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ABSTRACT

ENVIRONMENTAL HEALTH RISKS, INEQUALITY AND WELFARE BEYOND GDP

A seemingly overlooked impact on economic well-being and inequality is the mortality and
morbidity attributed to the environment, such as air, soil and water pollution, ecosystem degrada-
tion, unsafe water and sanitation, temperature balance and other environmental quality changes.
These environmental health risks are impacting welfare worldwide. The World Health Organiza-
tion estimates that 24% of all global deaths are linked to environmental factors, or around 13.7
million mortalities per year (Priiss-Ustiin et al. 2016). Air pollution accounts for 7 million of these
deaths, and around 3 billion people face health risks from using polluting fuels such as solid fuels
or kerosene for lighting, cooking and heating (WHO 2020). Particulate matter alone kills more
than 4 million people each year, mainly in emerging market and developing economies (Nansai
et al. 2021). Over half the world’s population is exposed to unsafely managed water, inadequate
sanitation and poor hygiene, resulting in more than 800,000 deaths annually (WHO 2020). These
exposures reduce the average life expectancy and constrain human capital accumulation, thereby
reducing the quantity of human capital per person and adversely impacting income distribution,
especially among poor countries who already have low human capital. This dissertation examines
two channels by which these environmentally health risks impact the economy.

The first chapter of this dissertation examines inequality convergence over the past three decades
and asks if environmental health risks (EIH) on human capital are responsible for the slow rate of
inequality reduction in countries. Though higher initial incidence of EIH simultaneously worsens
the rate of inequality reduction, we find that those countries that experience faster reduction in the
level of EIH tend to converge to a lower level of inequality more quickly than their counterparts.
Thus, estimates that exclude the incidence of EIH may bias the speed of convergence downward.

We conclude that high rates of income growth, per se, do not reduce inequality within developing
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countries. Instead, the level of both initial inequality and EIH are just as important as growth. As
such, policies targeted at reducing inequality must also address the health impacts of the environ-
ment.

The second chapter of this dissertation examines the impact of environmental health risk on
welfare through its impact on average life expectancy. Employing the Global Burden of Disease
(GBD) dataset of environmentally related mortality and morbidity across 163 countries over 1990-
2019, we modify the consumption-equivalent macroeconomic welfare measure developed by Jones
and Klenow (2016) to include these risks. We use the GBD estimates of environmentally related
morbidity as a lower bound estimate of these risks to adapt the expected lifetime component of
the Jones-Klenow welfare measure for each country relative to the United States. Similarly, we
use the GBD’s estimates of environmentally related disability adjusted life years (DALYs) as an
upper-bound estimate of adjusting life expectancy for environmental health risks. Our results sug-
gest that, across all 163 countries over 1990-2019, including environmental health risks in welfare
is significant when compared to income (GDP) per capita or to welfare that excludes these risks.
While welfare in advanced economies is considerably high and closer to the United States, emerg-
ing market and developing economies who suffer the most from environmentally related mortality
and morbidity diverge substantially from the United States. This divergence in welfare is especially
prominent among low and lower middle-income countries, who are disproportionately affected by
environmental health risks.

The findings of the first two chapters reaffirm the need to aggressively target and successfully
implement the Paris Agreement, Agenda 2030 and its linked Sustainable Development goals. For
example, achieving the target on green energy transition, not only promote energy efficiency but
will also significantly cut down the number of mortality and health risks associated with polluting
solid fuel and kerosene usage in developing countries. Similarly, the target on improving access
to clean water and sanitation, when achieved, will improve welfare and reduce, if not eliminate,

the about 827,000 deaths associated with unclean water and poor sanitation each year (see WHO
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2020). Thus, the strategies for improving welfare, which is the focus of my research, are very
much tied to the successful implementation of the Sustainable Development Goals.

The third chapter analyzes the impact of crowding and ecosystem externalities flowing from
the industrial fishery sector to the artisanal fishery sector. Both externalities are the results of illegal
trawling of small pelagic stock (which is the legal target stock of artisanal fishery) as by-catch by
the industrial fishery sector. To explore this issue, we develop a two-sector bioeconomic model
with empirical application for the case of fishery in Ghana. We demonstrate that both externalities
impact the productivity and profitability of the artisanal fishery. Our empirical results show that,
between 1986 and 2013, by-catch ranges from 18% - 95% of total artisanal catch except for some
extreme outliers. We also found that industrial fishing effort has being increasing since 2007 but
with less than a proportionate increase in legal annual catch, when compared to previous years.
This seems to have coincided with significant increases in by-catch. The conjectured is that the
extra increases in industrial fishing effort may have been moved toward illegal trawling of by-catch.
This may explain why effort is increasing with less than a proportionate increase in industrial
fishery’s annual landings. We estimated the optimal tax rate to be approximately 11%. However,
given the data challenges, we believe that the true optimal tax rate lies between 100% and 10%.
Consequently, when the optimal tax rate is applied, the amount of by-catch chosen by the industry
fishery in the decentralized equilibrium is identical to the amount chosen by the government. We
conclude that if the government’s priority is to increase the productivity of the artisanal fishery, then

the current level of by-catch should be reduced through monitoring and effective tax structures.
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Chapter 1
Growth and inequality convergence: the role of

environmentally related impacts on human capital

1.1 Introduction

A central tenet of the growth literature is the convergence hypothesis that per capita income
tends to grow more rapidly in poorer countries than in richer countries, thereby causing living
standards to converge standards (Bénabou 1996). Countries that evolve towards the same level
of per capita income should therefore also display similar income distribution. Thus, income
convergence also implies inequality convergence, in that countries with high initial inequality will
experience greater reductions in inequality than countries starting with low inequality. !

Current evidence supports a tendency towards inequality convergence, while at the same time
demonstrating that inequality within countries has worsened considerably (Pande and Enevold-
sen 2021; Ravallion 2003, 2018). For example, Pande and Enevoldsen (2021) point out that the
observed convergence in levels of per capita income across countries has occurred contempo-
raneously with rising within-country inequality, resulting in more of the world’s poor living in
middle-income countries and more inequality. Similarly, Ravallion (2018: 634) notes that ‘the two
key features of how global inequality has been changing in the last few decades are the falling
between-country component alongside a rising within-country component’. If within-country in-
equality continues to rise, especially in low- and middle-income countries, it could therefore be-
come an important factor in preventing all countries from eventually displaying a similar income

distribution.

I'The inequality convergence hypothesis states that countries with similar structural parameters for technology, prefer-
ences, and population growth will evolve towards a common per capita income, in a manner that reduces inequality
in high-inequality countries and increases inequality in low-inequality countries (Ravallion 2003).



The aim of this paper is to investigate whether there may be a second factor that could be
influencing the speed of inequality convergence. This factor is environmentally related impacts on
health (EIH), which are disproportionately affecting poorer as opposed to richer countries. If EIH
are significant in low- and middle-income countries, and increasingly affect the health outcomes
of the poorest populations in these countries, this could have an independent effect on changes in
the distribution of income over time, separate from the initial level of inequality. The intuition is
that countries with higher incidence of EIH would have to be converging at a very high speed in
order to catch up with the group. As a result, estimates that exclude this effect will underestimate
the speed of convergence. Our aim here is further explore this possible relationship.

EIH refers to morbidity and mortality resulting from disease burden due to air pollution from
solid fuels and ambient ozone, unsafe water and sanitation, soil and water pollution from chemicals
or biological agents, anthropogenic climate change, and ecosystem degradation. The World Health
Organization (WHO) estimates that more than half of the world’s population is exposed to unsafely
managed water, inadequate sanitation, and poor hygiene, resulting in about 827,000 deaths each
year (WHO 2020). In 2019, pollution was responsible for approximately 9 million premature
deaths, of which 90% occurred in low- and middle-income countries (Fuller et al. 2022). Air pol-
lution alone accounts for 7 million deaths, and about 3 billion people experience adverse morbidity
risks from solid fuels or kerosene use for heating, cooking, and lighting (WHO 2020). Particulate
matter accounts for more than 4 million such deaths each year, mainly in emerging market and
developing economies (Nansai et al. 2021).?

In all, the WHO estimates that 13.7 million deaths, representing 24% of all global deaths, are
linked to environmental factors each year (Priiss-Ustiin et al. 2016). These exposures are highest
in low- and middle-income countries, which are plagued with the poorest health outcomes (WHO,
2020). As aresult of EIH, health outcomes are getting better in richer countries but worse in poorer

countries (Clark 2011). As low-income and lower-middle-income countries disproportionately

’In this paper we use the term ‘emerging market and developing economies’ or just ‘developing countries’ to refer
to all low- and middle-income countries. High-income countries will be referred to as advanced economies. These
income groupings are based on the World Bank’s Country and Lending Groups classification (World Bank n.d.).



suffer from EIH, these effects could constrain human capital accumulation and adversely impact
growth, with consequences for inequality convergence.

Romer (1990) argues that human capital is essential in generating new ideas for the type of
technological progress needed for growth, and by extension, higher living standards and inequality
reduction. Countries with higher stocks of human capital experience rapid generation of research
ideas and are better placed to absorb new products or ideas discovered elsewhere, and they there-
fore tend to grow faster. Under this assumption, a poor country tends to grow faster than a richer
country through accumulating more human capital than it has initially (Mankiw et al. 1992). By
increasing the quantity of human capital per person, the rates of investment in both human and
physical capital increases, leading to higher per capita income (Barro 1991). Implicit in these
arguments is the assumption of a ‘healthy population’, so that human capital will monotonically
increase with training and education. However, the presence of attenuating factors such as EIH
could depress human capital accumulation and reduce the quantity of human capital per person,
leading to lower income. The effect of EIH may not be homogeneous within a country, but because
it lowers the income of those who are disproportionately impacted, it influences the distribution
of income and lowers the average income of the entire population (ie. per capita income). Clark
(2011) finds evidence in support of this argument that negative health outcomes (infant mortality)
depress per capita income in poor countries.

Since the variance of the income distribution is often taken to mean inequality, the effect of EIH
on the distribution of income in the population directly influences inequality. This leads to one im-
portant hypothesis: that countries with higher incidence of EIH will experience lower growth in
mean income and less than a proportionate reduction in inequality over time. In other words,
environmental impacts on health constrain the inequality-reducing impacts of economic growth,
thus inhibiting the convergence of income inequality across countries. However, if those countries
starting out with high incidence of EIH aggressively cut down the level of EIH, inequality could

improve over time, leading to faster inequality convergence. These possibilities have important



implications for growth and inequality reduction in developing countries, which are disproportion-
ately affected by EIH.

Investigating such a relationship is relevant to understanding the influence of the environment
and growth on inequality reduction. The consensus in recent empirical analysis is that a higher
growth rate will speed up absolute inequality reduction across countries, with some evidence that
such reductions could be offset by a high initial level of inequality (see Banerjee and Duflo 2003;
Bénabou 1996; Chen and Ravallion 2001; Milanovic et al. 2011; Ravallion 1997, 2001, 2012).
However, Ravallion (2003) found very little effect of initial inequality on the rate of inequality
reduction. This raises the question of whether the slow speed of inequality convergence is due
directly to the effect of EIH. Alternatively, do environmental impacts on health indirectly prevent
improvements in income distribution by affecting the inequality-reducing impact of growth in per
capita income?

To answer both questions, we follow a similar analytical approach to that of Ravallion (1997,
2012), who investigates the poverty-reducing impact of growth. We first examine the evidence
for inequality convergence. Using the UNU-WIDER World Income Inequality Database (WIID)
(UNU-WIDER 2021) and employing the autoregressive technique, we find evidence of cross-
country inequality convergence over the period 1990-2019. Next, we test for inequality con-
vergence while allowing for the influence of EIH, defined as environmentally related disability-
adjusted life years (DALYs), which is the number of life years lost due to environmentally related
mortality and morbidity. These data are from the Global Burden of Disease (GBD) dataset avail-
able on the Global Health Data Exchange (GHDx) (GHDx 2019). We compute the incidence of
EIH as the total number of environmentally related DALY's divided by the population. Our results
suggest that across 179 countries from 1990 to 2019, environmentally related impacts of health
offset the impact of growth in per capita income on inequality reduction, regardless of the measure
of inequality adopted. Thus, the hypothesis that environmentally related impacts of health have a
significant influence on the inequality convergence process cannot be rejected.

More generally, our findings can be summarized as follows:



1. Higher (lower) initial incidence of EIH simultaneously worsens (improves) the rate of in-
equality reduction. Thus, those countries that experience faster reduction in the level of EIH
tend to converge in inequality more quickly than their counterparts, ceteris paribus. The
implication is that those countries starting out with high EIH would have to drastically cut
the level of EIH over time—thereby reducing inequality faster—to converge to the same low
level of inequality as their counterparts. Thus, estimates that exclude the incidence EIH may

bias the speed of convergence downward.

2. Since the 1990s, high inequality has co-existed with high growth rates in low- and lower-
middle-income countries. The hypothesis that per capita income growth on its own improves
inequality is largely rejected in the full sample of 179 countries over 1990-2019, except for
the period from 2000 to 2019, where the effect of growth on improving inequality is only

significant at the 10% level.

3. For advanced countries, income growth and initial incidence of EIH have no significant effect
on changes in inequality over 1990 to 2019. But in developing countries the relationships are
less straightforward. Income growth on its own lowers the rate of inequality reduction, but

when interacted with the initial incidence of EIH, the rate of inequality reduction increases.

The outline of the paper is as follows. Section 2 explores the trends in global inequality and
EIH. Section 3 provides the theoretical framework that links the incidence of EIH to inequality
through the Lorenz curve. Section 4 provides the data and descriptive statistics, while Section 5

details the empirical strategy and results. Section 6 concludes.



1.2 Patterns of inequality and EIH

We begin by examining the key trends and patterns of inequality and EIH from 1990 to 2019.
Over this period, the world economy has seen considerable growth in per capita income and living
standards, which has had significant impacts on global inequality. Since the mid-1990s, environ-
mentally related deaths and morbidity (DALYs) globally have also declined significantly, although
the level of environmental impacts on health in emerging market and developing countries remain

substantially higher than those found in advanced economies.

1.2.1 Inequality convergence

Figure 1.1 plots the annualized log change in Gini index from 1990 to 2019 against the levels
in 1990 for 172 countries.> A negative annualized growth in Gini index implies a reduction of
inequality and a positive growth rate implies a worsening of inequality. The straight lines in Figure
1.1 indicate the fitted regressions lines for each income group of countries: low, lower middle,
upper middle, and high income. While the regression line of the low-income group has a slope of
-1.28 with a t-score of -3.09, that of the lower-middle-income group has a slope of -0.52 with a
t-score of -2.44, the upper-middle-income group has a slope of -1.15 with a t-score of -5.56, and
the high-income group has a slope of -0.70 with a t-score of -4.44, which indicates strong evidence
of within-income group convergence over 1990-2019.*

As indicated by the much steeper slope of the regression line, the low-income group of 28
countries has the highest rate of inequality reduction, ranging from -1.1% to 0.5%. This is followed
by the high-income group of 47 countries, which has an annualized reduction in inequality ranging
from -0.83% to 0.77%. The lower-middle-income group of 43 countries has an annualized rate of

inequality reduction ranging from -1.45 to 0.52 with large dispersions among countries.

3To smooth the graph in Figure 1.1, we drop seven outliers: Azerbaijan, Bulgaria, Romania, Latvia, Sio Tomé and
Principe, Luxembourg, and Uzbekistan.

“The estimates of the slope and t-score of the regression lines in Figure 1.1 are obtained by regressing the log Gini
index in 1990 on the annualized growth in inequality. Standard errors are robust to heteroscedasticity (White test).
The range of annualized reduction in inequality in each of the income groups is obtained from the summary statistic
at the group level.



In sum, while income inequality has been falling globally, the proportionate rate of decline

is slower among lower-middle-income countries compared with the other income groups. This

outcome is concerning, given that more of the world’s poor are living in middle-income countries

(Pande and Enevoldsen 2021) and that the income of those at the bottom of the global distribution

of income has remained fairly stagnant in recent decades (Gradin 2021). As we shall see next,

this stagnation in the distribution of income and the slower rate of inequality reduction among

lower-middle-income countries seem to have coincided with declining but high levels of EIH in all

developing countries.
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Figure 1.1: Inequality convergence—growth in inequality plotted against initial inequality.



1.2.2 Global Gini index and EIH

Figure 1.2 compares the trends from 1990 to 2019 in the global Gini index and EIH as measured
by environmentally related DALYs. Over this period, the global Gini index fell from about 70 to
60, indicating a gradual lessening of inequality. This trend seems to have coincided with a rapid
decline in environmentally related DALYs globally, which fell from about 553 million in 1990
to 362 million in 2019 representing about a 35% reduction (see Figure 1.2). Over this period,
world environmentally related deaths fell by just 8%: from about 12 million to 11 million (see
Appendix Figure A.1).> At the same time, we observe a significant shrinking of the tail of the
kernel distribution of environmentally related DALY's in 2019, compared with the elongated and

flatter distribution in 1990 (see Appendix Figure A.2).
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Figure 1.2: World Gini coefficient and environmentally related DALYs.

>The actual numbers of total environmentally related DALY's and total environmentally related deaths could be larger
than those shown in Figure 1.2 and Figure 1.3 and Appendix Figure A.2, since the available data only cover unsafe
water, sanitation, handwashing, air pollution including particulate matter pollution, ambient particulate matter pollu-
tion, household air pollution from solid fuels, and ambient ozone pollution, as well as suboptimal temperature (both
low and high) and other environmental risks associated with residential radon and lead exposure.



1.2.3 Heterogeneity of EIH across income groups

EIH vary considerably among countries over 1990 to 2019. As noted in the introduction, these
health risks disproportionately impact the poorest and most vulnerable people in emerging market
and developing economies. As Figure 1.3 shows, environmentally related DALY's are substantially
higher in low- and middle-income countries than in advanced economies. However, the slopes

of the curves suggest that lower-middle-income countries are reducing environmentally related

DALYs much faster than high-income countries.
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Figure 1.3: Environmentally related DALY's by income groups.
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Figure 1.4: Decadal average of log of environmentally related DALY's by income groups.

Figure 1.4 presents the decadal average in the level of EIH among countries based on income
classification. Environmentally related DALY's are lowest in the high-income countries compared
with the other income groups, with lower-middle-income countries displaying the highest levels
of EIH in terms of decadal averages. However, environmentally related DALY's are considerably
different across income groups. While low- and lower-middle-income countries are predominantly
impacted by risks from unsafe water, sanitation, handwashing, and household air pollution from
solid fuels, middle-income countries are predominately impacted by particulate matter pollution
and other forms of air pollution, which may be attributed to the rapid industrialization and urban-

ization experienced by such countries (see GHDx 2019).5

%Values plotted in Figure 1.3 and Figure 1.4 are the total estimated sum of all environmentally related mortality and
morbidity for each of the income groups as of 2019 (see GHDx 2019).
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1.2.4 EIH convergence

To form a comparable index across countries, we derive the incidence of EIH as the total
number of environmentally related DALYs divided by the population of the country.” Though the
incidence of EIH is substantially high among low- and lower-middle income countries, Figure 1.5
shows that these developing countries are reducing the level of EIH faster than advanced countries.

Thus, the evidence in Figure 1.5 could be loosely described as ‘convergence in EIH’.
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Figure 1.5: Growth in incidence of EIH plotted against initial levels of EIH

The estimated regression line of the lower-middle-income group has a slope of -1.56 with a

t-score of -6.13, the upper-middle-income group has a slope of -1.63 with a t-score of -5.48, the

"To avoid negative values from taking log, we multiply the incidence by 100,000. This allows us to interpret the

resulting incidence as a portion of every 100,000 life years in the population lost due to environmentally related
DALYs.
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high-income group has a slope of -0.68 with a t-score of -2.94, and the low-income group has a
slope of -0.5 that is not significant at the 5% level. Although the incidence of EIH is still high in
developing countries, their rate of EIH reduction over 1990-2019 is much higher than that of the
advanced countries.

This outcome is supported by evidence that the health hazards associated with unsafe water,
sanitation, hand washing, and household air pollution from solid fuels—which make up the bulk
of environmentally related deaths and DALY in developing countries—have been decreasing in
recent decades (see GHDX 2019). Such a reduction in EIH in developing countries could also have
an impact on inequality, as the portion of income inequality attributable to the effect of EIH on the
income distribution within developing countries should also fall. We theoretically demonstrate this

relationship in the following section.

1.3 The Lorenz curve and EIH

As discussed in the introduction, the presence of EIH reduces the amount of human capital
per person and thereby influences the distribution of income in the population. The dispersion or
variance of income distributions is often taken to mean income inequality. To illustrate the potential
impact of EIH on inequality, we explore its effect on average income and the properties of Lorenz
curve. Since inequality is the variance of income distribution, countries that are disproportionately
affected by EIH will have highly skewed income distributions with large variances in income.
Though the effect of EIH may not be homogeneous within a country, it consequently lowers the
income of those who are disproportionately impacted, thereby lowering the average income of the
entire population and thus causing the Lorenz curve to display a greater disparity in income.

We adopt the theoretical framework developed by Barbier and Hochard (2018) and Gastwirth
(1971), to illustrate the impact of EIH on inequality. Let o be the incidence of EIH, which is the
total number of environmentally related DALY's divided by the population. Given this incidence,
let the proportion p of the population that receives income less than some level y be defined by the

cumulative distribution function, p = [/ f(t,0)dt = F(y,o0) . Following Gastwirth (1971), the
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inverse of the cumulative distribution function, F~!(p, o) = y(p, o), defines the quantile function
for p; i.e., the income level y below which we find a proportion p of the population. This leads
directly to the derivation of the Lorenz curve, a plot of the fraction of total income that the holders
of lowest p'* portion of income possess, given the effects of EIH on the distribution of income.
Under these assumptions, the Lorenz curve associated with any random income y with a finite

population mean income p = [~ ydF(y) = [;° yf(y)dy is defined as:

1 [P oL  y(p,o)
L(p) = — Fl(t)dt, L,=-—=
(p) % /0 ( ) P ap %

>0, Lyp>0, 0<p<0 (L)

where L(p) is the fraction of total income that the holders of the lowest p** fraction of income
possess. As y'(p) > 0, the Lorenz curve is an increasing and convex function of p. Consequently,
the derivative of the Lorenz curve with respect to p gives the ratio of the income of that share of
the population to the average income of the entire population. However, in this case the level of
inequality is also a function of 0.

Let g be the resulting inequality index, i.e. the share of the population with income level no
higher than some threshold amount z(o), which, based on the above arguments, is influenced by
o. Thatis, g = F(z(c)) and thus z(0) = F~'(g). Inverting the latter function, evaluating it at p=g

and replacing y(p, o) with z(o), we obtain:

L—lﬂ, 99 >0 (1.2)
0 do

Equation 1.2 indicates that the level of inequality depends on the mean income of the population
and the incidence of EIH, as well as the properties of the Lorenz curve. We expect that a marginal
increase in o will increase the level of inequality and a decrease in o will reduce inequality. This
direct effect of the incidence of EIH on inequality is an empirically testable hypothesis. In addition,
as o may also influence mean income, it could indirectly affect the inequality-reducing impacts of

income growth. Our hypothesis is that a higher incidence of EIH is associated with a weaker

inequality-reducing impact of growth in average income.
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The above leads us to two testable hypotheses as to whether or not the incidence of EIH: (1)
directly influences the rate of inequality reduction and convergence, and (2) impedes the inequality-
reducing impact of growth in mean income. The key variables required to empirically test these

hypotheses include measures of inequality, mean income, and incidence of EIH.

1.4 Data and descriptive statistics

We construct a measure of EIH for 179 countries spanning 1990 to 2019 from the GBD dataset,
(GHDx 2019). The incidence of EIH (o) is the proportion of the population exposed to environ-
mentally related DALY, which is the number of life years lost due to environmentally related
mortality and morbidity. Specifically, we obtain the incidence of EIH by dividing the total num-
ber of environmentally related DALY's by the population. As shown in Table 1, environmentally
related DALY's alone account for 14,046 out of every 100,000 life years lost in low- and lower-
middle-income countries.

Our principal measure of inequality (g) is the Gini index. However, when comparing country
inequality, we are also interested in isolating the within-country component of inequality. Such
decompositions are not generally possible with the Gini index, which is based on the absolute
difference of all random pairs of incomes normalized by the mean. Therefore, we consider indices
from the generalized entropy family including GE(0) or mean-log deviation (MLD), GE(-1), and
GE(1) as a robustness check. 8

While the Gini index is less sensitive to the two extremes of the income distribution, MLD
is particularly sensitive to the bottom 40% of the distribution, GE(-1) shows extreme sensitivity
to the very bottom of the income distribution and the Theil, GE(1), is sensitive to the top of the

distribution. Naturally, all the inequality indices are high in low- and lower-middle-income coun-

8GE represents generalized entropy. The generalized entropy indices are used to measure inequality within groups
of the population. For example, the GE(1) index assess how much any given income distribution is far from the
perfect uniform distribution while weighting each observation by its share of the total income. However, in the case
of GE(-1), the inequality factor for weighting within the groups is their respective share of the population. Ordinarily,
GE(0) is equivalent to mean-log deviation (MLD), which is a relative inequality measure like the Gini index in that
both depend on the ratio of incomes to the mean (Gradin 2021).
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tries compared with the sample average (see Table 1.1). The statistics of the GE(-1) show that
inequality is much higher in low-and lower-middle-income countries than the levels revealed by
the Gini index. Thus, depending on the distributive sensitivities under focus, the conclusions about
the weight of inequality decline shown in Figure 1.2 may be contentious. However, by comparing
the initial inequality values of all indices and the average over 1990-2019, one thing that is less
contentious is the fact that all indices agree that inequality has being slowly declining since the

1990s. See Gradin (2021) for a detailed discussion of these trends in inequality.

Table 1.1: Descriptive Statistics of Key variables for 179 countries from 1990-2019

Low-and Upper-middle High All 179 countries
lower income income
income
Variable Standard
Mean Mean Mean Mean  Deviation

Per capita GDP 3,547 11,720 37,048 16,452 18,088
Gini index 50.87 45.31 35.34 44.40 11.13
Generalized Entropy family index (GE(-1)) 123.8 85.45 37.26 85.76 102.4
Mean-log deviation (MLD) or GE(0) 51.23 40.26 23.51 39.40 22.46
Generalized Entropy family index (GE(1)) 52.89 40.23 23.17 39.96 22.46
Bottom 40%, share of the total 12.00 14.09 18.77 14.73 5.006
Environmentally related DALY's (100000) 14,046 4,031 1,796 7,404 8,616
1990 Gini index 52.18 45.52 34.17 44.62 12.55
1990 GE(-1) 173.0 73.26 34.04 101.5 153.7
1990 GE(1) 56.47 41.71 21.74 41.37 25.86
1990 GE(0) 56.81 40.30 22.14 41.25 27.46
1990 Environmentally related DALY's (100000) 21,819 6,169 2,294 11,317 12,068
Annualized Gini growth rate (%) -0.162 -0.140 0.102 -0.072 0.494
Annualized GE (-1) growth rate (%) -0.589 -0.0237 0.318 -0.146 2.663
Annualized GE (1) growth rate (%) -0.364 -0.359 0.245 -0.169 1.086
Annualized GE (0) growth rate (%) -0.414 -0.230 0.240 -0.156 1.270
Annualized income growth rate (%) 1.567 2.170 1.868 1.828 1.706

Note: Based on a sample 179 countries in total: 56 are high-income countries, 49 upper middle-income countries,
45 lower middle-income countries and 29 low-income countries for which data on environmentally related deaths and
DALYs are available. See Appendix Table A.3 for list of countries. Annualized growth rates are calculated as the
change in the log of the variable of interest between 1990 and 2019 divided by time interval of 29 years and expressed
as 100 %.

The mean income (u) is captured by per capita GDP constant in 2017 US dollars. The data on
inequality variables and per capita GDP are obtained from the most recent version of the UNU-

WIDER WIID dataset (UNU-WIDER 2021). This could be described as the gold standard for
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inequality indices, with broad-ranging indices including the Gini coefficient and indices from the
general entropy family. This dataset produces internationally comparable country-level data on a
variety of inequality measures and income distribution estimates based on standardized publicly
sourced data for 209 countries and territories covering the period 1950-2019. This allows us to

test our hypothesis over a broader range of inequality indices.

1.5 Empirical strategy and results

As summarized in Durlauf et al. (2005), there are many different econometric specifications
for measuring convergence empirically. We follow the standard approach, which is also used by
Ravallion (2012) for poverty convergence, to test for inequality convergence and the effect of EIH
on the speed of convergence and inequality reduction. This involves cross-sectional ordinary least
square (OLS) estimations over intervals of ten or more years, which we will discuss below. While
the cross-sectional regression is not without limitations, it captures cross-country variations well
and avoids temporary noise and trends in the data that maybe transitory and do not influence long-
run parameters of interest (Kremer et al. 2022).

While testing for poverty convergence, Ravallion (2012) specifies a homogeneity restriction for
a direct and indirect effect of income growth on poverty reduction. We follow similar strategy to
test the direct and indirect effects of income growth on inequality reduction. The aim of the homo-
geneity restriction is to be able to estimate the growth elasticity of inequality reduction conditional
on initial incidence of EIH. There is a significant conceptual difference between our hypothesis
and that of Ravallion (2012). Ravallion (2012) specifies a regression indicating that the change in
poverty over time could be influenced by the initial level of poverty. As a robustness check, he
also examines whether the initial level of inequality could inhibit the poverty-reducing impact of
growth. In comparison, our empirical strategy investigates whether the change in inequality over
time could be influenced by the initial level of inequality as well as the initial incidence of EIH, or
alternatively, whether the initial incidence of EIH could also inhibit the inequality-reducing impact

of growth. The following sub-sections outline in more detail the steps of our approach.
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1.5.1 Effect of EIH on inequality reduction and convergence in inequality
Our first step is to examine whether income inequality is converging across countries over 1990
to 2019. The standard inequality convergence hypothesis in literature is that changes in inequality

over time will be influenced by the level of initial inequality, which is commonly expressed as:

Y(git) = Ao + A1 In(gir—r) + €3t (1.3)

where ¢ is each country’s observation, ¢ is the present year of data, 7 is the length of year interval
in each cross-section of data and €;; is the disturbance term. The dependent variable in Equation

1.3 1s:

which is the annualized change in the log of inequality index and thus represents the growth in
inequality, and depending on the sign could also be called the rate of inequality reduction. A neg-
ative y(g;;) implies that the inequality index for the current year is lower than that of the previous
year, and the reverse is true for positive values. As such, increases in y(g;;) are a sign of worsen-
ing inequality. The underling null hypothesis (Hj) for Equation 3 is that there is no evidence of
inequality convergence or that the initial level of inequality does not affect the rate of change in
inequality, i.e. A\; = 0.

Our second hypothesis is that inequality may be declining over time, but it may be doing so
at a slower rate due to the presence of EIH. If that holds true, then including the initial incidence
of EIH as a regressor in Equation 1.3 should lower the annualized rate of reduction in inequality.
All else being equal, countries with a higher initial level of EIH incidence should experience less
inequality reduction than countries with a lower initial level. More importantly, we also want to
examine the effect of initial incidence of EIH on the convergence parameter, A\, which is formally
expressed in Equation 1.2 as % > (). The hypothesis is that the inclusion of initial incidence of
EIH will increase the effect of the initial inequality.

Thus, in our second step, we respecify Equation 3 to include initial incidence of EIH as follows:
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Y(git) = Ao + A1 In(gir—r) + Ao In(oi—r) + € (1.4)

Equation 1.4 specifies that the rate of change in inequality is influenced by the initial level of
inequality and the initial incidence of EIH. Thus, the direct effect of incidence of EIH on the rate
of inequality reduction will be verified if the null hypothesis of Ay = 0 is rejected. If Ay > 0,
countries starting out with higher initial incidence of EIH will be reducing inequality more slowly
than countries with a lower initial incidence.

Consequently, we estimate Equations 1.3 and 1.4 and test the corresponding two hypotheses
for the direct effects of initial inequality, In(g;;—,) , and initial incidence of EIH, In(o;;_.), on the
annualized change in inequality. Our main results for regressions of Equations 1.3 and 1.4 using
the OLS estimator are summarized in Table 1.2. Columns 1 and 2 report the regressions for the
179 countries over 1990-2019, columns 3 and 4 are for the 20-year period from 1990 to 2010, and
the remaining columns are for the periods 1990-2000, 2000-19, and 2000-10.

In all five samples, the estimated annual convergence rate for the Gini index ranges from 0.5%
to 1.7%, not conditional on any other explanatory variable. These estimates are revised upwards to
a range of 0.8% to 2% when we include the initial incidence of EIH. The corresponding estimates
of this convergence parameter in Ravallion (2003) and Bénabou (1996) are much lower, less than
-0.06% and 0.91% respectively. Such variation in estimates could be the result of the differences in
the sample of countries and years in our empirical analysis compared with the earlier studies. While
Ravallion (2003) and Bénabou (1996) use the Deininger and Squire (1996) dataset and others to
compile a sample of 21 to 69 countries, our sample consists of 179 countries, which includes a
much larger number of low- and lower-middle-income countries compared with the earlier studies.
In addition, our analysis covers a much later period, from 1990 to 2019.

The null hypothesis that \s = 0 is also rejected, as this parameter is positive and significant at
the 1% or 5% level in all samples except in 1990-2000 (see Table 1.2). The associated elasticity
is positive and ranges from 0.1 to 0.16, suggesting that a 10% reduction in the initial incidence

of EIH would improve the change in Gini index by 1.0 to 1.6%. It should also be noted that
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inclusion of initial incidence of EIH does not diminish the effect of initial inequality on inequality
reduction over time; instead, the convergence parameter improves. As indicated in Table 1.2, when
initial EIH incidence is included with initial inequality, in all regressions, \; is more negative and

significant at the 1% level.”

Table 1.2: Estimates of the effects of initial inequality and incidence of EIH on inequality reduction

Variable 1990-2019 1990-2010 1990-2000 2000-2019 2000-2010

Constant 3.10f 3.041 438t 4311 6.73% 6.67 1.73% 1.77 2.82% 2.87%
[0.417] [0.395] [0.502] [0.474] [0.900] [0.875] [0.563] [0.553] [0.773] [0.754]

Log of Gini -0.84"  -1.06" -1.17¢ -1.397 -1.75t 197t

index, initial [0.109] [0.142] [0.131] [0.168] [0.234] [0.284]

year 1990,

ln( gir— T

Log of Gini -0.517  -0.78t -0.807  -1.16"

index, initial [0.148] [0.194] [0.204] [0.253]

year 2000,

ln( gir— I')

Log incidence of 0.10* 0.10%* 0.10

EIH, initial year [0.036] [0.041] [0.062]

1990,

ln( o, T)

Log incidence of 0.12%* 0.15%

EIH, initial year [0.045] [0.057]

2000,

ln( o, T)

Observations 178 178 178 178 178 178 179 179 179 179

R-squared 0.249 0.282 0312 0.335 0.287 0.297 0.052  0.087 0.068  0.102

Note: The dependent variable is the annualized change in the log Gini index; the estimates are for 179 countries for
which EIH is available; heteroscedasticity-consistent robust standard errors (White) in parentheses; { significant at the
1% level, ** significant at the 5% level, * significant at the 10% level.

9The lists of control variables we considered include GDP per capita, the income share of the bottom 40%, and other

inequality indices such as GE(-1) and GE(0). While the inclusion of the control variables significantly improves
the R-square, it did not significantly improve the coefficient on our variable of interest, In(o;;—,). For example,
when we estimate Equation 1.4 and include the income share of the bottom 40% as a control, A\; increases from
the -1.06 reported in column 2 of Table 1.2 to -2.71 with a t-score of -20.84 but A, falls from 0.1 to 0.009 and
is statistically insignificant even at the 10% level. A5 does not improve even when we include GDP per capita
and GE(-1). Meanwhile, the coefficient on the income share of the bottom 40% is -1.84, statistically significant at
the 5% level. This should be expected, since the annualized Gini growth rate that is our dependent variable is a
derivative of the income distribution. It makes intuitive sense that our list of controls will be strong predictors of the
dependent variable. However, their strong effect on the dependent variable diminishes or cancels out the effect of
EIH. Therefore, to isolate the effect of EIH on the rate of inequality reduction and convergence—which is the core
aim of this paper—the estimates reported throughout the paper are without these controls.
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Finally, we perform a two-stage instrumental variable (IVE) regression of Equation 4 which
captures the endogeneity between initial inequality and initial incidence of EIH (see Appendix
Table A.1). While the results corroborate our earlier findings of inequality convergence, the con-
vergence parameters and )\, in the IVE model are generally larger than the estimates from the
OLS model. These large differences between the OLS and IVE estimates could be attributed to
measurement error or the weak instrument problem. Thus, the OLS estimates are preferred be-
cause the convergence parameter estimates are unbiased, consistent, and low enough to generate
convergence towards medium inequality.

In conclusion, our estimations of Equations 1.3 and 1.4 suggest that, over 1990 to 2019, there
is strong evidence of inequality convergence, and high initial incidence of EIH worsens the annu-
alized rate of inequality reduction over time. In fact, our estimations suggest that both effects are
present simultaneously, and the convergence parameter is more negative as a result. This result
corroborates our theoretical framework. The incidence of EIH and Gini index complement each
other, in that a high initial incidence of EIH implies that the component of income inequality at-
tributable to EIH is high. As such, the average initial inequality is also high, which is why A; is
larger or more negative upon the inclusion of initial incidence of EIH. Thus, the estimates that ex-
clude EIH bias the speed of convergence downward. Before exploring these implications further,
next we examine the possibility that initial EIH may indirectly impact changes in inequality by

affecting the inequality-reducing influence of growth in per capita income.

1.5.2 EIH and the inequality-reducing impact of income growth

We have seen that direct impact of EIH on changes in inequality over time cannot be rejected;
that is, countries starting with a higher initial incidence of EIH will have a lower rate of inequality
reduction than countries with a lower initial incidence. Next, we examine whether the presence of
EIH hinders the inequality-reducing impact of income growth. To do this, we respecify Equation

1.4 to include a direct effect of income growth and an interaction term between income growth and
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initial incidence of EIH. This leads to the following model specification:

Y(git) = Ao + A1 In(gir—r) + Ao In(oi—r) + (Bo + Broie—r )Y (fit) + A3 Zix + € (1.5)

where (p;;) = In <ﬁ) /7 is the annualized change in the log of mean income and thus repre-
sent the growth in per capita income, Z;; is vector of control variables.In addition to testing for the
null hypothesis 8y + 81 = 0, the key restriction here is the homogeneity restriction that tests the
null hypothesis 5y + 5; = 0 . Failure to reject the null hypothesis of homogeneity, i.e., 5y = —f;
, confirms that initial incidence of EIH has an indirect influence through ‘adjusting’ the growth
elasticity of inequality reduction. As such the inequality-reducing impact of income growth in
Equation 1.5 can be specified as (1 — o, )7(ps¢).'° Thus, as the initial incidence of EIH increases
(decreases), the rate of inequality reduction becomes less (more) responsive to growth in per capita
income and reaches O (1) at a sufficiently high (low) incidence of EIH.

Table 1.3 depicts the various regressions of Equation 5 for 179 countries over various periods
from 1990 to 2019. As before, we can reject the null hypothesis that Ay = A\, = 0 at the 1% or 5%
significance level in all samples except in 1990-2000. In addition, in all sample periods, the null
hypothesis Sy = 0 cannot be rejected except at the 10% significance level over 2000—19. These
results indicate that income growth does not influence changes in inequality at the 5% significance
level for the 179 countries over 1990 to 2019,and correspondingly, there is no indirect impact of
initial EIH on the inequality-reducing impacts of growth.

The regressions also indicate that we can accept the homogeneity restriction 5y + 51 = 0 in
all of the samples except for 2000—19. The corresponding /3 coefficients from the restricted model

reported in columns 2,4,6, and 10 in Table 1.3, are not statistically significant at the 5% level even

0Tn the case that Ay = Ay = A3 = 0 and By = O both hold, the regression in Equation 1.5 further resolves to
v(git) = Mo + (Bo + B1oss—r)y(pit) + €, Bo = 0. The inclusion of control variables to estimate A3 does not
significantly improve our variable of interest, In(o;;—,). As in Table Table 1.2 , the inclusion of the income share
of the bottom 40% as a control significantly improves A; from the -1.1 reported in column 1 of Table 3 to -2.7 with
a t-score of -21.01 but A, falls from 0.1 to 0.02 and is statistically insignificant even at the 10% level. A, does
not improve when we include GDP per capita and GE(-1). Meanwhile, the coefficients on the income share of the
bottom 40% (i.e. -1.82) and annualized income growth rate (0.03) are both statistically significant at the 5% level.
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when we include control variables. However, at the 10% significant level we find a positive growth

elasticity of inequality reduction conditional on initial incidence of EIH.

Table 1.3: The effects of Gini index, incidence of EIH and income growth on changes in inequality

Variable 1990-2019 1990-2010 1990-2000 2000-2019 2000-2010
Constant 3.00t  -0.13% 418" -0.08 6.770  0.18** 2.29%  -0.13** 3.621  -0.10
[0.384] [0.047] [0.475] [0.058]  [0.884] [0.082] [0.540] [0.057] [0.763] [0.120]
Log of Gini index, initial ~ -1.17 -1.41 -1.91
year 1990, ln( 8o I) [0.142] [0.169] [0.286]
Log of Gini index, initial -0.87* -1.311
year 2000, ln( 8o r) [0.177] [0.229]
Log incidence of EIH 0.10%* 0.11%* 0.08
initial year 1990, [0.041] [0.048] [0.069]
ln( c. )
-
Log incidence of EIH, 0.11** 0.15%*
initial year 2000, [0.047] [0.063]
ln( c. )
=t
Growth rate, annualized 0.01 0.03 -0.02 -0.07* -0.09
change in log mean [0.024] [0.027] [0.025] [0.038] [0.064]
income of the two
periods, }/( U ir)
Growth rate interacted 0.00 -0.00 0.00
with incidence of EIH in [0.00] [0.00] [0.00]
1990, )/( /'lir) Tit—¢
Growth rate interacted 0.00 0.00
with incidence of EIH in [0.00] [0.00]
2000, 7( K )0,
EIH-adjusted growth rate, 0.03* 0.04* -0.01 -0.03 -0.04
7( ,u“) ( 1— o, r) [0.020] [0.022] [0.020] [0.031] [0.054]
Homogeneity test: Wald 0.17 0.88 0.81 3.54* 1.91
test statistics,
ot £ =0
Observations 178 178 178 178 178 178 179 178 179 178
R-squared 0.283  0.010 0.340  0.014 0.301  0.002 0.122  0.010 0.143  0.010

Note: the dependent variable is the annualized change in the log Gini index; the estimates are for 179 countries for
which EIH is available; the 5 coefficient of the restricted model reported in column 5 does not improve with the
inclusion of control variables such as GDP per capita, income share of the bottom 40%, and other inequality indices
such as GE(-1) and GE(0); heteroscedasticity-consistent robust standard errors (White) in parentheses; { significant at
the 1% level, ** significant at the 5% level, * significant at the 10% level.
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Unlike the positive poverty-reducing impact of growth found in Ravallion (2012), we find that
the effect of initial incidence of EIH outweighs the inequality-reducing impact of income growth in
the full sample at the 10% significant level. The impact of growth on the rate of inequality reduction
is insignificant in most periods, and in the case of the one exception (2000-2019), the estimated
impact is close to zero. This latter result is consistent with Ravallion (2014), who posits that there
may be a trade-off between reducing inequality and reducing poverty. Thus, the observed higher
growth has not reduced inequality within countries but rather that decreasing global inequality is
due to falling inequality between countries (Ravallion 2014).

We also estimate Equations 1.4 and 1.5 over 1990-2019 for the four major income groups:
low-income, lower middle-income, upper middle-income, and high-income countries. Table 1.4
depicts the results. Like the cross-country estimates for the full sample reported in Tables 1.2 and
1.3, in all estimations across income groups, initial inequality has a negative and significant impact
on changes in inequality over time. That is, a higher initial level of inequality in 1990 leads to
more inequality reduction over 1990-2019 in all four income group samples. The corresponding
rate of inequality reduction ranges from 1.3% to 1.7% in low-income countries, 0.7% to 1.3% in
lower-middle-income countries, 1.2% to 1.3% in upper-middle-income countries and 0.8% to 1
percent in high-income countries.

However, the estimates of the effects of the initial incidence of EIH on changes in inequality
over time for the subsamples of income groups differ significantly from those for the full sam-
ple in Tables 1.2 and 1.3. The initial incidence of EIH is not significant in all specifications for
upper-middle-income and high-income countries. This includes the interaction of this variable with
growth in income per capita. However, for lower-middle-income countries, not only does initial
EIH incidence have a positive and significant influence on changes in inequality over 1990-2019,
but also it interacts with per capita growth to have a negative and significant impact on inequality
changes. That is, high initial EIH incidence lowers the rate of inequality reduction, but this effect
is somewhat counteracted if a country displays higher annual growth in per capita income over

1990-2019.
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Regarding income growth, we find no evidence of a relationship between inequality reduction
and income growth in high and upper middle-income countries, but we find two opposing forces in
low and lower middle-income countries: income growth as a standalone variable worsens the rate
of inequality reduction, but when interacted with initial incidence of EIH, the rate of inequality
reduction improves. For example, a 10% increase in income growth worsens the rate of inequality
reduction by 1.6% among low income countries and 2.1% among lower middle-income countries
And when interacted with initial incidence of EIH, a very small reduction in inequality is observed.
Though negligible, this indirect effect of income growth suggests a feedback loop between inci-
dence of EIH and income growth in a manner that improves the rate of inequality reduction. In the
case of low-income countries, the initial incidence of EIH interacts with growth to impact changes
in inequality only over 1990-2019. Also, for both low-income and lower-middle-income coun-
tries, per capita income growth has a significant and negative impact on changes in inequality over
1990-2019, whereas there is no such significant effect for upper-middle-income and high-income
countries. That is, for the two poorer groups of countries, higher per capita income growth appears
to lead to greater reductions in inequality over 1990-2019.

In addition, the homogeneity restriction can be rejected for the low- and lower-middle-income
groups, but their corresponding [ coefficients from the restricted model reported in in columns
4 and 8 respectively in Table 1.4 are not statistically significant at the 5% level even when we
include control variables. As a result, we do not have a statistically significant estimate for the
growth elasticity of inequality reduction conditional on initial incidence of EIH. This could be
due, in part, to the fact that the effect of the interaction term between growth rate and incidence of
EIH is negligible or that the effect of EIH on inequality reduction via income growth may not be
straightforward.

As a robustness check, we regroup the low- and lower-middle-income countries as one sample
and high- and upper-middle-income countries as a second sample; this does not change the results
significantly (see Appendix Table A.2). The signs on A; and ), are the same as those reported

when the sample was split into the four income groups. Even the coefficient estimates are just a
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few points’ standard deviation from the average of the coefficient estimate from Table 1.4. For
example, the convergence parameter in Table 1.4 for the low-income group is -1.28 and that of the
lower-middle-income group is -0.69 while the coefficient from the combined sample is -0.76 (see

Appendix Table A.2), approximately 0.23 deviations from the combined mean of -0.99.

1.6 Implications for inequality convergence

Though higher initial incidence of EIH lowers the rate of inequality reduction, those countries
that experience faster reduction in the level of EIH tend to converge in inequality at much faster
speed than their counterparts, all things being equal. Based on the findings in Table 1.2 - 1.4, we
next ask: at the current annualized rate of inequality reduction in low- and lower-middle-income
countries, how many years will it take these countries to converge to benchmark average inequality
of high-income countries, which is 35.3 over the period 1990-2019? Will the number of years
change when we include the effects on annualized inequality reduction of initial incidence of EIH?

To answer both questions we consider several scenarios, but the one reported here uses the pre-
dicted values of the annualized rate of inequality reduction from our estimations of equations 1.3
and 1.4 and assumes that for a selected group of developing countries, their respective initial in-
equalities are represented by the average over 1990-2019. Table ?? shows the estimated number of
years required by each country to converge to the average Gini index of 56 high-income countries
over the entire period of 1990-2019. Column 2 shows the average Gini index of each country over
the entire period while column 3 shows the percentage change between the reported EIH in 1990
and that of 2019. Using a compound growth formula and given predicted values of the annualized
rate of inequality reduction from our estimations of equations 1.3 and 1.4, the average Gini index
of each country, and the benchmark Gini index of 35.33, we compute the years it will take for each
country to converge to the benchmark inequality.

We see a trend between the percentage reduction in EIH and the number of years required to
converge. On average, countries with the lowest reduction in EIH require a higher-than-average

number of years to converge to the benchmark inequality (see column 5). For example, Benin,
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which has the lowest percentage reduction in EIH of 9.9%, has the highest number of years to
converge to the benchmark inequality. Lower-middle-income countries may require more than a
century to reach the benchmark inequality index of 35.3, despite their strong economic perfor-
mance in recent years (see Johnson and Papageorgiou 2020).

Table 1.5: Number of years required by selected lower-middle-income countries o converge lo benchmark
average Gint index of high-income countries (35.3)

EIH Reduction

Average Gin index, between 1990 and Years ( Based on Years (Based on

Country over 1990 - 2019 2019 {in Percent) Equation 3) Equation 4)
Migeria 453 201 916 4040
Senegal 56.3 40.8 120.4 146.8
Mauritania 53.6 45.8 123.7 153.0
Zimhabwe fid.3 3.5 125.1 89.0
Honduras 52.0 358 125.7 BR.4
Kenya 58,5 17.4 126.2 114
Nicaragua 525 68,2 130.3 93.1
Tunisia 433 0.2 138.2 46.5
Zambia 63.4 411 140.2 1657
Eswatini 64.9 266 141.3 1157
Lesotho 64.2 29.3 141.9 142.0
Cape Verde 60,7 39.6 142.3 114.2
Comoros 63.1 37.2 143.3 172.9
Papua New Guinea 42.8 3.8 143.9 137.5
Angala 6058 609 145.1 262.2
Bhutan 52.1 65.0 150.6 1599
Pakistan 46.5 14.2 152.5 2932
Philippines 46.8 12.5 154.5 91,0
Cameroon 57.8 104 154.7 1913
Congo 0.2 38.6 156.0 170.1
Mepal 50.0 62.9 161.4 3982
Tanzania 514 413 167.0 01.6
Cote d'lvoire 58.0 18.4 174.7 233.7
Ghana 557 04 1799 2746
Sri Lanka 47.1 15.5 184.4 66.7
Benin 55.2 99 185.9 4279
Sao Tome and Principe 52.3 66.3 188.0 229.3
Moroceo 423 9.6 194.3 121.0
India 50.1 387 224.0 13
Victnam 37.6 30.8 314.4 38.2

Note: Future projection of number of years (n) is based on the average Gini index of individual countries (g;) and the

average Gini index of 56 high-income countries (g7 ) over the entire period of 1990-2019 and the annualized rate of

n— (Ingr—Ing)
= In(1+r])
; T is the predicted values of v(g;;) from Equations 3 and 4 respectively; countries with positive annualized rate of

inequality reduction were dropped.

inequality reduction (r); using the compound growth expression g = g;(1+7)" and solving for n as
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1.7 Robustness check

To check the robustness of our estimations that use the Gini index as the measure of inequality,
we conducted series of regressions that use indices from generalized entropy family, including
GE(0) or MLD, GE(-1), and GE(1). The main difference between these indices and the Gini index
is the part of the distribution they focus on. Unlike the Gini, which is less sensitive to the two
extremes, the MLD is particularly sensitive to the bottom 40% of the population, GE(-1) shows
extreme sensitivity to the very bottom of the income distribution and the Theil, GE(1), is sensitive
to the top of the distribution. These differences in the indices shed important light on the findings
of this paper.

We find that inequality indices (i.e. MLD or GE(0) and GE(-1)) that place more emphasis on
the bottom of the income distribution are more sensitive to the effects of EIH. The direct effect
of incidence of EIH on change in inequality is more profound in GE(-1) models than in the Gini
index models (compare Table 1.2 or 1.3 and 1.6). The associated elasticity is positive, ranging
from 0.4 to 0.9 compared with corresponding estimates from the Gini mode that range from 0.1 to
0.16. This implies that while a 100% increase in the incidence of EIH would worsen the change
in Gini index by 10 to 16%, the change in GE(-1) index worsens by 40 to 90%. This result
exposes the dangers of EIH in widening the inequality gap between the bottom and the top of the
income distribution as well as corroborating the narrative that the income of the bottom of the
global distribution has remain fairly stagnant in recent decades (see Gradin 2021). Likewise, the
estimated convergence parameters from the GE1 (-1) models, ranging from 1.1 to 3.2%, are much
higher than corresponding estimates obtained in the Gini model (i.e. 0.5 to 2%). The GE(1) models
have the lowest convergence parameters.

In summary, the regressions in Table 1.6, 1.7, and 1.8 consistently corroborate the estimates
in Table 1.2 and 1.3 and point to evidence of cross-country inequality convergence. As before,
the convergence parameter is generally higher when we include incidence of EIH and we find no
evidence in support of the hypothesis that incidence of EIH reduces the inequality-reducing impact

of income growth in any of the models here.
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1.8 Conclusion

The incidence of environmentally related impacts on health matter to the story of inequality
reduction and convergence. We find strong evidence in support of inequality convergence across
countries and within income groups. Importantly, we found that although higher initial incidence
of EIH simultaneously worsens the rate of inequality reduction, those countries that experience
faster reduction in the level of EIH tend to converge in inequality at much faster speed than their
counterparts, all things being equal. Thus, estimates that exclude EIH may bias the speed of
convergence downward.

Lack of evidence in support of the hypothesis that the initial incidence of EIH reduces the
inequality-reducing impact of income growth. Higher rates of income growth, per se, do not
promote inequality reduction within countries. Instead higher growth rates exist side by side with
high inequality, especially in developing countries. This finding is consistent with Ravallion (2014)
and (2018), who finds that higher growth rate has not improved inequality within countries but
rather observes that falling global inequality is due to falling inequality between countries. Even
if inequality does not rise with economic growth, a high level of EIH will mean less average
per capita GDP for countries that are disproportionately impacted, mainly developing economies,
leading to high inequality within those countries.

Our results hold some important policy implications. Clearly, low and middle-income countries
cannot expect to reduce inequality while maintaining high levels of EIH. If they choose inequality
reduction as a priority, they must implement policy instruments that will reduce the level of EIH
and alleviate the conditions of the vulnerable population who are disproportionately impacted.
For example, developing countries should build infrastructure and improve access to clean water,
proper sanitation, and hygiene—which alone account for about 827,000 deaths each year (WHO

2020).
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Chapter 2

Environmental Health Risks, Welfare and GDP

2.1 Introduction

Recent attempts to move “beyond GDP” to a broader economic measure of social welfare have
encompassed a variety of approaches that seek either to “correct” GDP or to replace it with an
alternative indicator (Fleurbaey 2009; Fleurbaey and Blanchet 2013; Jorgenson 2018; Stiglitz et
al. 2010). However, a seemingly overlooked impact on economic well-being is the health risks
attributed to the environment, such as air, soil and water pollution, ecosystem degradation, unsafe
water and sanitation, and other environmental quality changes. These environmental health risks
are significantly affecting welfare worldwide.

For example, the World Health Organization estimates that 24% of all global deaths are linked
to environmental factors, or around 13.7 million mortalities per year (Priiss-Ustiin et al. 2016).
Air pollution accounts for 7 million of these deaths, and around 3 billion people face health risks
from using polluting fuels such as solid fuels or kerosene for lighting, cooking and heating (WHO
2020a). Particulate matter alone kills more than 4 million people each year, mainly in emerging
market and developing economies (Nansai et al. 2021).!' Over half the world’s population is
exposed to unsafely managed water, inadequate sanitation and poor hygiene, resulting in more
than 800,000 deaths annually (WHO 2020a).

The aim of this paper is to provide a measure of economic well-being that incorporates the
effects of environmental health risks using macroeconomic and health data from 163 countries
spanning the period of 1990 to 2019. Our approach modifies the consumption-equivalent welfare

measure for use with macroeconomic data developed by Jones and Klenow (2016), who express

n this paper we use the term emerging market and developing economies to refer to all low and middle-income
countries and advanced economies to refer to high-income countries. These income groupings are based on
the World Bank’s Country and Lending Groups classification (https://datahelpdesk.worldbank.org/knowledgebase/
articles/906519).
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the expected lifetime utility of a representative individual of a country as a function of average life
expectancy, the consumption share of GDP, leisure and income inequality, all relative to the United
States. We then use our measure of welfare conditioned on environmental health risks to compare
to a measure of welfare without such impacts and to GDP per capita and growth over 1990-2019
for all 163 countries.

Our lower-bound estimate of environmental health risks extends the expected lifetime compo-
nent of the Jones-Klenow macroeconomic welfare measure to allow for the potential impacts of
environmentally related morbidity at current year ¢ for each country relative to the United States.
Typically, the average life expectancy derived for a country is the average number of years a new-
born is expected to live if the pattern of mortality at birth remains the same throughout its life
(Ortiz-Ospina 2017). Although life expectancy at birth aims to project how long an individual
born in the current year t is expected to live, this estimation is based on past patterns and trends of
mortality in the population from previous years up to year t that are assumed to remain the same
throughout the individual’s life. Thus, an estimate of life expectancy does not correct for the num-
ber of years potentially lost in year t due to any increases in morbidity experienced by the average
individual caused by pollution, ecosystem degradation, unsafe water and sanitation, and other en-
vironmental quality changes. Adjusting life expectancy for the latter factors is therefore similar to
the health-adjusted life expectancy (HALE) approach, which modifies average life expectancy for
a variety of health effects that may occur from birth in year t, such as disabilities, disease status and
self-perceived health (Jagger et al. 2014; Molla et al. 2003; Stiefel et al. 2010). In a similar way,
because environmental quality impacts the quality of life and thus welfare of the representative
individual in country i, the factor that adjusts consumption to make welfare equivalent between
country 1 and the United States must also change. Thus, the welfare impact of the change in en-
vironmental quality can be measured by the change in the percentage difference in environmental
health-adjusted life expectancy weighted by how much a year of life is worth.

However, adjusting life expectancy in current year t just for environmentally related morbidity

may underestimate the environmental health risks faced by the average individual of a country.
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One problem especially for emerging market and developing countries is lack of access to formal
health services resulting in treatment delays or nonreporting of illnesses related to environmentally
related diseases and other health impacts, which can lead to underestimation of both environmen-
tally related morbidity and mortality (Peter et al.2008). In addition, if countries or regions are ex-
periencing rising or new sources of pollution, ecosystem degradation, unsafe water and sanitation,
climatic impacts and other adverse environmental quality changes, then average life expectancy
for at year t will also fail to account for the years lost due to premature death from such increases
in environmentally related mortality. Consequently, as an upper-bound estimate of adjusting life
expectancy for environmental health risks, we modify the expected lifetime component of the
Jones-Klenow macroeconomic welfare measure for the potential impacts of both environmentally
related morbidity and mortality in year t for each country relative to the United States.

Our method of incorporating environmental health risks in welfare to allow comparisons across
countries and time is consistent with Hall et al. (2020), which as far as we are aware is the only
other study that modifies the welfare measure by Jones and Klenow (2016) to allow for such
risks. Hall et al. (2020) develop a framework to analyze the maximum amount of consumption,
in a welfare context, that would be foregone to avoid the deaths associated with the COVID-19
pandemic. This equivalent-variation calculation of the fraction of consumption that society is
willing to give up is the sum of the expected number of deaths from the pandemic, weighted by
the value of life as a share of consumption. Similar to our approach, to make this calculation the
authors must adjust average remaining life expectancy in years for the risk of mortality from the
pandemic, as the fraction of consumption society is willing to forego is the value of an additional
year of life multiplied by the expected number of life years that the average individual might lose
due to the pandemic.

Our study also contributes to a growing literature in economics that aims and compares ag-
gregate environmental health impacts on welfare across different countries and over time. For
example, the approach we develop here is compatible with “macro-environment” approaches in

environmental economics, in which a representative agent’s willingness to pay (indirect utility) is
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influenced by changes in the relative prices of market goods and environmental quality (Smith and
Zhao 2020). It also accords with recent efforts to adjust the value of statistical life across countries
to account for varying risk of mortality from the COVID-19 pandemic (Viscusi 2021) and climate
change (Carleton et al. 2021). Our approach is also relevant to other economic measures that seek
to estimate the relative consequences of mortality and disease risk, such as comparing the expected
number of years of life lost versus the additional years spent in poverty due to the pandemic (De-
cerf et al. 2021). Similarly, Miller and Bairoliya (2021) develop a welfare framework that builds
on Jones and Klenow (2016) to show how expected utility based on quality-adjusted life years
reveals that the impacts of poor health combined with the cost of living substantially increases the
overall inequality among the elderly in the United States.

To apply our approach, we use the Global Burden of Disease (GBD) dataset of environmentally
related mortality and morbidity across 163 countries over 1990-2019, available from the Global
Health Data Exchange (http://ghdx.healthdata.org/gbd-results-tool).For our lower-bound measure
of environmental health risks, we use the GBD estimates for the number of years of healthy life lost
due to disability (YLDs) attributable to the environment to determine the probability that a random
individual in year t will lose some life years due to environmentally induced morbidity. Our upper-
bound estimate of environmental health risks is based on disability-adjusted life years (DALYYs),
which combines both YLDs and years of life lost due to premature mortality due to health fac-
tors (WHO 2020b). We translate the GBD estimates of disability adjusted life years (DALYs)
attributable to the environment into the probability that a random individual in year t will lose
some life years due to environmentally induced mortality and morbidity. The probabilities from
YLDs and DALY, respectively, are used to adjust life expectancy to correct for the number of life
years lost or actual number of persons lost due to environmental causes by the representative indi-
vidual in year t. The resulting environmental health-adjusted life expectancy allows us to estimate
welfare impacts of countries relative to the United States. For the remaining macroeconomic data

required for our welfare estimates, we follow Jones and Klenow (2016) and use publicly available
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multi-country datasets, such as Penn World Table 10.0, UNU-WIDER World Income Inequality
Database and World Bank’s World Development Indicators.

Our results suggest that, across all 163 countries over 1990-2019, countries with higher envi-
ronmental health risks per capita experienced the largest declines in welfare relative to the United
States. This outcome is especially significant among emerging market and developing countries,
who are disproportionately affected by environmental health risks and have much lower risk-
adjusted welfare relative to the US. Although across all 163 countries over 1990-2019, welfare
adjusted for environmental health risks and income (GDP) per capita is highly correlated, we also
find stark differences between rich and poor countries in whether GDP per capita serves as a good
proxy for risk-adjusted welfare. For low-income economies, welfare adjusted for environmental
health risks is only 24% to 39% of GDP per capita, for lower middle-income countries the ratio is
44% to 55%, for upper middle-income countries 73% to 79% and for advanced economies 89% to
90% of GDP per capita.

Consequently, our findings indicate that there are considerable welfare differences between
rich and poor economies once environmental health risks are taken into account. After adjusting
for these risks, advanced economies appear to be converging to the mean welfare per capita of
the United States, whereas emerging market and developing economies continue to diverge further
away from the US. The 25 economies with the highest welfare after adjusting for environmental
health risks are high-income countries, predominantly members of the Organization for Economic
Cooperation and Development (OECD), whereas the 30 economies with lowest welfare are low
and lower middle-income countries.

The rest of the chapter proceeds as follow. Section 2.2 provides the theoretical underpinning
of how we modify the consumption-equivalent welfare measure developed by Jones and Klenow
(2016) to allow for environmental health risks. Section 2.3 then explains the macroeconomic and
health data sources as well as the methods we use to construct our welfare measure and apply it
to our sample of 163 countries from 1990 to 2019. We present the main results in section 2.4 and

discuss their implications. Section 2.5 concludes and offers policy and further research insights.
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2.2 Theory

A key innovation of Jones and Klenow (2016) is the development of a theoretical framework
for relative comparisons of the expected lifetime utility of an individual that includes measures of
inequality of consumption and leisure and the incorporation of lifetime income (Jorgenson 2018).
Here, we show how their consumption-equivalent welfare measure for use with macroeconomic
data (equation (7) in Jones and Klenow (2016)) can be modified to compute welfare in a large
sample of countries relative to the United Sates while considering how environmental health risks
impact the life expectancy component of this measure of welfare.

Let {j, a,i,d} denotes individual j of age @ € {1,...,100} in country i who is at risk of losing
some life years due to environmental health risk d. Assume all individuals living in country ¢ have
sufficiently similar preferences so that they can be represented by a single individual’s expression
for expected lifetime utility. If C; denotes the random individual’s annual consumption at age a
and [,; denotes leisure plus time spent in home production, then expected lifetime utility for the
individual is

100
U =E Z Bu(Cai, lai) Si(a)vi(d) (2.1)
a=1
where S;(a) is the probability an individual in country 7 survives to age a, the expectations operator
[E applies to the uncertainty that an individual at age « may have with respect to consumption and
leisure 5 is the age-specific value parameter that converts utility into a money-metric (i.e., income-
equivalent) measure and 7;(d) is the probability that an individual in country ¢ will not lose any
life years due to environmental health risks as measured by some variable d.

However, standards of living and life expectancy vary substantially across countries. Thus,

for comparison of the welfare of individuals living in different countries, a random individual’s

expected lifetime utility in country i can be represented as

100

Ui(hi) =E Z Bu(Clai, lai) Si(a)yi(d) (2.2)
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where U;()\;) denotes expected lifetime utility in country ¢ if consumption is multiplied by a factor
Ai

The benchmark country is the United States, which has one of the highest standards of living
and life expectancy in the world. Thus, the factor \; that must adjust the consumption of a random
individual to make the individual indifferent between living in the United States and some country
11s

Uus(A) = Ui(1) (2.3)

Following Jones and Klenow (2016), assume that the flow of utility for a random individual of
age a in country 7 is

U(ACyqi, lai) = u+1og Cpi + v(lg;) (2.4)

where v(l,;) captures the utility from leisure and home production (domestic labor hours) and @ is
the intercept of the flow of utility (the part of an individual’s utility that is independent of income
or hours worked, e.g. consumption of social amenities, security etc.).

Suppose that consumption in each country is log-normally distributed across individuals at a
point in time, independent of age and mortality, with mean and a variance of log consumption of
02/2. Then [log C,;| = logc; — o?/2. In the special case adopted by Jones and Klenow (2016),
let 5 = 1 which implies that the income-equivalent value attached to the utility of individuals
of different ages is the same. They also make the corollary assumption of a constant growth of
consumption, leisure, mortality and morbidity at each age. We additionally assume a common in-
cidence of environmental risk at each age. Based on these assumptions, we can re-specify expected

lifetime utility in equation (2.1) as

2

where e; = ) S;(a) is (average) life expectancy at birth (following Jones and Klenow 2016),
Yi(d) = >, (1 — pa;) = (1 — p;) and p; is the probability that a person in country i will lose some

life years due to environmental health risks.
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Applying U,s(\) = U;(1) from condition (2.3), the consumption-equivalent welfare for a ran-

dom individual in country ¢ that incorporates environmental health risks is

1— pi)e; — (1 — 2
log \i(p;) = ( pi)ei — Pus)€us (H +logc; +v(l;) — %)

(1 - pus)eus
+ (log ¢; — log cys) (2.6)
+ (v(l;) = v(lus))
1 2 2
- 2 (Uz Uus)

The proof of (2.6) is in Appendix B.3.
Expression (2.6) provides an additive decomposition of the factors that determine welfare (of
a random individual) in country ¢ relative to the United States. The first term is the percentage

difference in life expectancy adjusted for environmental health risks of country 7 compared to the
(1 — pz‘)ei B (1 B pus)eu
(1 - pus)eus

in country 17 (u +logc; + v(l;) — %2> i.e. the “utility flow” of an individual living in country i.

United States ® multiplied by the value of how much a year of life is worth

The remaining terms in (2.6) are the contributions to the welfare of country : relative to the US from

differences in consumption (log¢; — log ¢,s), leisure (v(l;) — v(ys)) and consumption inequality

—3(07 = 03)-

Equation (2.6) is our measure of consumption-equivalent welfare in country ¢ relative to the
United States with life expectancy adjusted to correct for years health life lost due to environmen-
tal risk(see Appendix B.7 for details). A representative individual living in country ¢ with larger
susceptibility to these environmental health risks will have lower “adjusted life expectancy” com-
pared to a counterpart in the United States. Thus, (2.6) allows the lifetime utility of individual
living in country 7 to be expressed as a product of adjusted life expectancy and the expected flow
of utility each year of that individual relative to the average person in the US.

As explained previously, our approach for incorporating relative environmental health risks
of various countries is justified given how life expectancy at birth is estimated (see Appendix

B.7). Calculations of the average number of years that a newborn in country i is expected to
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live assume that patterns of mortality will remain the same throughout the newborn’s life (Ortiz-
Ospina 2017). There is no correction for the number of years potentially lost due to environmental
impacts on the mortality or morbidity of the average individual. Adjusting life expectancy for the
probability that these factors may occur over an individual’s lifetime is equivalent to the health-
adjusted life expectancy (HALE) approach, which modifies average life expectancy for a variety
of external health influences that may occur from birth onwards (Stiefel et al. 2010). Similar to
our approach, other economic studies that examine mortality and disease risks on consumption-
equivalent expected lifetime utility, value of statistical life and expected years of remaining life also
take as their starting point adjusting life expectancy at birth for these additional risks (Carleton et

al. 2021; Decerf et al. 2021; Hall et al. 2020; Miller and Bairoliya 2021; Viscusi 2021).

2.3 Methodology and Data

To analyze how incorporating environmental health risks impact welfare across countries, we
make two additional changes to our consumption-equivalent welfare measure (2.6).

To apply (2.6) to a broad range of countries and over time, it is useful to express welfare relative
to income where the latter is approximated by gross domestic product (GDP). This is convenient
in comparing welfare across countries for two reasons. First, a country with a low consumption
share of GDP will also have lower welfare relative to income.'? Second, as our benchmark is the
United States, the relevant income variable is the GDP per capita of country 7 relative to that of the
US.

In addition, to determine the extent to which environmental health risks impact welfare of
countries, we employ two versions of our welfare measure. The first version assumes that there is
some probability that a person in country ¢ as well as in the United States will lose some life years

due to these risks, i.e. p; > 0. The second version assumes that an individual in country ¢ or the

12 According to Jones and Klenow (2016, p. 2443), “Looking at welfare relative to income simply changes the inter-
pretation of consumption in the decomposition. The consumption term now refers to the share of consumption in
GDP. A country with a low consumption share will have lower welfare relative to income, other things equal.”
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US will not lose any life years due to environmental health risks, i.e. p; = 0 . These two versions

of our welfare measure are, respectively

+ (log ¢; — log cys) (2.7a)
+ (v(li) = v(lus))
_ %(03 —02), Mlps) = eap [log Aﬂ j
{log %} - ;:us (u +loge; +v(l;) — %2)
+ (log ¢; — log cys) (2.7b)

+ (v(li) — v(lus))

~5(07 — 0%
where 3 is the relative GDP per capita of country i expressed as a percentage of United States’ per
capita GDP.!?

Both (2.7a) and (2.7b) are equivalent variation measures of welfare. The ratio, log \;(p;) /7, in
equation (2.7a) shows by what proportion we must adjust consumption of a representative individ-
ual who is at risk of environmental health risk in the US(denoted as p,,5) so that her welfare equals
that of an individual in another country ¢ who may face a different incidence of environmental risk
pi. Similarly, the ratio log \;/7 in equation (2.7b) represents the equivalent variation when envi-
ronmental health risks are ignored. From the latter equivalent variant expression, we can derive
the same welfare measure as Jones and Klenow (2016), so we adopt their notation and denote this
estimate as \; = exp [log %} 7.

Choosing an equivalent variation measure yields a conservative estimate of the welfare impacts

of environmental health risks. This is especially relevant for low and middle-income countries,

per capita GDP of country i % 100

135
yIs calculated as per capita GDP of the United States
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whose economic well-being appears significantly affected by the health impacts attributed to the
environment, such as air, soil and water pollution, ecosystem degradation, unsafe water and sani-
tation, temperature variations, and other environmental quality changes (Priiss-Ustiin et al. 2016;
Landrigan et al. 2018; Nansai et al. 2021; WHO 2020a). For example, the welfare measures cor-
responding to (2.7a) and (2.7b) respectively, are based on the utility flow of an individual living in
country ¢. As the utility of an individual living in a poorer country is relatively small, even though
she may face substantial environmental health risks, any resulting adjustment in the number of life
years of that individual is likely to be smaller in terms of equivalent variation. That is, even if large
declines in life expectancy occur in very poor countries due to higher impact from environmental
health risk related, the equivalent variation-based welfare measure is likely to be a conservative
estimate of these impacts.'* Nonetheless, incorporating environmental health risks in welfare is
likely to cause it to further deviate from the GDP per capita. Generally, we expect that the welfare
estimate associated with (2.7a) to be less than that of equation (2.7b), which in turn will be less
than the relative GDP per capita of country .

Employing (2.7a) and (2.7b) to estimate welfare for a broader set of countries and years re-
quires using publicly available multi-coun