. Similarly, a meta-analysis by Ohlendorf et al. (2021) investigating 53
empirical studies on the distributional effects of carbon pricing finds that studies on low-income countries
and transport sector policies show a higher probability of tax progressivity.

The second strand of research commonly finds that the income elasticity of emission is non-
linear. In a study by Sommer and Kratena (2017) on 27 EU countries, the researchers find that the income
elasticity decreases when moving from the bottom to the top income quintiles, implying that household
emissions are increasing less than proportionally with respect to income. Therefore, other factors offset
emissions as income rises, such as the ability to afford less carbon-intensive technologies like electric
cars, resulting in a reduction in their carbon footprint. Interestingly, the researchers highlight that indirect
emissions, particularly CH4 emissions stemming from agricultural activities, exert a comparatively
larger impact on households with lower income levels. Therefore, climate policies targeted at indirect
emissions could be more detrimental to the bottom income quintiles.

Similarly, another study comparing developed and developing countries finds that the income
elasticities are less than one in developed countries and more or less proportional in developing countries
(Liddle, 2015). A systematic review of income and expenditure elasticities shows no support for the

income elasticity being equal to unity and further emphasizes that income elasticity varies significantly
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depending on the country and timeframe (Pottier, 2022). Therefore, it is important to examine the income
elasticities on a case-by-case basis.

Income is not the sole determinant of household emissions. Studies find that factors like
household size, geographical location, degree of urbanization, climatic conditions, dwelling
characteristics, and education are likely to influence per capita carbon footprints (Gill & Moeller, 2018;
Ivanova et al., 2017; Lévay et al., 2021; Mi et al., 2020; Moran et al., 2018; Sommer & Kratena, 2017).
For instance, the highest concentrations of emissions are typically located in the richest and largest cities
(Invanova et al., 2017; Moran et al., 2018). Furthermore, Gill and Moeller’s (2018) findings show that
people living in rural areas are more affected by climate policies, especially ones imposed on direct
energy use.

There is limited research on the distributional impact of the environmental policy stringency
index on emission levels. A study by Yirong (2022) on the top 5 emitter countries utilizes the same
OECD’s EPS index as in our study and a non-linear panel ARDL model to investigate the relationship
between environmental stringency and carbon emissions. The researcher controls GDP, technology
innovation, and population size to estimate the long-run carbon emissions per country. The model reveals
an asymmetric effect of environmental policy stringency where both increasing and decreasing the level
of stringency can negatively impact emissions in the long run. In the short run, the negative relationship
between increasing policy stringency and emission levels is only apparent in the non-linear model.
Indeed, in the linear model, it appears that climate policy causes emissions to increase. Hence, as
suggested by Porter and Van der Linde (1995), strict environmental policies may initially lead industries
to relocate their carbon-intensive operations to regions or countries with weaker regulations in hopes of
avoiding an expensive transition to more eco-friendly technology; therefore, increasing the emissions in
the short run. However, as developing economies adopt more stringent environmental standards over
time, it leads to the development of cleaner technologies, thus, causing significant improvements in
environmental quality (Yirong, 2022).

Similarly to Yirong, research conducted by Wolde-Rufael and Mulat-Weldemeskel (2021)
provided supporting evidence for the Kuznets curve. They argued that the negative impacts of
environmental policy stringency, proxied by the EPS index, on emission levels, can be observed more in
the long run rather than in the short run. However, notably, they did not find any evidence of a causal
link between environmental taxes and emissions.

Furthermore, Albulescu et al. (2021) examined the effect of the EPS index on emissions across

32 OECD countries. Using fixed-effects and quantile regressions, they found that the stringency index
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significantly reduced carbon emissions, especially in countries with initially lower emission levels. In
addition, they discovered that the efficacy of the policy stringency emerged only after the adoption of
the Kyoto Protocol. Finally, Ahmed and Ahmed (2018) used an input-output model to simulate China’s
GDP and carbon emissions and echoing similar studies, found that a higher policy stringency results in
lower carbon emissions.

Interestingly, none of the studies employing the environmental policy stringency index examine
whether it can have differing impacts on the emission levels of individuals. Instead, these studies focus
on the problem on a macro level concentrating on the differences between countries. However, we
understand now that income can have two counteractive impacts on emission levels. On one hand, higher
disposable income tends to elevate consumption and thus, emissions. Yet, it can also facilitate access to
advanced technology, reducing reliance on carbon-intensive alternatives. Therefore, the question of how
environmental policies impact different income levels’ carbon footprints remains ambiguous. This paper
aims to fill this gap and investigate whether high-income households are more responsive to such

policies, potentially resulting in regressivity.

3. Background

3.1. Inequality of Emissions

High-income countries have historically exhibited higher emissions while nations with lower incomes
are disproportionately impacted by climate change (UNDP HRDO, 2019). As previously mentioned,
Chancel (2022) estimated that in 2019, the top 10% of income earners accounted for 48% of the total
emissions. Consequently, none of the top 10% of earners in any country in the world had met the
emissions targets set forth by the Paris Agreement (Chancel et al., 2023).

The study by Chancel (2022) examined the development of inequalities in emissions between the
years 1990 and 2019. At the beginning of the period, the majority of the unequal distribution of carbon
emissions was due to disparities in emissions between developed and developing countries. However, at
the end of the period, most of the differences were due to the distribution of emissions within countries,
driven by inequalities between high- and low-income earners. During this period the carbon footprint of
the global population's lowest 50% of income earners had increased by 26% due to the global poor being
lifted out of poverty. The middle 40% of global earners experienced a decrease of 1.2% in emissions due

to a reduction in emissions of low-income earners in developed countries. Conversely, there was an



increase in the highest 10% of earners’ emissions, whereas the highest 1% of earners experienced a rise
of 26%.

As one of the wealthiest continents, Europe exhibits higher per capita emissions than most regions
although it is lower than other developed regions such as North America. Even with higher carbon
footprints, Europe has a relatively low carbon inequality compared to other regions of the world. In North
America, Southeast Asia, and Northern Asia including Russia, the households with the highest 10% of
incomes have a higher percentage of per capita emissions compared to their European counterparts
(Chancel, 2022).

Ivanova and Wood (2020) explored the emission inequality within the EU in 2010. They found
that the highest 10% of emitters emit 27% of total emissions and that only 5% of the European population
lives according to the climate targets. Notably, the proportion of the population meeting climate targets
varies significantly among countries. In the lowest emitting country, Romania, 53% of the population
meets the targets. However, in Germany and Luxembourg, less than 1% of the population meets the
targets. The consumption category which increases most with income is also the most carbon-intensive,
i.e. air travel. Land travel is the largest emission category for high polluters, but it is also a big category
for the lowest 20% percent of income earners, only coming after essentials such as food and shelter. This
is due to travel being a carbon intensive activity and because many areas are still car dependent (Ivanova
& Wood, 2020). Furthermore, Chancel (2022) estimated emissions stemming from consumption only
and investments only and found that the richest 1% had more emissions from investments than
consumption. This underscores a clear difference between the drivers of carbon footprints across income
groups.

Figure 1 shows the distribution of the carbon footprint for the 23 European countries included in
our sample for the period 1994 to 2019. The length of the whiskers describes the variation over time and
between countries. The personal carbon footprints are increasing with every income decile. Nevertheless,
there is always an overlap of the higher tail for the earlier decile and the mean of the current decile.
Therefore, these are still quite heterogeneous groups. As Ivanova & Wood (2020) found, the tenth decile
has a substantially higher carbon footprint compared to other income groups. The variation of carbon
footprints also increases by income decile which is especially prevalent among the last deciles. Hence,
there is a lot of variation between years and countries for the highest earners.

This pattern is further explained by Figure 2 which describes the distribution of carbon footprint
over countries, where the whisker’s length depends on the variation in time and over income groups. The

graph shows that countries vary substantially in their level of emission inequality. Some countries such
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as the UK, Ireland, and Luxemburg have higher inequality between income groups and/or years. Given
that, there is more variation between income groups than between years, and thus, the variation is likely
due to a higher variation between the income groups. Additionally, we notice that Luxemburg is a big
outlier, it has higher carbon footprints and greater variation compared to any other country.

Finally, Figure 3 shows the development of carbon footprints over time, illustrating that the
average carbon footprint has decreased within the 25 years. The variation has also decreased, hence,

those with the highest and lowest carbon footprint had more similar emissions in 2019 compared to 1994.

Figure 1

Distribution of Average Carbon Footprints Across Income Deciles

60

40

0

FTTIL

1 2 3 4 5 6 7 8 9 10 All deciles

Personal carbon footprints in tons of Co2 equivalents

0

Source: Calculated by the Authors using data from World Inequality Database

11



Figure 2

Distribution of Average Carbon Footprints Across Countries
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Figure 3
The Development on Carbon Footprints from 1994 to 2019
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3.2.  Environmental Policy Stringency in Europe

To improve environmental quality and mitigate negative externalities, European nations have adopted
several market-based climate measures that leverage market mechanisms, pricing, and economic factors
to incentivize the reduction of emissions. In the early 1990s, the Nordic countries were the first to

implement carbon taxes (Kossoy et al., 2015) and since then, it has been introduced in 15 of the countries
12



in our sample (World Bank, n.d. b).2 All of those countries are also a part of the earlier-mentioned EU's
cap and trade scheme, EU ETS (Kossoy et al., 2015). This system primarily aims to redirect investments
from carbon-intensive energy production to more environmentally friendly alternatives (Bailey, 2010).
EU ETS has partly caused the carbon price to have a significant increase in 2018 (World Bank, 2023. a).
This could also be interpreted as an environmental policy tightening in recent years.

Europe has likewise been at the forefront of implementing non-market-based emission policies.
For instance, regulations on Nitrogen oxides, primarily emitted from combustion engines, have been in
place since 1992 for heavy-duty vehicles and since 2000 for smaller vehicles. The regulation on emission
limits has been successful in lowering emission levels in Europe (Cary & Ahmed, 2022). Additionally,
there has been regulations on the emissions of particulate matter, encompassing any substance too rigid
to be effectively filtered. Levels for particle matter have been regulated in the EU since the late 80s and
have become more stringent since (Otsuki et al., 2015).

Furthermore, The EU was first to establish a mandatory target for the production of renewable
energy in 2001. Consequently, subsidy programs were introduced in the member countries. However, in
the mid-2010s the cost of renewables declined causing subsidies to decrease and obsolete (Nicolini &
Tavoni, 2017).

These emission-reducing policies, along with other climate measures, are compiled by the OECD
into a country-level index known as the Environmental Policy Stringency (EPS) index. Figure 4
illustrates the development of the EPS index over time, providing a picture of how the total environmental
policy stringency has evolved for our sample countries. During the 90’s, there was overall a low
stringency with a high variation across countries. Some countries were early at implementing
environmental policies while a substantial group lagged behind. This shifted in the early 2000s when the
lower-stringency countries caught up simultaneously as the average stringency of European emission
policy rapidly grew. However, after 2010 the median stringency has stagnated. There has been a smaller
increase in the last two years of the period but it is too early to say if that is the start of a new increase or

just a part of a fluctuation over time.

2 Carbon taxes have been introduced in Denmark, Estonia, Finland, France, Iceland, Ireland, Luxembourg, Netherlands,
Norway, Poland, Portugal, Spain, Sweden, Switzerland, and The United Kingdom.

3 Switzerland has its own ETS system which is connected to the EU ETS (World Bank, 2023. a).
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Figure 4
The Development of the EPS Index from 1994 to 2019
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4. Theoretical framework

4.1. Tax Incidence

Market-based environmental policies aim to internalize pollution costs, making polluting goods more
expensive. An example of such policy is the Pigouvian tax, an environmental tax set to the marginal
damage cost which ensures pollution is optimal and aligns individual interests with societal interests
(Sterner & Robinson, 2018). Consequently, a higher cost of carbon and a more stringent environmental
policy result in lower emissions.

In simple models, tax incidence depends on demand elasticity. For highly elastic goods, a small
price increase greatly reduces demand (Perloff, 2020). Hence, groups with inelastic demand for carbon-
intensive goods bear more of the carbon tax burden while those with elastic demand bear less. Given that
carbon taxes, like other market-based instruments, result in increased costs, this logic can be extended to
other instruments as well.

Economic theory offers limited insights into which groups have the highest elasticity of their

bundle of goods. Empirical literature using real-world data is needed to understand demand elasticity for
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different groups. However, theoretically, higher-income individuals tend to consume more luxury goods
(Ikeda, 2006). A luxury good is defined as a good for which consumption increases more than income
when incomes are rising. In other words, it has a high-income elasticity of demand (Varian, 1992). If
higher-income individuals have a relatively higher consumption of luxury goods, then people in lower-
income groups have a relatively lower consumption of luxuries and therefore, allocate more of their
income towards necessities. This observation is supported by empirical evidence, as seen in Ivanova and
Wood (2020). Figure 5 shows the allocation of disposable income spent on essential services (including
categories such as water, sanitation, energy, transport, financial services, and digital communications)
and carbon-intensive products (electricity, gas, and other fuel) for each income decile in 2015. The data
is retrieved from Eurostat and encompasses 20 of the countries in our sample. The figure shows that
lower-income deciles spend a relatively larger proportion of their income on such necessities compared
to higher-income quintiles.
Figure 5

Disposable Income Spent on Essential Services by Income Decile
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Source: Calculated by the Authors using data from Eurostat
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In the context of climate policy, the distribution of the tax burden depends on two additional factors:
whether luxury consumption is more emission-intensive than the consumption of basic needs and
whether the emission policy imposes the same stringency on luxury consumption as on basic needs
consumption. An affirmative answer to the former implies that high-income individuals bear a greater

share of the incidence of price increases resulting from the emission policy. Conversely, if the policy is
15



more stringent for basic needs products, it results in lower-income individuals bearing a larger portion
of the price increase.

If the former is true and that individuals with lower incomes consume more emission-intensive
necessities with low elasticity of demand, it would indicate that they are also less responsive to changes
in environmental policies. Meanwhile, individuals with higher incomes consume more luxury goods
which leads to them changing their consumer behavior more due to price increases. Hence, we expect
higher-income individuals to react more to an increase in the price of emissions and a more stringent

environmental policy.

4.2. Substitution and Income Effect

While low-income households may be tied to certain necessities making it difficult to reduce energy
consumption even with increased prices, the substitution and income effect are likely to work against
this scenario. An increase in environmental stringency, especially with market-based policies, increases
the price of the emission-intensive good resulting in changes in relative prices.

The substitution effect refers to the rate at which an individual can substitute one good for another.
When the price of a good 1 increases, he or she needs to acquire less of good 2 to exchange for good 1.
Implementing stricter environmental policies can drive down the relative prices of cleaner and renewable
energy, making the shift away from pollution-heavy products more attractive. In addition to the
substitution effect, a price increase also triggers an income effect which results in a decrease in the
purchasing power of income. With fixed income, the individual can now buy less of good 1 and substitute
it to some extent with a cheaper alternative. In short, the substitution effect refers to the change in demand
due to a change in the rate of exchange of two goods, while the income effect refers to the change in
demand due to a change in purchasing power. (Varian, 2014)

The substitution effect is more straightforward and hence, it is always negative with a price
increase. However, the income effect can be positive or negative depending on whether the good is a
normal or inferior good. With a normal good, the consumption will decrease if its price is increased and
vice versa the consumption of an inferior good will increase if its price is increased. Stern's (2011) study
about resource economics, mainstream, and ecological economics models of growth mentions that
energy can be considered an inferior good in developed countries. Figure 5 and the previously discussed

studies shed some evidence of this as we can see that lower-income deciles consume more energy
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services, i.e. emission-intensive goods, compared to higher-income deciles. Therefore, the potentially
positive income effect could even outweigh the negative substitution effect.

It remains ambiguous whether energy is indeed an inferior good. In a classic assumption, we
typically regard it as a normal good, where a price increase in energy would result in a decrease in
demand. Therefore, according to the basic microeconomic theory, lower-income households with smaller

budget constraints are expected to reduce their consumption more in response to an environmental policy.

5. Hypotheses

Based on the presented literature and theory we hypothesize that:

1. Environmental policy stringency will have a negative effect on carbon footprints over all income
groups.

2. The effect of environmental policy stringency will be larger for the higher-income groups
compared to lower-income groups.

3. The effect of stringency in market-based policies will be larger compared to the stringency in
other climate policies.

4. The effect of environmental policy stringency will be larger for the carbon footprints caused by

consumption compared to those caused by investments.

The first hypothesis directly states that an increase in the price of carbon leads to decreased carbon
footprints, as per environmental economic theory. Furthermore, empirical evidence from the literature
review supports this. The same logic can be applied to non-market-based instruments which indirectly
increase the costs of carbon emissions. Additionally, this aligns with earlier literature using the EPS index
on OECD countries resulting in lower emissions.

The second hypothesis is based on inconclusive studies. Some research suggests environmental
policies affect lower-income groups more, while others show a stronger impact on higher-income groups.
Nevertheless, the main determinant of how different income groups react is what bundle of goods they
consume. Lower-income groups consume and emit more through fixed costs and higher-income groups
consume more luxury goods with a high elasticity. Hence, we hypothesize that higher-income individuals
will change their behavior, and carbon footprints more. Additionally, we know from the literature that
the lowest income earners bear an unproportional incidence of environmental taxes indicating that they

have a less elastic consumption pattern.
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The motivation behind the third hypothesis is that while all these instruments affect carbon
footprints negatively, market-based policies effect carbon emissions directly. Non-market-based
instruments mostly affect other air pollutants and would therefore have a weak effect on carbon
emissions. Green technology affects emissions but more indirectly than a carbon price and the impacts
are likely observed with a time lag.

The fourth hypothesis is also motivated by the components of the EPS index. The EPS includes
policies such as carbon taxes, limits on emissions of particles, and support for green energy. Primarily
focusing on cutting emissions consumption. This also includes support for green energy which affects

the running emissions of producing electricity and not primarily the initial investment costs.

6. Data and Model Specification
6.1. Data

The complete sample consists of yearly data on household carbon footprints, EPS index, and income
shares of 23 European countries from 1994 to 2019. In this chapter, we further discuss how the data is

sourced.
6.1.1. Carbon Footprints

This study utilizes the personal GHG emissions of the different income deciles as the dependent variable.
The dataset is retrieved from the World Inequality Database using the carbon footprints estimated by
Chancel (2022) and covering the period from 1994 to 2019. In this data, GHG footprints are defined as
CO2 equivalents. (Burq & Chancel, 2021)

The income-level-specific data is estimated in two steps. First, internationally comparable direct
and indirect GHG emission levels of individuals are obtained using Environmental Multi-Regional Input-
Output models (EMRIOs) which provide emission data for the household, governmental and investment
sectors. Second, this country-level data is then divided into data for each income group for each country
by leveraging country-specific elasticities of emissions, consumption, and wealth. Chancel (2022) uses
the Distributional National Accounts (DINA) methodology which combines Household Survey data with
additional information such as national accounts and administrative tax data, to allow for a more robust
country comparison and furthermore, a more precise estimate of the household level carbon footprints.

Furthermore, the calculation of carbon footprints comprises regional per capita emissions, i.e.,
emissions from domestic consumption, private and public investments, and globally traded carbon
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embedded in goods and services. It is important to note that emissions from land use, land use change,
and forestry (LULUCF) activities are excluded from this calculation. This data differentiates carbon
footprints stemming from private consumption and investments, enabling a more comprehensive
understanding of the factors influencing the carbon footprints of higher-income groups. Investments
represent capital-driven carbon footprints of investments in production such as new machinery for a
factory. Furthermore, carbon footprints from consumption are emissions resulting from daily
consumption such as heating a house or fueling a car (direct energy use) and from goods and services

that have emissions embedded and are consumed by individuals (indirect energy use) (Chancel, 2022).

6.1.2. EPS

As mentioned, the OECD's Environmental Policy Stringency Index (EPS) is used as a proxy for
stringency and thus, serves as the primary variable of interest. The index provides an internationally
comparable measure of policy stringency, encompassing 34 OECD and six non-OECD countries
spanning from 1990 to 2020. As previously mentioned, the value ranges from 0O (indicating minimal
stringency) to 6 (indicating the highest level of stringency). The EPS index consists of 13 different
environmental policy variables that focus on policies aimed at mitigating climate change and air
pollution.

The variables are divided into three equally weighted categories of policies. The first category
contains six market-based instruments: renewable energy and CO2 trading schemes, carbon, nitrogen,
and sulfur dioxide taxes, and diesel taxes. The second category includes four policies that set limits and
standards for emissions of four different air pollutants: carbon, nitrogen, and sulfur dioxide, particulate
matter, and sulfur. The last and third category consists of governmental support for green technology;
governmental R&D expenditure on low-carbon technology, and governmental support for renewable
energy (Kruse et al., 2022).

We have chosen to use EPS as our indicator of environmental policy stringency since it is
considered a robust indicator suited for comparison over time and across countries (Galeotti et al., 2020).
Galeotti et al. (2020) identify three categories of indicators for emission-reducing policies which they
assess for robustness. The first proxy is abatement efforts, typically obtained from surveys conducted
with companies. Another indicator treats emission policy as a latent variable inferred from actual

emissions. The third method is to proxy it with policy stringency (Galeotti et al., 2020). This approach
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was further developed in 2014 when the OECD introduced the EPS index of policies enabling
comparisons of policies across borders which was previously not feasible (Botta & Kozluk, 2014).
Galeotti et al. (2020) use EPS as their variable for the policy-based index in their evaluation.*
They find that in between-country comparisons, emissions-based proxies and the policy index correlate
whereas the proxy based on abatement efforts does not exhibit the same pattern. Consequently, abatement
efforts are not as robust indicators. They find that the policy index and emissions better predict green
innovation, an outcome of emission-reducing policies, further supporting the robustness of these
indicators. Since emissions are our outcome variable, using an emission-based indicator for policy
stringency would be redundant. Therefore, we use the EPS index, which has been employed in recent
literature where emissions are outcome variables (Ahmed & Ahmed, 2018; Albulescu et al., 2021;

Yirong, 2022; Wolde-Rufael & Mulat-Weldemeskel, 2021).
6.1.3. Control Variables

Finally, several control variables are included to improve the validity of the model and to reduce the
omitted variable bias. Our first control is incomes which we obtain by multiplying the national income
(expressed in 1000 euros) with the percentage income share of each income decile. Hence, the
interpretation of incomes is thousands of Euros per capita in fixed 2022 prices. The national income and
income shares are retrieved from World Inequality Database (WID) and the World Bank, respectively.
A detailed description of both national income and income shares is provided in Appendix A. This
variable serves as a control for the overall income effect (changes is income levels across the entire
population) as well as the individual income effect (changes in income shares across deciles).

We also include data on the rural population which describes the share of the rural population as
a percentage of the total population and unemployment which describes the share of unemployed people
as a share of the total labor force. The unemployment is measured with International Labour Organization
(ILO) modeled estimates that provide internationally comparable labor statistics. Both rural population
and unemployment data are retrieved from the World Development Indicators database (the World

Bank).

4 Note that this earlier version of EPS only includes the market and non-market based parts of the index EPS.
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Due to the lack of publicly available microdata, the income data is the only control variable
varying across income decile, country, and year. Thereby, other control variables vary exclusively by
country and year. Regardless, they still contribute significantly to explaining carbon footprints. Including
them enhances the robustness of the model by capturing variations across countries and over time and

hence, strengthens the validity of the findings and improves the overall reliability of the analysis.

6.2. Methodology

Time- and entity-fixed effects model is used to estimate the relationship between the carbon footprints
and the EPS index. The fixed-effects model focuses on the variation within individuals (Verbeek, 2017),
i.e. countries and thus, it applies to our intent to examine how the change in policy stringency affects
households’ carbon footprints. Therefore, this model is particularly suited for analyzing panel data.

The main advantage of the fixed-effects model is that it controls for unobservable time-invariant
heterogeneity between individuals. Therefore, it helps to significantly reduce the omitted variable bias
that arises from not including important determinants of the dependent variable. When both the entity-
and time-fixed effects are added into the regression model, it will eliminate any bias stemming from
unobservable variables that remain constant over time and entities (Stock & Watson, 2015). A fixed-
effects model was utilized in similar research by Albulescu et al. (2021) who investigated the relationship
between emissions and the EPS index.

The full model including all income deciles is the following:

CFict = Po + P1 EPS. ¢ + B2 Income; . +f3 Rural..+p, Unemployment. .+ ac+ ve +ujce (1)

Where CF; ., represents the personal carbon footprints that vary over income deciles 7, countries
¢, and time t. EPS. . represents the EPS index wich varies over countries and years, Income; ., represents
the income share of each decile multiplied by national income, Rural., represents the share of rural
population, and Unemployment,, represents the share of unemployed people. Finally, a, represents the
country-fixed effect, y, represents the time-fixed effect, and u; ., represents the error term.

Additionally, we will run ten separate regressions for each income quintile to account for any
heterogeneity in the effects between the income groups. The same fixed-effects regression model will be
employed as shown in Equation 1. However, in this case, the variables only vary over time and across

countries.
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To test the third hypothesis of market-based policies, we employ the same model (Equation 1)
and substitute the independent variable with each EPS index category. Again, we run the regressions
separately to minimize endogeneity issues that could arise if we add each EPS index into the same model.

Finally, to test the fourth and last hypothesis we use the same model specification as in Equation
1 but substitute the dependent variable with carbon footprints stemming from consumption only and

carbon footprints stemming from investments only.

7. Results

7.1.  Descriptive Statistics and Preliminary Analysis

The descriptive statistics along with short variable descriptions are presented in Appendix B. Due to the
gaps in the WDI data for income shares, the observation amount is reduced from 5,980 to 4,610. These
gaps are unlikely to harm the validity of the estimates as the sample size is large, and the timespan is 25
years.

The mean personal carbon footprint for the 23 European countries is 14.61 tCO2e. However, the
maximum carbon footprint is 136.79 tCO2e which is over 9 times larger than the average. The average
EPS index for the countries is 2.33 out of 6 and the maximum and minimum are 4.72 and 0, respectively.
The mean of the income variable, the share of rural population, and unemployment are 3.96, 25.21, and
8.04, respectively. The standard deviations for each variable are quite large suggesting that there are
significant differences between countries and/or income groups.

Table B2 provides the means and standard deviations for each income decile, offering insights
into the heterogeneity between income groups. Additionally, we present the income shares to better
understand income distribution across groups since the income variable itself may be challenging to
interpret. The standard deviations for the carbon footprints and incomes are significantly smaller
compared to the standard deviations observed for all income deciles (Table B1). Hence, there is smaller
variation between individuals within the same income group.

The same trend as we saw in the Figure 1, can be observed in Table B2. That is, the carbon
footprints are increasing by income decile. The increase from deciles one to nine is quite proportionate
and gradual whereas, when it comes to the tenth income decile the increase is nearly double from the
previous ninth quintile. The same is observed also for the income share variable where the tenth decile
represents on average 24% of all income which is ten percentage points more than the ninth decile. We
can also notice that the standard deviations are the largest for the last decile and therefore, there are likely
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even larger extremes for the last one percentile. Finally, the control variable for the income effect follows
the same pattern in which the increase is the most prominent for the richest income decile.

Figure 6 illustrates the development of the EPS index across the 23 European countries alongside
the per capita carbon footprints of deciles one, five, and ten from 1994 to 2019. There is a steep increase
in the EPS index from the late 90s until 2010, followed by a more gradual increase until 2019. The change
in carbon footprints is relatively more subtle, yet we observe a slight decrease as the EPS index increases.
This is particularly evident for the tenth decile, which shows larger fluctuations than the first and fifth
deciles. Therefore, Figure 6 already indicates a negative relationship between the policy stringency and
carbon footprints.

Figure 6
The Development of the EPS and Average Carbon Footprints
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Figure 7 illustrates the same development of the EPS index but instead of carbon footprints include
incomes. Incomes in this graph refer to the deciles' incomes per capita. They are calculated by
multiplying a country's total per capita income for a specific year by the percentage income shares of
each decile for the same country and year. The incomes are measured in constant 2022 thousands of
euros. The income shares are sourced via the World Bank and the per capita total income is via WID.
There have been some small increases in incomes, especially until the early two-thousands. Nevertheless,

the incomes have been relatively stable over the period.
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Figure 7

The Development of the EPS and Incomes
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We know from the literature on emission-elasticity of income that incomes are a high predictor of carbon
footprint. Graphs 6 and 7 indicate that there has been a slight decrease in personal carbon footprints, at
the same time as there has been a small increase in incomes. Figure 8 shows the development over time
of the carbon footprints divided by incomes for each decile. Hence, there has been a profound fall in this
ratio concurrent with the rise of environmental stringency. This is in accordance with our hypothesis that
a more stringent environmental policy leads to lower carbon footprints. Additionally, this pattern holds
for all deciles. Figure 8 provides a better indication of how our regression results will unfold compared

to Figure 6, as the regression also controls for incomes.
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Figure 8

The Development of the EPS and Average Carbon Footprints Divided by Income
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7.2.  Regression Results

We start the regression analysis by using a stepwise method to determine whether the explanatory
variables are applicable in explaining variation in the per capita footprints. Table 3 presents the results
of the method. The adjusted R-squared increases when a new control is added to the model suggesting
an improved fit of the model. The specification with all four explanatory variables explains nearly 27%
of the variation in the dependent variable, i.e. personal carbon footprints.

Furthermore, the variable of interest, EPS index, remains significant and negative although the
magnitude is slightly decreasing when new controls are added. The control variables representing income
effect, the share of rural population and unemployment are all statistically significant suggesting that

they are determinants of personal carbon footprints and thus, we include them in the model.
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Table 3

Fixed-Effects Regression — Stepwise Estimation

(1) ) (©) (4)

EPS -0.7336 *** -1.1814 *** -0.6697 *** -0.6939 ***
(0.061) (0.101) (0.084) (0.083)

Income 0.5577 *** 06352 *** 05736
(0.101) (0.099) (0.109)

Rural population 0.3842 *** 0.3529 ***
(0.050) (0.046)

Unemployment -0.0876 ***
(0.023)

constant 16.3188 *** 15.6599 *** 4.5184 *** 6.2977 ***
0.143 0.265 1.528 1.38
R2 0.1212 0.1891 0.2519 0.2665
Adj R2 0.1211 0.1887 0.2514 0.2658
N 5980 4610 4610 4610

Note. Dependent variable: personal carbon footprints (in tons of Co2 equivalents). Significance levels are
indicated as *** p<(0.01, ** p<0.05, and * p<0.10. The standard errors are robust to heteroskedasticity and

shown in the parenthesis.

Table 4 represents the main empirical findings of the fixed-effects model for the full model (i.e. all
income deciles) and then by each income decile. The first finding is, as predicted, that the coefficient for
the EPS index is statistically significant and negative (p-value = 0.000). For the full model, a one-unit
increase in the EPS index leads to on average a reduction of 0.6939 metric tons of GHG emissions, which
equates to 693.9 kilograms of CO2 equivalent. The same significant negative relationship between the
EPS index and the carbon footprints can be observed for all income deciles (p-values = 0.000).

The findings confirm previous research demonstrating the effectiveness of climate policies such
as carbon taxing in reducing emissions (Koppl & Schratzenstaller, 2023). It is aligned with the studies
by Yirong (2022) and Wolde-Rufael and Mulat-Weldemeskel (2021) where this negative relationship
between emissions and the EPS index was discovered in the long-run, however, not in the short-run non-
linear model. Notably, these studies focused on emerging and highly polluting economies and used
different methods to study the effect of environmental stringency, although our results likewise convey
the long-run effect. Our estimates are also aligned with a similar study by Albulescu et al. (2021) using
FE model and quintile regression which finds a significant negative relationship between countries’
emissions and the EPS index. Moreover, the results support our first hypothesis which claims that

environmental policy stringency has a negative effect on carbon footprints over all income groups.
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Table 4

Fixed-Effects Regression Using the Full Sample by Income Decile

Decile Regression

Full 1 2 3 4 5 6 7 8 9 10

EPS -0.6939 *** | -0.2229 ** 03767 ** -0.4872 ** -0.5348 *** -05849 *** -0.6406 ** -0.6919 ** -0.7645 ** -0.8296 **  -1.7027 ***
(0.083) (0.065) (0.107) (0.132) (0.138) (0.153) (0.168) (0.180) (0.202) (0.233) (0.543)

Income 0.5736 ** | 0.5892 ** 05028 ** 04253 ** 03597 *** 03427 ** 03282 ***  0.3207 **  0.3672 **  0.4382 **  1.0373 ***
(0.109) (0.084) (0.123) (0.125) (0.104) (0.095) (0.093) (0.091) (0.087) (0.082) (0.108)

Rural population 0.3529 ** | 0.1165 ** 02140 ** 02650 ** 02789 ** 02919 ** 03052 ** 0.3266 **  0.3676 **  0.4504 **  0.9091 ***
(0.046) (0.040) (0.056) (0.068) (0.077) (0.090) (0.103) (0.116) (0.128) (0.151) (0.313)

Unemployment -0.0876 *** | -0.0144 -0.0289 -0.0346 -0.0506 -0.0661 *  -0.0740 *  -0.0794*  -0.0871*  -0.1110*  -0.3523 **
(0.023) (0.017) (0.026) (0.032) (0.036) (0.037) (0.040) (0.044) (0.050) (0.063) (0.151)

constant 6.2977 ** | 21200 * 27023 37710 * 47302 * 56585 * 67016 **  7.6327 ** 84367 **  9.0885 **  13.2052
(1.380) (1.034) (1.619) (1.991) (2.175) (2.510) (2.846) (3.156) (3.480) (4.008) (8.929)

R2 0.2665 0.3130 0.3907 0.4100 0.3961 0.3827 0.3646 0.3474 0.3436 0.3370 0.3797

Adj R2 0.2658 0.3070 0.3854 0.4049 0.3908 0.3773 0.3590 0.3416 0.3378 0.3311 0.3743

N 4610 461 461 461 461 461 461 461 461 461 461

Note. Dependent variable

p<0.10. The standard errors are robust to heteroskedasticity and shown in the parenthesis.

: personal carbon footprints (in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and *



The magnitude of the effect is also steadily increasing by each income decile: for the first income decile
the coefficient of EPS is -0.2229 while it is -1.7027 for the tenth income decile. That is approximately
7.6 times larger average reduction in carbon footprints for the richest income group. Although the
coefficients are increasing by income decile, the change is quite moderate between the income groups
from third to ninth income deciles. This would suggest larger differences between the income deciles
one, two, and ten.

A similar pattern where low-income households were less responsive to increases in energy prices
was found in the study by Zhang (2015). Hence, the results are in support of our second hypothesis which
states that higher-income households are more responsive to changes in environmental policy stringency.
This is apparent especially in the richest income groups as a one-unit increase in the EPS index results
on average in a 1702.7 kg decrease in their GHG emissions, i.e. carbon footprints.

The adjusted R-squared is the highest for the third income decile suggesting that this model
specification can explain 41% of the variation in the carbon footprints. Nevertheless, the R-squares for
the rest of the income deciles are still relatively high and on average can explain over 30% of the
variation. Compared to the full model’s adjusted R-squared (which is 0.2665), the decile regression’s
values are notably higher indicating that the regressions by income group can demonstrate the changes
in carbon footprints better.

The income variable is significant at a 1% level across all deciles and in the full sample suggesting
that higher income is related to increased carbon footprints. This is anticipated as the higher income
deciles are emitting substantially more compared to lower income deciles. The magnitude of the effect
seems to be highest for the lowest and highest income groups which would indicate that they are more
responsive to changes in their income levels.

The share of rural population has a significant positive relationship with personal carbon
footprints suggesting that larger rural population leads to more emissions. For the full model and all
income deciles except for the seventh, the impact is significant at a 1% significance level while for the
remaining it is significant at a 5% significance level. Hence, we can observe a significant effect of the
variable although it only varies by country level.

These results are somewhat contradictory to Mi et al.’s (2020) study on Chinese households
where they found that the urban population had significantly higher carbon footprints compared to the
rural population. Despite the fact that the density effect of cities reduces household emissions, the
consumption opportunities in larger cities increase the overall carbon footprint for the urban population

(Gill & Moeller, 2018). However, since the coefficient in our model specification is positive, it would
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suggest that the rural population emits more. This is likely due to higher consumption of emission-
intensive commodities such as heating and transportation.

Unemployment seems to also impact personal carbon footprints. However, the effect is not
statistically significant for first, second, third, and fourth income deciles. For the rest of the income
groups as well as the full model, larger unemployment leads to smaller carbon footprints. Following a
similar logic as observed in urban populations, this outcome is anticipated since unemployment reduces

consumption opportunities, consequently decreasing emissions.

7.2.1. Elasticities

All explanatory variables are increasing in magnitude by income decile which suggests that higher-
income households are more responsive to each of the categories. However, we also know that richer
individuals are emitting significantly more compared to lower income deciles, thus, in relative terms the
reduction in carbon footprints might show different results. Table 5 shows the emission elasticities of

EPS index for each income decile. The elasticities are calculated with the following formula:

ACarbon Footprint; 19942019 AEPS1994-2019

€= :
Carbon Footprint; 1994 EPSi994

Where A represents the percentage change between the years 1994 and 2019, and i represents the income

decile, i € 1,2,...,10.

The changes in carbon footprints from 1994 to 2019 have been negative for all income deciles. However,
the second to ninth deciles have had a significantly larger relative change compared to first and last
income deciles. The middle-income groups have decreased their carbon footprints by nearly 19% while
the richer income group have only reduced slightly over 9% of their carbon footprints. The lowest-income
decile experienced the smallest reduction in their carbon footprint, reflecting only a 7.3% decrease. This
can be explained by their initially modest carbon footprint, suggesting there is limited room for reduction
without compromising essential needs. The average EPS index has more than doubled (+ 207.71%)
within the past 25 years and therefore, all of the elasticities show very inelastic results; a one percent
increase in the EPS index results in less than a 0.1% decrease in the carbon footprints.

Nevertheless, the elasticities show quite opposite results compared to the previous FE model

estimates. It seems that relatively speaking, the middle-income groups are more responsive to changes
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in environmental stringency compared to the first and last-income group. The same trend was found in a
paper by West (2017) and it supports the income and substitution effect theory. However, the richest
income decile has a slightly higher elasticity than the first income decile. Overall, the poorest income
group has had the smallest reduction in their carbon footprints and are followed by the richest income
group.

These findings indicate that while higher-income groups exhibit greater responsiveness to
changes in climate policies in absolute terms, middle-income groups are proportionally reducing their
carbon footprints more relative to their total carbon footprints. However, it is important to note that these
measurements of elasticities do not capture any fluctuation throughout the years and therefore, they do
not represent the total effect. Hence, in the following sections, we will focus on the FE model estimation

and show the absolute effect rather than the relative change.

Table 5

Elasticities by Income Decile

1 2 3 4 5 6 7 8 9 10

_ :
% change in carbon -7.3196 -15.3627 -18.1405 -18.6803 -18.9266 -18.5617 -17.8362 -16.5501 -14.6993 -9.2522

footprints
% change in EPS index 207.7099
Elasticities -0.0352 -0.0740 -0.0873 -0.0899 -0.0911 -0.0894 -0.0859 -0.0797 -0.0708 -0.0445

7.4. Market-based Policies versus Other Climate Policies

Next, we test our third hypothesis to see whether market-based climate policies have a larger impact on
carbon footprints. Table 6 shows the results using Equation 1 model specification with a dependent
variable changed to each of the three sub-categories of the EPS index: Market-based EPS, Non-market-
based EPS, and green technology EPS. The full results of the three regressions including the estimates
for all control variables are provided in Appendix C.

The estimated effect of the market-based EPS index shows a larger negative effect on carbon
footprints over all regressions on the decile levels compared to the effect of the total EPS index. When
considering the full sample of all deciles, the market-based EPS shows an estimated effect with a 45%
higher magnitude than the standard EPS. The R-squared is also slightly higher for all the deciles

suggesting that the market-based EPS better explains the variation in the sample.
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The effect of the non-market-based EPS index is overall weaker. When pooling all the deciles in
the sample, there is a negative effect on emissions which is significant at a 1% level. However, the
magnitude is only 41% of the effect of the standard EPS index. There is a decrease for all deciles at the
decile level which is significant at a 5% level.

The estimated effect across the deciles follows a pattern similar to that observed in the standard
EPS, i.e., the estimated effect increases by each decile. The green technology EPS index has a small but
statistically significant negative effect on carbon footprints in the full sample (p-value < 0.05). In the
decile regressions, the second to fifth deciles and the highest-earning decile show significant results at a
5% level. Unlike other EPS indexes, the effect of the technical support does not increase uniformly for
all deciles; instead, it appears to plateau in the middle deciles.

Nevertheless, these results support our hypothesis, as the market-based EPS has a larger effect

than the combined EPS and its other components, both for the full sample and across income groups.
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Table 6

Fixed Effects Model with Market-based EPS, Non-market-based EPS and Green Tech EPS as the Independent Variable

Decile Regression

Full 1 2 3 4 5 6 7 8 9 10

Market-based EPS -1.0037 *** | .0.3872 *** .0.4997 *** .0.6279 *** -0.7363 *** -0.8294 ***  .0.929 *** .1,0192 *** .1.1073 *** .1.2444 **  .2.4661 ***
(0.130) (0.112) (0.167) (0.206) (0.228) (0.253) (0.284) (0.323) (0.367) (0.449) (0.799)

Adj. R2 0.2728 0.3383 0.3848 0.4009 0.3956 0.3863 0.3713 0.3560 0.3495 0.3452 0.3825

Non-market based EPS ~ -0.2871 *** -0.089 **  .0.1384 **  -0.1817 **  -0.2073 **  -0.2358 **  -0.2686 **  -0.3088 ***  .0.348 ***  .0.399 ***  .0.621 *
(0.042) (0.038) (0.064) (0.079) (0.081) (0.088) (0.096) (0.102) (0.113) (0.127) (0.325)

Adj. R2 0.2472 0.2831 0.3522 0.3688 0.3574 0.3465 0.3310 0.3190 0.3170 0.3174 0.3480

Green tech EPS -0.2865 *** | .0.0836 -0.1917 **  -0.2461 **  -0.2456 ** -0.2483 *  -0.2517 -0.2405 -0.2614 -0.2429 -0.8233 *
(0.074) (0.055) (0.078) (0.097) (0.107) (0.128) (0.150) (0.177) (0.194) (0.221) (0.410)

Adj. R2 0.2402 0.2740 0.3607 0.3770 0.3571 0.3395 0.3177 0.2970 0.2932 0.2898 0.3517

Note. Fixed effects regressions include all control variables (income, rural population, and unemployment). Dependent variable: personal carbon

footprints (in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and * p<0.10. The standard errors are robust to

heteroskedasticity and shown in the parenthesis.
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7.5.  Consumption and Investments

To get a deeper understanding of the drivers behind the distributional effect of the EPS index, we
investigate EPS's relationship with carbon footprints stemming from consumption and investments,
respectively.

Figure 9 shows that the carbon footprints from consumption increase slightly for every decile,
including a substantial increase for the highest decile. This closely resembles the pattern of the total
personal carbon footprint (Figure 1). Both the total carbon footprints and the carbon footprints from
consumption display relatively low growth between the third and eighth deciles. However, the carbon
footprints from consumption are more equally distributed. This is predictable since the carbon footprints
stemming from consumption are largely caused by fixed living expenses such as fueling a car and
warming a house for low- and medium-income households (Ivanova & Wood, 2020).

Figure 9 also conveys that the most significant inequality factor is the different levels of
investments between income groups. The lowest deciles have no emissions from investments which
strongly suggests that they do not have any investments. The highest deciles are larger outliers here
compared to carbon footprints from consumption There is also a significant spread within the tenth

decile, indicating that some groups are larger outliers and emit even more.

Figure 9
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Table 7 represents the FE model estimates for all three dependent variables. The carbon footprints are

divided into two sectors which together make up the total carbon footprints. This explains why the EPS
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has a smaller effect on the two sectors separately compared to both sectors combined. The sample size
is slightly lower when divided into sectors due to some missing data for the first year in the timeframe.
Hence, the time period for the separate sectors is from 1995 to 2019.

Considering this, there is still a substantial effect of the EPS on the carbon footprints caused by
consumption. The effect is a slightly lower compared to the effect on carbon footprints from both sectors.
This pattern holds over all deciles. The result for consumption is also significant at the same level as for
carbon footprints from both sectors; on a 1% level for the first nine deciles and on a 5% level for the last
decile.

This differs from the effects on carbon footprints due to investments, where the EPS index only
has a statistically significant impact only on the third to sixth decile, and the tenth decile. This is expected
since the lowest decile’s carbon footprints caused by investments are non-existent as visualized in Figure
9. However, the results for the seventh to ninth deciles are more unpredictable since they have some
carbon footprints from investments. The estimates would thus, suggest that climate policies are not
affecting the demand for investments, especially for the highest income groups. This in turn would
indicate that policies aiming to mitigate emissions work mainly through consumption. Since higher-
income deciles have relatively more emissions stemming from investments compared to lower-income
deciles, it is logical that higher income deciles exhibit lower responsiveness to EPS in relative emissions
(see Table 5). Nevertheless, EPS has a small but significant effect on the overall sample of carbon
footprints caused by investments. While the effect is not insignificant, it is so minor that it does not
appear significant when analyzed at a more granular, decile level.

The difference in effect between the two sectors aligns with our hypothesis that EPS has a larger
impact on consumption rather than investments. This is because the policies associated with EPS tend to
primarily influence consumption behavior. This is especially true for the market-based EPS index which
affects the prices of consumption goods such as gas and electricity prices. In the end, this creates
differences between the income groups’ responsiveness to EPS and explains why wealthier people lower

their relative emissions less compared to other income groups.
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Table 7
Fixed Effects Regression Using Carbon Footprints from All Sectors, Consumption Only, and Investments Only as the Dependent Variable

Decile Regression
Full 1 2 3 4 5 6 7 8 9 10
Carbon footprints (consumption & investment)
EPS -0.6939 *** -0.2229 ***  -0.3767 ***  -0.4872 ***  -0.5348 **  -0.5849 **  -0.6406 ***  -0.6919 **  -0.7645 ***  -0.8296 ***  -1.7027 ***
(0.083) (0.065) (0.107) (0.132) (0.138) (0.153) (0.168) (0.180) (0.202) (0.233) (0.543)
Adj. R2 0.2658 0.3070 0.3854 0.4049 0.3908 0.3773 0.3590 0.3416 0.3378 0.3311 0.3743
N 4610 461 461 461 461 461 461 461 461 461 461
Carbon footprints (consumption)
EPS -0.5025 *** -0.2292 ***  -0.3463 **  -0.4278 **  -0.4560 ***  -0.4915 **  -0.5348 ***  -0.5744 ***  -06161 **  -0.6516 **  -1.0016 ***
(0.055) (0.072) (0.110) (0.132) (0.135) (0.145) (0.155) (0.162) (0.176) (0.192) (0.324)
Adj. R2 0.3755 0.3706 0.4234 0.4395 0.4368 0.4364 0.4353 0.4378 0.4492 0.4623 0.4578
N 4540 454 454 454 454 454 454 454 454 454 454
Carbon footprints (investments)
EPS -0.1747 = 0.0006 -0.0211 -0.0434 **  -0.0546 *  -0.0587 **  -0.0675 * -0.0752 -0.1078 -0.1454 -0.7421 ***
(0.049) (0.004) (0.013) (0.019) (0.020) (0.025) (0.036) (0.051) (0.065) (0.086) (0.253)
Adj. R2 0.1907 0.0191 0.1667 0.1801 0.1241 0.1006 0.0782 0.0586 0.0786 0.1299 0.4052
N 4540 454 454 454 454 454 454 454 454 454 454

Note. Fixed effects regressions include all control variables (income, rural population, and unemployment). Dependent variable: personal carbon
footprints (in tons of Co2 equivalents) stemming from consumption and investments, consumption only, and investments only. Significance levels are

indicated as *** p<0.01, ** p<0.05, and * p<0.10. The standard errors are robust to heteroskedasticity and shown in the parenthesis.
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8. Robustness Checks

In this section, we provide two robustness checks to test the validity of our model specification and to

see whether our previous findings hold when the assumptions are modified.

8.1. Luxembourg

As seen in Table 2, the overall distribution of carbon footprints across the European countries is quite
consistent with all countries except Luxembourg. Hence, within our sample Luxembourg is a significant
outlier whose carbon footprints are exceptionally large and have high within-country variance. To test
whether our estimates stay consistent without Luxembourg, we exclude it from the sample. The full
regression result can be seen in Appendix D (Table D1).

The same significant negative correlation between the EPS index and personal carbon footprints
can be observed. The coefficients remain relatively unchanged; the coefficient for the EPS in the full
model, excluding Luxembourg, stands at -0.6678 compared to -0.6939 when Luxembourg is included.
Hence, the overall effect is only slightly smaller.

In addition, the EPS coefficients for each decile regression closely resemble those in Table 4. It
appears that Luxembourg has only marginally amplified the magnitude of the EPS effect in the original
model. Nevertheless, the same trend of higher-income deciles exhibiting larger reductions in carbon
footprints compared to lower and middle-income deciles persists. For instance, a unit increase in EPS
index results on average in a 1654 kg reduction in GHG emissions for the highest income group. This is
approximately 7.6 times larger reduction compared to the first income decile, i.e. the difference between
the two income groups is the same as before.

Surprisingly, the control variable for income is less significant for the sub-sample suggesting that
Luxembourg is driving the significance of its effect in the main model. It seems that income is only
significant for the tenth income decile. The coefficient for rural population is also slightly larger when
Luxembourg is removed. This is likely due to Luxembourg’s unique characteristics as a small and highly
urbanized country. Nevertheless, the main findings remain robust even after removing the biggest outlier,

indicating that Luxembourg does not notably distort the estimates.
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8.2. Rural Countries

As indicated by the literature review, the level of urbanization plays a significant role in determining
emissions and responses to emission policies. The relationship is also evident in the first regression result,
where a higher urban population is associated with higher carbon footprints. Therefore, we investigate if
our original result holds and whether the EPS index affects countries that are more rural compared to
those with higher urbanization.

Figure 11 shows the distribution of the share of the rural population in the sample countries where
the length of the whiskers depends on the variation between the years. Furthermore, the analysis below
divides the countries into two groups. Firstly, the rural countries whose median share of the rural
population over the years is above the median of all the countries. The first group are the 11 countries to
the right of the line in Figure 11. The second group is the non-rural countries which have a below-median
share of people living in rural areas compared to all the sample countries. This group contains the 12

countries on the left side of Figure 11.

Figure 11
Distribution of Percentage of Rural Population Across Countries
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Source: Calculated by the Authors using data from World Inequality Database

We estimate Equation 1 but for “more rural” and “less rural” countries, respectively. The full results
including control variables can be seen in Appendix D. For less rural countries, the EPS has a greater

effect on all the deciles compared to the results in Table 4 when all countries in the sample are included.
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Additionally, there is a similarity to the original result in which the effect of the EPS increases for each
decile. All individual deciles also have a greater effect on the EPS than when all countries were included.

For the more rural countries, the EPS index still has a statistically significant effect on the full
sample, indicating robust results. When breaking it down on a decile level, only the top 10% of earners
have a statistically significant effect on a 10% confidence level. This could be due to the effect of more
rural countries being weaker than less rural countries, in combination with that a great share of the power
was lost with the substantially smaller sample size. Nevertheless, it could be the case that our result is
not replicable for the rural group. Additionally, the appendix includes a table with descriptive statistics
for EPS for the less and more urban groups. EPS is slightly lower for the more rural group; hence, less
stringent environmental policies might explain why EPS's effect is not significant for this group. The
results also indicate that the effect is smaller for more rural countries, contrary to the findings by Gill and

Moeller (2018).

9. Limitations

Several limitations must be considered when interpreting the results. Firstly, there may be endogeneity
between the personal carbon footprints and the EPS index as the policy stringency could be influenced
by other factors related to carbon footprints. For instance, climate awareness or overall public opinions
on climate change could confound the relationship between personal carbon footprints and environmental
stringency. Failure to address endogeneity issues may bias the estimated coefficients and lead to, for
example, overestimated results.

Due to limited data availability, we could not account for heterogeneity within income groups
except for the income shares. This may have blurred important nuances in the data since ideally, all of
the control variables would have varied by income groups. Therefore, this study does not identify other
factors that could influence how different individuals within the income groups react to changes in the
EPS.

Furthermore, we need to address the potential reverse causation, i.e. carbon footprints may also
influence the EPS index. For instance, high levels of emissions could lead to heightened public awareness
and therefore, bring pressure for stricter environmental policies. In addition, economic factors such as
recession may force policymakers to prioritize short-term economic concerns over environmental
protection which results in less stringent policies. However, EPS is endogenous in the same way for all
income deciles which means that the endogeneity problem is not as big for the results across the deciles.

It is still challenging to make causal claims from this study alone. Nevertheless, this thesis contributes
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valuable insights into the effectiveness of environmental policies and efforts to reduce carbon emissions
and thus, serves as a basis for future research.

Finally, our study is focused on 23 European countries which are all classified as high-income
economies (World Bank, 2023. b). EU countries also dominate the top ranking of the Environmental
Performance List making them reasonably progressive in terms of both economic performance and
climate policy stringency (Environmental Performance Index, 2022). Because of this, our sample exhibits
a unique socio-economic and environmental profile that may not be representative of the rest of the
world, particularly developing or low-income economies. Therefore, it might be difficult to generalize

the results of our study to a global scale.

10. Conclusion

Our findings reveal that environmental policy stringency is negatively linked with carbon footprints for
all income deciles aligning with the environmental economic theory: increasing carbon pricing reduces
emissions. These results are consistent with studies finding this relationship in the long run (Wolde-
Rufael & Mulat-Weldemeskel, 2021; Yirong, 2022), and with Albulescu et al. (2021), who found a
significant negative effect of policy stringency on emissions also in the short run. Overall, the estimates
remain robust to varying specifications when the largest outlier, Luxembourg, is excluded and when we
divide our sample into two sub-samples of “less rural” and “more rural” countries.

Our main findings suggest that environmental policy stringency reduces personal carbon
footprints more significantly for higher-income groups than lower-income groups. However, when
considering initial carbon footprint levels —which are relatively higher for the higher-income deciles,
middle-income groups show the greatest relative reduction. Two factors determine the effect of policy
stringency: budget constraints and the proportion of carbon footprints from elastic goods consumption.
Tight budget constraints make lower-income groups more responsive to price increases, while high
consumption of elastic goods makes higher-income groups more responsive. These effects can explain
why middle-income individuals reduce their carbon footprints the most relative to their initial levels since
they have a relatively high amount of elastic consumption and at the same time a tight budget.

Basic microeconomic theory indicates that individuals with more elastic demand bear a smaller tax
burden. Our result can therefore be interpreted somewhat differently from much of the literature, which

posits that lower earners bear most of the carbon tax burden. However, we find that the lowest earners

39



have the most inelastic demand, indicating they are more tied to emission-intensive necessities and thus
bear more of the tax incidence.

Moreover, our results reveal that market-based policies have a stronger negative correlation with
personal carbon footprints than other policy measures. These policies directly impact consumer prices,
leading to reduced consumption through income and substitution effects. Additionally, our analysis
indicates that policy stringency primarily affects carbon footprints through consumption-based
emissions, making market-based policies more effective in mitigating emissions.

The EPS index has a relatively modest and for most income deciles even an insignificant effect on
investments-based carbon footprints. This observation is particularly evident since lower-income deciles
appeared to have little to no carbon footprints stemming from investments, instead, these types of carbon
footprints were more prominent for the highest-earning income deciles. This can explain the
heterogeneities between the income groups’ responsiveness and why the wealthiest groups may not
exhibit the greatest relative reduction in their carbon footprint as a significant portion of their overall
emissions remains unaffected by EPS. Furthermore, it also explains the greater responsiveness of middle-
income groups to climate policies, as their carbon footprints primarily originate from consumption.

To enhance the fairness and effectiveness of environmental policies, our thesis highlights the need
for progressive emission-reducing policies, such as revenue recycling to redistribute tax revenue to
affected households. Intensifying market-based climate policies can more effectively reduce overall
emissions. However, further research should investigate the consumption basket of each decile to identify
emission-intensive goods disproportionately consumed by higher-income earners and introduce
measures to reduce their emissions.

To conclude, our study provides valuable insights into the dynamics of environmental policy, income
inequalities, and carbon footprints. Future research could delve deeper into the mechanisms driving the
relationship between personal carbon footprints and the EPS index and further explore policy measures

that address the disparities in carbon footprints across income groups.

40



11. References

Ahmed, & Ahmed, S. (2018). A predictive analysis of CO2 emissions, environmental policy
stringency, and economic growth in China. Environmental Science and Pollution Research
International, 25(16), 16091-16100. https://doi.org/10.1007/s11356-018-1849-x

Albulescu, C. Boatca-Barabas, M.-E., & Diaconescu, A. (2022). The asymmetric effect of
environmental policy stringency on CO2 emissions in OECD countries. Environmental Science
and Pollution Research International, 29(18), 27311-27327. https://doi.org/10.1007/s11356-021-
18267-8

Bailey, I. (2010). The EU emissions trading scheme. Wiley Interdisciplinary Reviews. Climate Change,
1(1), 144—153. https://doi.org/10.1002/wcc.17

Blanchet, T. Chancel, L. Flores, I. Morgan, M. Alvaredo F. Atkinson. A. B. Bauluz, L. Fisher-Post, M.
Garbinti, B. Goupille-Lebret, J. Martinez-Toledano, C. Neef, T. Piketty, T. Robilliard, A. Saez,
E. Yang, L. Zucman, G. (2024) Distributional National Accounts Guidelines Methods and
Concepts used in the World Inequality Database 2024. World inequality database.

https://wid.world/document/distributional-national-accounts-guidelines-2020-concepts-and-
methods-used-in-the-world-inequality-database/

Botta, E. and T. Kozluk (2014). Measuring Environmental Policy Stringency in OECD Countries: A
Composite Index Approach (OECD Economics Department Working Papers, No. 1177) OECD.
https://doi.org/10.1787/5jxrjnc45gvg-en

Burq, F. Chancel, L. (2021) Aggregate carbon footprints on WID.world Technical Note.
https://wid.world/document/carbonaggregates

Cary, & Ahmed, Z. (2022). Do heavy-duty and passenger vehicle emissions standards reduce per capita

emissions of oxides of nitrogen? Evidence from Europe. Journal of Environmental Management,
320, 115786-115786. https://doi.org/10.1016/j.jenvman.2022.115786

Chancel, L. (2022). Global carbon inequality over 1990-2019. Nature Sustainability 5, 931-938.
https://doi.org/10.1038/s41893-022-00955-z

Chancel, L., Bothe, P., Voituriez, T. (2023) Climate Inequality Report 2023, World Inequality Lab.
https://wid.world/document/climate-inequality-report-2023/

Diffenbaugh, & Burke, M. (2019). Global warming has increased global economic inequality.
Proceedings of the National Academy of Sciences - PNAS, 116(20), 9808-9813.
https://doi.org/10.1073/pnas.1816020116

Environmental Performance Index. (2022). 2022 EPI Results. Retrieved November 28, 2023, from:
https://epi.yale.edu/epi-results/2022/component/epi

European Comission. (2023). Guidance for the compilation and reporting of data on municipal waste
according to Commission Implementing Decisions 2019/1004/EC and 2019/1885/EC, and the
Joint Questionnaire of Eurostat and OECD. Retrieved April 23, 2024, from:
https://ec.europa.eu/eurostat/documents/342366/351811/Guidancet+on+municipal+waste+data+c
ollection/

European Commission. (n.d.) Statistics What the commission is doing. commission.europa.eu. Retrieved

November 28, 2023 from: https://commission.europa.eu/topics/statistics_en

41


https://doi.org/10.1007/s11356-018-1849-x
https://doi.org/10.1007/s11356-021-18267-8
https://doi.org/10.1007/s11356-021-18267-8
https://doi.org/10.1002/wcc.17
https://wid.world/document/distributional-national-accounts-guidelines-2020-concepts-and-methods-used-in-the-world-inequality-database/
https://wid.world/document/distributional-national-accounts-guidelines-2020-concepts-and-methods-used-in-the-world-inequality-database/
https://doi.org/10.1787/5jxrjnc45gvg-en
https://wid.world/document/carbonaggregates
https://doi.org/10.1016/j.jenvman.2022.115786
https://doi.org/10.1038/s41893-022-00955-z
https://wid.world/document/climate-inequality-report-2023/
https://doi.org/10.1073/pnas.1816020116
https://epi.yale.edu/epi-results/2022/component/epi
https://ec.europa.eu/eurostat/documents/342366/351811/Guidance+on+municipal+waste+data+collection/
https://ec.europa.eu/eurostat/documents/342366/351811/Guidance+on+municipal+waste+data+collection/
https://commission.europa.eu/topics/statistics_en

Eurostat. (n.d.). NUTS - Nomenclature of territorial units for statistics — Background. Retrieved
November 27, 2023, from: https://ec.ecuropa.eu/eurostat/web/nuts/background

Feng, K., Hubacek, K., Guan, D., Contestabile, M., Minx, J., & Barrett, J. (2010). Distributional
Effects of Climate Change Taxation: The Case of the UK. Environmental Science & Technology,
44(10), 3670-3676.

Galeotti M, Salini S, Verdolini E (2020). Measuring environmental policy stringency: approaches,

validity, and impact on environmental innovation and energy efficiency. Energy Policy,
136:111052 https://doi.org/10.1016/j.enpol.2019.111052

Gill, B., & Moeller, S. (2018). GHG Emissions and the Rural-Urban Divide: A Carbon Footprint
Analysis Based on the German Official Income and Expenditure Survey. Ecological Economics,
145, 160-169.

Goulder, L. H., Hafstead, M. A., Kim, G., & Long, X. (2019). Impacts of a carbon tax across US
household income groups: What are the equity-efficiency trade-offs? Journal of Public
Economics, 175, 44-64.

Ikeda. (2006). LUXURY AND WEALTH. International Economic Review (Philadelphia), 47(2), 495—
526. https://doi.org/10.1111/1.1468-2354.2006.00386.x

IPCC. (2023). Summary for Policymakers 2023. Synthesis Report. Summary for policy makers. IPCC.
https://doi.org/10.59327/IPCC/AR6-9789291691647.001

Ivanova, D., Vita, G., Steen-Olsen, K., Stadler, K., Melo, P. C., Wood, R., & Hertwich, E. G.
Hertwich. (2017). Mapping the carbon footprint of EU regions. Environmental Research Letters,
12(5), 54013. https://doi.org/10.1088/1748-9326/aa6da9

Ivanova, & Wood, R. (2020). The unequal distribution of household carbon footprints in Europe and
its link to sustainability. Global Sustainability. https://doi.org/10.1017/sus.2020.12

Kossoy, A., Peszko, G., Oppermann, K., Prytz, N., Gilbert, A., Klein, N., Lam, L., & Wong, L. (2015).
Carbon Pricing Watch 2015. World Bank. (Washington, DC)

Kruse, Tobias. Dechezleprétre, Antoine. Saffar, Rudy. Robert, Leo (2022). Measuring environmental
policy stringency in OECD countries: An update of the OECD composite EPS indicator (OECD
Economics Department Working Papers No. 1703). OECD. https://dx.doi.org/10.1787/90ab82e8-
en

Koppl, A., & Schratzenstaller, M. (2023). Carbon taxation: A review of the empirical literature.
Journal of Economic Surveys, 37(4), 1353-1388.

Lévay, P. Z., Vanhille, J., Goedemé, T., & Verbist, G. (2021). The association between the carbon
footprint and the socio-economic characteristics of Belgian households. Ecological Economics,
186, 107065.

Liddle, B. (2015). What are the carbon emissions elasticities for income and population? Bridging
STIRPAT and EKC via robust heterogeneous panel estimates. Global Environmental Change, 31,
62—73. https://doi.org/10.1016/j.gloenvcha.2014.10.016

Mehleb, R., Kallis, G., & Zografos, C. (2021). A discourse analysis of yellow-vest resistance against

carbon taxes. Environmental Innovation and Societal Transitions, 40, 382-394.
Mengden, A. (2023). Carbon Taxes in Europe. Tax Foundation Europe,
https://taxfoundation.org/data/all/eu/carbon-taxes-in-europe-2023/

42


https://ec.europa.eu/eurostat/web/nuts/background
https://doi.org/10.1016/j.enpol.2019.111052
https://doi.org/10.1111/j.1468-2354.2006.00386.x
https://doi.org/10.59327/IPCC/AR6-9789291691647.001
https://doi.org/10.1088/1748-9326/aa6da9
https://doi.org/10.1017/sus.2020.12
https://dx.doi.org/10.1787/90ab82e8-en
https://dx.doi.org/10.1787/90ab82e8-en
https://doi.org/10.1016/j.gloenvcha.2014.10.016
https://taxfoundation.org/data/all/eu/carbon-taxes-in-europe-2023/

Mi, Z., Zheng, J., Meng, J., Ou, J., Hubacek, K., Liu, Z., ... & Wei, Y. M. (2020). Economic
development and converging household carbon footprints in China. Nature Sustainability, 3(7),
529-537.

Moran, D., Kanemoto, K., Jiborn, M., Wood, R., Tébben, J., & Seto, K. C. (2018). Carbon footprints of
13 000 cities. Environmental Research Letters, 13(6), 064041.

Nicolini, M., Tavoni., M. Are renewable energy subsidies effective? Evidence from Europe, Renewable
and Sustainable Energy Reviews, Volume 74, 2017, Pages 412-423, ISSN 1364-0321,
https://doi.org/10.1016/j.rser.2016.12.032

Ohlendorf, N., Jakob, M., Minx, J. C., Schroder, C., & Steckel, J. C. (2021). Distributional impacts of
carbon pricing: A meta-analysis. Environmental and Resource Economics, 78, 1-42.

Otsuki, Nakamura, H., Arai, M., & Xu, M. (2015). The methodologies and instruments of vehicle
particulate emission measurement for current and future legislative regulations. Measurement
Science & Technology, 26(9), 92002—92019. https://doi.org/10.1088/0957-0233/26/9/092002

Pottier, A. (2022). Expenditure elasticity and income elasticity of GHG emissions: A survey of
literature on household carbon footprint. Ecological Economics, 192, 107251.
https://doi.org/10.1016/j.ecolecon.2021.107251

Paris Agreement to the United Nations Framework Convention on Climate Change. Decemer, 12,
2015, T.I.LA.S. No. 16-1104.

Parry, I. W. (2004). Are emissions permits regressive?. In Distributional Effects of Environmental and
Energy Policy (pp. 235-258). Routledge.

Perloff, J. M. (2020). Microeconomics: Theory and applications with calculus. (Fifth edition). Pearson
Education Limited.

Porter, M., & Van der Linde, C. (1995). Toward a New Conception of the Environment-
Competitiveness Relationship. The Journal of Economic Perspectives, 9(4), 97-118.

Rausch, S., Metcalf, G. E., & Reilly, J. M. (2011). Distributional impacts of carbon pricing: A general
equilibrium approach with micro-data for households. Energy Economics, 33, S20-S33.

Sommer, M., & Kratena, K. (2017). The Carbon Footprint of European Households and Income
Distribution. Ecological Economics, 136, 62—72. https://doi.org/10.1016/j.ecolecon.2016.12.008

Stern, D. 1. (2011). The role of energy in economic growth. Annals of the New York Academy of
Sciences, 1219(1), 26-51.

Sterner, T. Robinson, E, J Z. (2018). Selection and design of Environmental Policy Instruments. In
Dasgupta, P., Pattanayak, S., & Smith, V. K. Handbook of environmental economics. Volume 4.
North Holland.

Stock, & Watson, M. W. (2015). Introduction to econometrics (3. rev. ed., Global ed.).

UNDP HRDO. (2019). Human Development Report 2019. Beyond Income, Beyond Averages, Beyond
Today: Inequalities in Human Development in the 21st Century.
https://hdr.undp.org/sites/default/fles/hdr2019.pdf

Varian, H. R. (1992). Microeconomic analysis (3. ed.). Norton.

Varian, H. R. (2014). Intermediate microeconomics with calculus: a modern approach. WW norton &
company.

Verbeek, M. (2017). A guide to modern econometrics. John Wiley & Sons.

43


https://doi.org/10.1016/j.rser.2016.12.032
https://doi.org/10.1088/0957-0233/26/9/092002
https://doi.org/10.1016/j.ecolecon.2021.107251
https://doi.org/10.1016/j.ecolecon.2016.12.008
https://hdr.undp.org/sites/default/fles/hdr2019.pdf

West, S. E. (2017). Distributional effects of alternative vehicle pollution control policies. In
Distributional Effects of Environmental and Energy Policy (pp. 93-115). Routledge.

West, S. E., & Williams, R. C. (2017). Estimates from a consumer demand system: implications for the
incidence of environmental taxes. In Distributional Effects of Environmental and Energy Policy
(pp. 117-140). Routledge.

Wier, M., unBirr-Pedersen, K., Jacobsen, H. K., & Klok, J. (2005). Are CO2 taxes regressive?
Evidence from the Danish experience. Ecological Economics, 52(2), 239-251.

Wolde-Rufael, Y., & Mulat-Weldemeskel, E. (2021). Do environmental taxes and environmental
stringency policies reduce CO2 emissions? Evidence from 7 emerging economies. Environmental
Science and Pollution Research International, 28(18), 22392-22408.

World Bank. (2023. a). State and Trends of Carbon Pricing 2023. Washington, DC: World Bank. doi:
10.1596/978-1-4648-2006-9.

World Bank. (2023. b). World Bank income groups. Retrieved April 25, 2024 from:
https://ourworldindata.org/grapher/world-bank-income-groups

World Bank. (2024). Poverty and Inequality Platform Methodology Handbook. Edition 2024-03. from:
https://datanalytics.worldbank.org/PIP-Methodology/

World Bank (n.d. a). World Bank Country and Lending Groups. Retrieved November 28, 2023, from:
https://datahelpdesk.worldbank.org/knowledgebase/articles/906519#High _income

World Bank (n. d. b) Carbon Pricing Dashboard. Retrieved March 5, 2024, from:
https://carbonpricingdashboard.worldbank.org/

Yirong, Q. (2022). Does environmental policy stringency reduce CO2 emissions? Evidence from high-
polluted economies. Journal of Cleaner Production, 341, 130648.

Zhang, F. (2015). Energy Price Reform and Household Welfare: The Case of Turkey. The Energy
Journal (Cambridge, Mass.), 36(2), 71-95. https://doi.org/10.5547/01956574.36.2.4

44


https://ourworldindata.org/grapher/world-bank-income-groups
https://datanalytics.worldbank.org/PIP-Methodology/
https://datahelpdesk.worldbank.org/knowledgebase/articles/906519#High_income
https://carbonpricingdashboard.worldbank.org/
https://doi.org/10.5547/01956574.36.2.4

Appendix A — National Income and Income Share Data

This appendix provides a detailed description of the data used for the income variable.

National income is retrieved from World Inequality Database (WID) and is calculated from GDP per
capita figures in fixed 2022 Euros. GDP is primarily sourced from national banks, with supplementary
sourcing from the World Bank, the UN, and the International Monetary Fund (IMF). To calculate net
national income, the consumption of fixed capital is first subtracted then the net foreign income is added.
The consumption of fixed capital corresponds to what is lost due to capital deprivation. Net foreign
income is computed by summing up income generated abroad that benefits domestic residents, followed
by subtracting domestically generated income that serves as income for residents abroad. GDP and net
national income usually correlate for most countries and periods. However, this is not always the case:
in recent years Luxemburg and Ireland have experienced a higher GDP simultaneously as they have had
large outflows of capital, national income takes this into account which makes it more suitable to use in

this thesis (Blanchet et al., 2024).

The income shares of each income decile per year are retrieved from the World Bank’s Poverty and
Inequality Platform (PIP). The data on income shares utilizes income aggregates which are mainly based
on household survey data which is obtained from either the Luxembourg Income Study database or EU
Statistics on Income and Living Conditions. The income aggregates quantify the total monetary inflow
received by a household within a specific timeframe with the goal of reflecting disposable income.
Hence, the surveys typically include both labor income and non-labor income such as pension, subsidies,
and money transfers. The PIP aggregates are expressed in local 2017 prices and to account for the
differences between countries, they have utilized purchasing power parities. Furthermore, to improve the
comparability across time and space, most of the surveys on European countries have been spatially
deflated, i.e. they are account for price differences even within countries. To account for temporal
deflation which happens when surveys are conducted over several months, the PIP surveys use a
reference period (2017) and adjust all aggregates accordingly. However, not all surveys undertake this

process, often due to unavailable fieldwork month data. (World Bank, 2024)
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Appendix B — Descriptive Statistics

Table B1

Descriptive Statistics and Variable Descriptions

Variables Description Obs Mean Std.dev. Min Max szmes by Source
income
Dependent
Carbon footprint Average per capita GHG emissions (tonnes of 5,980 14.611 11.895 2.520 136.789 YES WID
(consumption and carbon dioxide equivalent) from
investments) consumption and investments.
Carbon footprint Average per capita GHG emissions (tonnes of 5,750 11.421 6.779 2.488 68.245 YES WID
(consumption only) carbon dioxide equivalent) from
consumption.
Carbon footprint (investments Average per capita GHG emissions (tonnes of 5,750 3.185 5.821 0 74.198 YES WID
only) carbon dioxide equivalent) from investments.
Independent
EPS index OECD's Environmental Policy Stringency 5,980 2.327 1.072 0 4.722 NO OECD
index (consisting of all three categories)
ranging from 0 to 6.
Market-based EPS index OECD's Environmental Policy Stringency 5,980 1.360 0.829 0 4.167 NO OECD
index for market-based climate policies
Non-market-based EPS index OECD's Environmental Policy Stringency 5,980 3.791 1.776 0 6 NO OECD
index for non-market-based climate policies.
Green technology EPSindex  OECD's Environmental Policy Stringency 5,980 1.832 1.333 0 6 NO OECD
index for green technology support policies.
Control
Income Percentage (%) of total income held by each 4,610 10.000 5.740 1.746 31.144 YES WDI&WID
income decile multiplied by average national
income (expressed in thousands of euros).
Rural population The percentage (%) of a country's total 5,980 25.205 11.784 1.959 49.404 NO WDI
population residing in rural areas.
Unemployment Percentage (%) of a country's total labor 5,980 8.037 4.425 1.810 27.690 NO WDI

force thatis unemployed (modeled ILO
estimate).
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Table B2

Means and Standard Deviations by Income Decile

Means and Std.dev. 1 2 3 4 5 6 7 8 9 10
Carbon Footprint 5.021 7.742 9.772 10.795 11.860 13.099 14.541 16.466 19.506 37.312
(0.078) (0.128) (0.164) (0.183) (0.203) (0.226) (0.253) (0.293) (0.362) (0.831)
Income share (%) 3.175 5.004 6.125 7.108 8.086 9.161 10.441 12.130 14.728 24.043
(0.026)  (0.026)  (0.023)  (0.020)  (0.016)  (0.013)  (0.010)  (0.013)  (0.026)  (0.095)
Income (in 1000 e) 1.272 1.981 2.418 2.804 3.191 3.618 4.126 4.799 5.829 9.512
(0.677)  (0.960)  (1.158)  (1.345)  (1.546)  (1.763)  (2.022)  (2.382)  (2.926)  (4.807)
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Appendix C — Results

Table C1
Market-based EPS: Fixed-Effects Regression Using the Full Sample by Income Decile
Decile Regression
Full 1 2 3 4 5 6 7 8 9 10

Market-based EPS -1.0037 *** -0.3872 *** -0.4997 ** -0.6279 ** -0.7363 *** -0.8294 ** -0.9290 ** -1.0192 ** -1.1073 ** -1.2444* -2.4661 **

(0.130) (0.112) (0.167) (0.206) (0.228) (0.253) (0.284) (0.323) (0.367) (0.449) (0.799)
Income 0.5197 *** 0.5805 ***  0.4389 ** 0.3480 * 0.2844 * 0.2675 * 0.2541 * 0.2540 ** 0.2900 ** 0.3726 **  0.9412 **

(0.114) (0.087) (0.161) (0.169) (0.146) (0.135) (0.131) (0.121) (0.114) (0.099) (0.123)
Rural population 04292 ** | 01361 ** 02611 ** 03266 ** 03404 ** 03557 *** 03724 ** 03962 *** 04454 ** 05308 ** 1.0776 ***

(0.049) (0.035) (0.058) (0.073) (0.078) (0.088) (0.100) (0.116) (0.127) (0.148) (0.286)
Unemployment -0.0975 ** -0.0181 -0.0340 -0.0410 -0.0584 -0.0751 * -0.0844 * -0.0912 * -0.0999 * -0.1252 * -0.3814 **

(0.024) (0.018) (0.028) (0.034) (0.038) (0.040) (0.043) (0.048) (0.054) (0.068) (0.150)
constant 4.3519 *** 1.6583 1.4495 2.1268 3.1579 4.0736 5.0706 * 5.9973 * 6.6017 * 72412 * 9.3292

(1.574) (0.981) (1.800) (2.266) (2.355) (2.599) (2.925) (3.320) (3.629) (4.138) (8.010)
R2 0.2734 0.3440 0.3901 0.4061 0.4009 0.3916 0.3768 0.3616 0.3551 0.3509 0.3879
Adj R2 0.2728 0.3383 0.3848 0.4009 0.3956 0.3863 0.3713 0.3560 0.3495 0.3452 0.3825
N 4610 461 461 461 461 461 461 461 461 461 461

Note. Dependent variable: personal carbon footprints (in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and *

p<0.10. The standard errors are robust to heteroskedasticity and shown in the parenthesis.
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Table C2
Non-market-based EPS: Fixed-Effects Regression Using the Full Sample by Income Decile

Decile Regression
Full 1 2 3 4 5 6 7 8 9 10
Non-market based EPS -0.2871 ** | -0.0890 ** -0.1384 * -0.1817 * -0.2073 ** -0.2358 **  -0.2686 **  -0.3088 *** -0.3480 *** -0.3990 *** -0.6210 *
(0.042) (0.038) (0.064) (0.079) (0.081) (0.088) (0.096) (0.102) (0.113) (0.127) (0.325)
Income 0.5595 *** 0.5915 ***  0.4729 ***  0.3881 ** 0.3271 ** 0.3148 ** 0.3050 ** 0.3139 **  0.3542 ***  0.4325 **  1.0095 ***
(0.111) (0.097) (0.159) (0.164) (0.138) (0.124) (0.118) (0.106) (0.098) (0.089) (0.122)
Rural population 0.4169 *** 0.1394 ***  0.2562 ***  0.3175 ** 0.3329 ** 0.3470 ** 0.3613 ** 0.3795 ** 04233 ** 0.5024 **  1.0992 ***
(0.053) (0.045) (0.067) (0.083) (0.090) (0.102) (0.115) (0.130) (0.143) (0.164) (0.365)
Unemployment -0.0941 ** | -0.0159 -0.0319 -0.0388 -0.0554 -0.0718 * -0.0808 * -0.0876 * -0.0963 * -0.1219 * -0.3640 **
(0.024) (0.017) (0.027) (0.033) (0.037) (0.039) (0.042) (0.046) (0.051) (0.064) (0.158)
constant 42418 ** 1.3629 1.3530 2.1036 3.0169 3.9144 4.9327 5.9755 6.6957 7.4737 7.0787
(1.670) (1.198) (2.019) (2.516) (2.639) (2.941) (3.284) (3.634) (3.999) (4.492) (10.636)
R2 0.2479 0.2893 0.3578 0.3743 0.3630 0.3522 0.3368 0.3249 0.3230 0.3233 0.3537
Adj R2 0.2472 0.2831 0.3522 0.3688 0.3574 0.3465 0.3310 0.3190 0.3170 0.3174 0.3480
N 4610 461 461 461 461 461 461 461 461 461 461

Note. Dependent variable: personal carbon footprints (in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and *
p<0.10. The standard errors are robust to heteroskedasticity and shown in the parenthesis.
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Table C3
Green Technology EPS: Fixed-Effects Regression Using the Full Sample by Income Decile

Decile Regression
Full 1 2 3 4 5 6 7 8 9 10
Green tech EPS -0.2865 *** -0.0836 -0.1917 *  -0.2461 **  -0.2456 **  -0.2483 * -0.2517 -0.2405 -0.2614 -0.2429 -0.8233 *
(0.074) (0.055) (0.078) (0.097) (0.107) (0.128) (0.150) (0.177) (0.194) (0.221) (0.410)
Income 0.5086 *** 0.4945 ***  0.3725 ** 0.2884 0.2348 0.2274 0.2182 0.2260 0.2745 ** 0.3578 ***  0.9732 ***
(0.128) (0.110) (0.178) (0.187) (0.164) (0.150) (0.144) (0.132) (0.124) (0.112) (0.127)
Rural population 0.4608 *** 0.1537 **  0.2593 **  0.3231 *** 0.3493 ** 0.3748 **  0.4018 **  0.4396 *™ 04947 ** 0.6006 **  1.1390 ***
(0.053) (0.044) (0.064) (0.079) (0.091) (0.105) (0.118) (0.131) (0.146) (0.173) (0.369)
Unemployment -0.0695 ** | -0.0101 -0.0208 -0.0237 -0.0387 -0.0531 -0.0603 -0.0653 -0.0709 -0.0940 -0.3033 *
(0.026) (0.018) (0.029) (0.035) (0.039) (0.041) (0.045) (0.050) (0.057) (0.072) (0.159)
constant 2.5108 0.8746 1.1839 1.8071 2.3465 2.8502 3.4385 3.8330 41416 4.0290 4.9695
(1.561) (1.105) (1.746) (2.199) (2.462) (2.812) (3.179) (3.513) (3.902) (4.538) (10.049)
R2 0.2408 0.2804 0.3663 0.3824 0.3627 0.3453 0.3237 0.3031 0.2994 0.2960 0.3574
Adj R2 0.2402 0.2740 0.3607 0.3770 0.3571 0.3395 0.3177 0.2970 0.2932 0.2898 0.3517
N 4610 461 461 461 461 461 461 461 461 461 461

Note. Dependent variable: personal carbon footprints (in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and *
p<0.10. The standard errors are robust to heteroskedasticity and shown in the parenthesis.
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Appendix D — Robustness

Table D1
Robustness Check: Fixed Effects Regression Excluding Luxembourg
Decile Regression
Full 1 2 3 4 5 6 7 8 9 10

EPS -0.6678 *** | -02188 *  -0.3323 *  -0.4293 **  -0.4802 *** -0.5303 ***  -0.589 *** -0.6536 *** -0.7202 *** -0.7708 **  -1.6541 **

(0.098) (0.081) (0.127) (0.157) (0.169) (0.185) (0.202) (0.217) (0.241) (0.284) (0.584)
Income 0.4255 * 0.4197 0.1258 0.056 0.028 0.0174 0.0145 0.0535 0.097 0.1588 1.0726 **

(0.255) (0.438) (0.538) (0.580) (0.560) (0.545) (0.541) (0.525) (0.514) (0.515) (0.429)
Rural population 0.3935 ** | 0.1414 ** 0223 ** 0.2711** 0.3024 ** 0.3315 *** 0.3594 **  (.3988 ***  0.4454 **  (.5455 ***  (.8932 **

(0.048) (0.043) (0.064) (0.077) (0.087) (0.099) (0.110) (0.119) (0.131) (0.155) (0.340)
Unemployment -0.0998 *** | -0.0211 -0.0435 -0.0506 -0.068 -0.0863 *  -0.0974 *  -0.1046 * -0.114 *  -0.1433 **  -0.3404 **

(0.023) (0.022) (0.035) (0.042) (0.045) (0.046) (0.049) (0.052) (0.056) (0.067) (0.154)
constant 4.2484 = 1.3182 2.4171 3.4059 3.8505 4.3751 5.0328 5.4204 5.9888 6.1274 8.5011

(1.742) (1.293) (2.150) (2.621) (2.932) (3.325) (3.755) (4.098) (4.512) (5.125) (10.665)
R2 0.2793 0.3586 0.3926 0.4071 0.4162 0.4216 0.4185 0.4188 0.4143 0.4073 0.3415
Adj R2 0.2786 0.3526 0.3869 0.4016 0.4108 0.4162 0.4131 0.4134 0.4088 0.4018 0.3354
N 4350 435 435 435 435 435 435 435 435 435 435

Note. Fixed effects regression for a subsample excluding Luxembourg. Dependent variable: personal carbon footprints (in tons of Co2 equivalents).
Significance levels are indicated as *** p<0.01, ** p<0.05, and * p<0.10. The standard errors are robust to heteroskedasticity and shown in the

parenthesis.
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Table D2

Robustness Check: Descriptive Statistics of More Rural and Less Rural Countries

Observations Mean Std.Dev. Min Max
More rural Less rural More rural Less rural More rural Less rural More rural Less rural More rural Less rural
Carbon footprints 280 3120 12.559 16.493 8.678 13.957 2.553 2.520 63.903 136.789
EPS index 2860 3120 2.224 2.422 1.034 1.097 0.000 0.000 4.417 4.722
Table D3

More Rural Countries: Fixed-Effects Regression by Income Decile

More rural countries Decile Regression
Full 1 2 3 4 5 6 7 8 9 10
EPS -0.6844 *** -0.1322 -0.1703 -0.2575 -0.2773 -0.2947 -0.3385 -0.3995 -0.4458 -0.4370 -1.6122 *
(0.155) (0.116) (0.163) (0.208) (0.216) (0.227) (0.240) (0.255) (0.290) (0.341) (0.761)
Income 0.7064 -0.2610 -0.7849 -0.8052 -0.8142 -0.8420 * -0.8351 * -0.7065 -0.5970 -0.4882 1.2732 **
(0.482) (0.614) (0.547) (0.548) (0.491) (0.445) (0.446) (0.480) (0.538) (0.591) (0.521)
Rural population 0.3702 *** 0.1314 ** 0.2099 ** 0.2734 ** 0.3139 ** 0.3390 ** 0.3664 ** 0.4062 ** 0.4537 ** 0.5830 ** 0.8397
(0.070) (0.054) (0.080) (0.096) (0.110) (0.129) (0.142) (0.151) (0.161) (0.190) (0.537)
Unemployment -0.0817 *** -0.0429 -0.0845 ** -0.0877 ** -0.1063 ** -0.1339 ***  -0.1534 ***  -0.1628 ***  -0.1766 ***  -0.2118 ***  -0.3080
(0.021) (0.025) (0.029) (0.033) (0.039) (0.037) (0.036) (0.031) (0.030) (0.042) (0.201)
constant -0.2126 0.5526 1.3687 1.4770 1.3972 2.0506 2.7298 27914 3.0232 1.4037 0.5531
(3.307) (1.629) (2.764) (3.465) (3.908) (4.720) (5.441) (6.075) (6.688) (7.574) (20.783)
R2 0.2286 0.3219 0.3874 0.4049 0.4174 0.4281 0.4261 0.4217 0.4088 0.3851 0.2860
Adj R2 0.2271 0.3084 0.3752 0.3931 0.4058 0.4167 0.4147 0.4102 0.3970 0.3729 0.2717
N 2060 206 206 206 206 206 206 206 206 206 206

Note. Fixed effects regression for a subsample including only more rural countries (defined in Section 8.2). Dependent variable: personal carbon
footprints (in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and * p<0.10. The standard errors are robust to
heteroskedasticity and shown in the parenthesis.
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Table D4
Less Rural Countries: Fixed-Effects Regression Using the Full Sample by Income Decile

Less rural Countries Decile Regression
Full 1 2 3 4 5 6 7 8 9 10
EPS -0.7766 *** -0.2920 ***  -0.4339 ** -0.5341 ** -0.5985 ** -0.6400 ***  -0.6812 ***  -0.7344 ***  -0.8359 ***  -0.9948 ***  -2.0318 **
(0.124) (0.082) (0.153) (0.191) (0.194) (0.198) (0.209) (0.226) (0.251) (0.309) (0.739)
Income 0.5587 *** 0.6417 *** 0.5969 *** 0.5112 *** 0.4195 *** 0.3930 *** 0.3696 *** 0.3540 *** 0.3853 *** 0.4431 *** 1.0441 ***
(0.119) (0.087) (0.102) (0.107) (0.100) (0.099) (0.100) (0.104) (0.097) (0.087) (0.093)
Rural population 0.3174 *** 0.0905 * 0.2089 ** 0.2647 ** 0.2636 ** 0.2762 ** 0.2889 ** 0.2993 ** 0.3293 ** 0.3668 * 0.8420 *
(0.056) (0.044) (0.071) (0.090) (0.099) (0.108) (0.119) (0.132) (0.145) (0.173) (0.441)
Unemployment -0.0833 ** -0.0092 -0.0281 -0.0430 -0.0535 -0.0578 -0.0569 -0.0527 -0.0566 -0.0741 -0.3990 **
(0.037) (0.033) (0.052) (0.063) (0.073) (0.082) (0.093) (0.107) (0.119) (0.143) (0.134)
constant 11.5109 *** 4.0945 *** 5.4093 *** 7.0459 *** 8.5556 *** 9.5993 ***  10.7852 ***  12.1684 **  13.7003 ***  16.2968 ***  25.7192 **
(1.295) (0.842) (1.556) (1.993) (2.105) (2.183) (2.298) (2.422) (2.652) (3.084) (9.503)
R2 0.2977 0.3246 0.4122 0.4280 0.4001 0.3749 0.3480 0.3218 0.3215 0.3230 0.4820
Adj R2 0.2966 0.3138 0.4028 0.4189 0.3905 0.3649 0.3376 0.3109 0.3106 0.3122 0.4737
N 2550 255 255 255 255 255 255 255 255 255 255

Note. Fixed effects regression for a subsample including only less rural countries (defined in Section 8.2). Dependent variable: personal carbon footprints
(in tons of Co2 equivalents). Significance levels are indicated as *** p<0.01, ** p<0.05, and * p<0.10. The standard errors are robust to

heteroskedasticity and shown in the parenthesis.
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