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INTRODUCTION & SUMMARY
On the measurement of economic and

environmental inequality

Rising economic inequality and the rapid exhaustion of natural resources are two
of the most pressing challenges for human societies in the 21% century (UN, 2015). In
order to prevent major social and environmental disruptions, it is essential to address
current economic inequality trends and at the same time reduce human pressure on the
environment. This double objective is however not straightforward, given that
inequality reduction may increase pollution, and conversely, environmental policies
may have undesirable impacts on inequality (Chancel, 2017).

A necessary condition to properly address both challenges is to measure them
accurately. While inequality has attracted a lot of attention in the recent global debate
(Piketty, 2014), we still know little about its global dynamics. Environmental
degradation has also been widely documented: temperature rise due to anthropogenic
greenhouse gases (GHG) (IPCC, 2014), erosion of biodiversity at an alarming rate
(Cardinale et al., 2012), acidification of oceans or the rise in their level (Hoegh-
Guldberg and Bruno, 2010), among other types of environmental disorders, are
regularly discussed in public debates and in the academia. However, the distributional
implications of these trends are too often overlooked. Not all world citizens contribute
in the same way to pollution, nor everyone is impacted in the same way by it, or by
environmental policies aiming to tackle environmental degradation (Martinez-Allier,
2002). In many ways, unsustainability is the new frontier of social and economic
inequality. What do we really know of global economic and environmental inequality
dynamics? How does economic inequality interact with environmental inequality? These
questions are at the center of this thesis.

Tackling unsustainable and unequal development patterns will require more than

accurate measurement. How can better data on global income and environmental
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inequality help shape effective responses to economic and environmental inequality?
Which fiscal, infrastructure and educational policies or regulations should be
implemented to reduce inequality and pollution levels? This work also seeks to reflect

upon the role of inequality data in public debates and policymaking.

More than sixty years ago, Simon Kuznets, one of the inventors of GDP and of
modern National Accounting, invited the economics profession to go beyond the
measurement and the study of growth and to focus how growth is distributed across
individuals. In order to do so, Kuznets (1955) called for a “shift from market economics
to political and social economy”. Unfortunately, this call has been largely unheard by
generations of students and researchers in economics. Thanks to the work of Tony
Atkinson, Thomas Piketty, Emmanuel Saez, Facundo Alvaredo and others (Atkinson
and Morrison, 1978, Piketty, 2001, 2003; Piketty and Saez 2003; Alvaredo et al., 2013),
the systematic study of the distribution of national income, gained importance over the
past decades. The reconciliation of micro data with macroeconomic totals, to produce
systematic Distributional National Accounts (see Alvaredo et al., 2016), however
remains an enterprise in its infancy today. Lack of transparency on income and wealth
distributional data is still the norm in many countries. This data gap facilitates tax
evasion and fraud, makes it impossible for governments to design proper responses to
inequality and contributes to undermine citizens' support in democratic institutions
(Alvaredo et al., 2018).

In many ways, disciplines focusing on the impacts of human activity on the
environment, as well as on the impact of environmental degradation on human beings,
have also been more interested in averages and totals, rather than the distribution of
impacts across individuals. An illustrative example is the Intergovernmental Panel on
Climate Change, which synthesizes every five years or so, research of the global
scientific community on the matter. Partly because of the structure of climate
negotiations, partly because of the lack of existing individual level data, discussions on
climate inequality in IPCC publications are still essentially based on national or

regional averages (IPCC, 1990, 1995, 2001, 2007, 2014). Over the course of time, the
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IPCC gradually included analyses related to environmental inequality between
individuals (rather than countries or regions), but at the same time repeatedly
highlighted the lack of systematic individual level data on the matter’. In climate
negotiations, climate justice is still understood as a between-country issue, despite the
fact that within-country emissions inequality is taking over between-country emissions
inequality, as it will be discussed in chapter 4.

Lack of research on individual level environmental inequality resulted in a policy
world deprived of data, concepts and tools to develop environmental policies in line
with social realities (Chancel, 2017; Combet and Hourcade, 2017; Sterner, 2011). In
2009-10 for instance, when the French government tried to implement a carbon tax, it
did not have the tools to properly assess the distributional impacts of a measure which
eventually lost the support of public 0pinion2. The perception that environmental policy
can have regressive impacts is strong and can sometimes prevent the implementation
of environmental policy?’. Anticipating such impacts in the design of environmental
policies requires sound data, but the systematic measurement of environmental
inequality dynamics between individuals is also in its early stages.

Ultimately, the two processes, i.e. production of Distributional National Accounts
and production of Distributional Environmental Accounts on the other, must meet so
as to create Distributional Economic and Environmental Accounts. The Stiglitz, Sen
and Fitoussi Commission (2009) has formulated recommendations which go in this

direction. National and international statistical institutions have engaged in this path,

! See for instance the 3" Assessment Report of 2001 which stressed that “there is a severe need for
studies that consider the distributional impacts within developing countries. In addition, nearly all the
studies lack the detail necessary to consider impacts in socioeconomic dimensions other than income. As
a result, important costs to various groups within the general population may be overlooked. Important
costs may also be hidden by aggregation.” (IPCC, 2001). Progress has been made in the 5" Assessment
Report, but the authors still warn that “cases of observed impacts often rely on qualitative data and at
times lack methodological clarity in terms of detection and attribution [of the impacts].” (IPCC, 2014)
* The government did not have a micro-simulation model to assess the distributional impacts of environmental
its environmental tax policies at the time. Many factors explain the failure of the French 2009-10 carbon tax
(Senit, 2012; Combet and Hourcade, 2017) but surely the absence of tools to properly assess the measure
and anticipate criticisms was an important limitation.

? One of the main justifications voiced by the U.S. President when he withdrew from the Paris Climate
agreement was that climate protection hurts U.S. blue-collar workers.
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but the work ahead will be long. In particular, it will require a series of methodological
and conceptual innovations to guarantee in homogeneity of series and concepts over
time and space. This work provides a modest contribution to this long-run collective
endeavor by applying frontier methodologies to track systematically income and carbon

inequality in a way that seeks to serve policymaking.

Structure of the thesis

This manuscript is structured in a didactic order, rather than in a chronological
one. That is, the structure does not follow the order of publication of the different
papers that constitute the thesis but rather follows an order that better reflects the
logic at stake in the research process that guided this body of work.

In order to track the global dynamics of income inequality, it is necessary to start
with the construction of systematic national level income inequality estimates and then
build a global distribution of income (Chapters I and II). In order to produce global
pollution inequality series, given current data limitations, one must first analyze the
links between income and pollution within countries and using this information, as well
as the knowledge one has acquired about global income inequality dynamics, construct
a distribution of emissions between world individuals (Chapters III and IV). How to
move from measurement to policy? The first four chapters all contain, at least to some
extent, a discussion on the policy relevance of the trends observed but Chapters V and
VI specifically focus on this question, at the national level and global level respectively.
A more detailed summary of the different chapters is given below.

Chapter I, entitled “Indian income inequality dynamics, 1922-2015: From British
Raj to Billionaire Raj?” 4, discusses the methodological issues at stake when
reconstructing historical income inequality series in a country as populated as India,

but with very scarce data. The chapter shows that despite many important data

¢ This chapter is based on “Indian income inequality dynamics, 1922-2015: From British Raj to Billionaire
Raj?” co-authored with Thomas Piketty and published as a WID.world Working Paper 2017/11.
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limitations, one can combine tax data, surveys and national accounts in a systematic
manner to reconstruct income inequality estimates robust to a wide range of alternative
strategies. In the case of India, the results are striking as they reveal that income
inequality is currently at its highest level since the creation of the Indian Income tax
in 1922. The top 1% capture more than 22% of national income today, up from 6% in
the mid-1980s, when the top 1% captured about 6% of total income.

Chapter II, entitled “Building a global income distribution brick by brick” 5, builds
on chapter I (and many other similar endeavors carried out by my colleagues at the
WIL) to construct a global distribution of income based on a systematic combination
of tax, survey data and national accounts. Our results are notable as some go against
preconceived ideas on globalization and its impacts on economic inequality. In
particular, we show that the global top 1% captured twice as much global income
growth as the bottom 50% since 1980. We demonstrate that inequality increased, rather
than decreased between world individuals since 1980, despite strong growth in the
emerging world. In other words, rising inequality within countries was stronger than
the effect of reduced inequality between countries since 1980. Looking into the future,
the chapter also reveals that under “Business as Usual”, global inequality is likely to
further rise (despite strong growth in emerging regions) contrary to what has been
argued in academic and public debates on the matter. The Appendices to the chapter
present the details of the method and reveal that our results are robust alternative
strategies to account for missing data at the country level.

How to move from global income inequality to global environmental inequality?
A first step is to understand the role of income and non-income drivers of individual

pollution levels within countries. This is the work that is discussed in Chapter III,

5 This chapter is based on chapters 2.1 and 5.1 of the “World Inequality Report 2018” co-authored with
Facundo Alvaredo, Thomas Piketty, Emmanuel Saez and Gabriel Zucman, published by Harvard
University Press, 2018. I served as general coordinator of the report and lead author of these chapters.
The technical appendix of the chapter is based on “Building a global distribution of income brick by
brick”, co-authored with Amory Gethin, published as a WID.world Working Paper 2017/5.
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entitled “Are younger generations higher carbon emitters than their elders?” 6, which
focuses on the determinants of individual level CO2 emissions and discusses the role of
income, technology and date of birth in CO2 emissions differentials across individuals.
I show that the French baby-boom generation emitted relatively more CO2 than their
parents and their children, throughout their lifetime (about 20% more direct COs
emissions than average). This is due to a combination of income, technological lock-in
and cultural effects.

Chapter IV, entitled “Carbon and inequality: From Kyoto to Paris” 7, builds on
the results obtained in the previous chapters to construct a global distribution of carbon
emissions. At the time of writing this chapter, global income inequality estimates
presented in Chapter II were not available, so we had to rely on work done by other
researchers to obtain global income series (Lakner and Milanovic, 2015). These were
corrected with tax data and then used to reconstruct a global carbon emissions
database. We show that the top 10% emitters account for about 45% of global emissions
today and that twenty years ago, global inequality of carbon emissions was essentially
a between-country inequality phenomena. Today, the situation is being reversed as
within-country emissions inequality accounts for as much of global emissions inequality
as the between-country dimension. On the basis of our results, we propose schemes to
better share contributions to climate adaptation funds. The history of climate
negotiations shows the extreme difficulty to implement any kinds of allocation rules to
share a climate burden. But recent data (UNEP, 2017) also shows the limits of the
approach of voluntary pledges (which still do not add-up, in terms of finance or

mitigation) and hence the interest in this kind of allocation exercise.

¢ This chapter is based on “Are younger generations higher carbon emitters than their elders?”, published in
Ecological Economics, vol. 100, 2014.

7 This chapter is based on “Carbon and inequality: from Kyoto to Paris. Trends in the global inequality of carbon
emissions (1998-2013) & Prospects for an equitable adaptation fund ”, co-authored with Thomas Piketty and
published as a WID.world Working Paper 2015/7.
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Chapter V, entitled “The French ‘frais réels’ scheme: an unfair and unsustainable
tax loophole?” 8, brings the lens back to the national level and reveals how current tax
systems can be improved to be better aligned with environmental protection and social
objectives. In this chapter, we focus on a French tax loophole (the “Frais réels” scheme)
and assess its environmental and distributional impacts. We show that the top 20%
richest individuals capture about half of the gains associated to the scheme, which can
also be seen as a pollution subsidy. This work is also instructive as its initial publication
contributed to a partial reform of the measure.

Chapter VI, entitled “Assessing the potential of Sustainable Development Goals™
discusses the potential of the Sustainable Development Goals (SDG) framework
(developed by the United Nations in 2015), to turn the global inequality debate into
policy action. The SDG framework places inequality reduction at its center and
recognizes the systemic impact of inequality on a wide range of social and
environmental issues. In this chapter, we assess whether countries passed SDG Target
10.1 (requiring that the income of the bottom 40% of a country’s population grows
faster than national average) and discuss the use of such a target in the realm of public

debate and policy. We show that such a metric can be used for peer pressure, peer

review and mutual learning across countries.

8 This chapter is based on “Les frais reels: une niche fiscale inéquitable et anti-écologique?”, co-authored with
Mathieu Saujot and published as an IDDRI Working Paper 2012/19.

? This chapter is based on a paper entitled “Reducing Inequalities within Countries : Assessing the
Potential of the Sustainable Development Goals’, co-authored with Tancréde Voituriez and Alex Hough
and published in Global Policy, Vol. 9(1), 2018.
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CHAPTER 1
Indian income inequality, 1922-2015:
From British Raj to Billionaire Raj?

Abstract. We combine household surveys and national accounts, as well
as recently released tax data in a systematic way to track the dynamics of
Indian income inequality from 1922 to 2015. According to our benchmark
estimates, the share of national income accruing to the top 1% is at its highest
since the creation of the Indian Income tax act in 1922. The top 1% of earners
captured less than 21% of total income in the late 1930s, before dropping to
6% in the early 1980s and rising to 22% in the recent period. Over the 1951-
1980 period, the bottom 50% group captured 28% of total growth and incomes
of this group grew faster than the average, while the top 0.1% incomes
decreased. Over the 1980-2014 period, the situation was reversed; the top 0.1%
of earners captured a higher share of total growth than the bottom 50% (12%
vs. 11%), while the top 1% received a higher share of total growth than the
middle 40% (29% vs. 23%). These findings suggest that much can be done to
promote more inclusive growth in India. Our results also appear to be robust
to a range of alternative assumptions seeking to address numerous data
limitations. Most importantly, we stress the need for more democratic
transparency on income and wealth statistics to avoid another "black decade"
similar to the 2000s, during which India entered the digital age but stopped
publishing tax statistics. Such data sources are key to track the long run
evolution of inequality and to allow an informed democratic debate on
inequality.

This chapter is based on "Indian Income inequality, 1922-2015: From
British Raj to Billionaire Raj?", WID.world Working Paper 2017/11, co-
authored with T. Piketty.
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1 Introduction

India introduced an individual income tax with the Income Tax Act of 1922,
under the British colonial administration. From this date, up to the turn of the 20th
century, the Indian Income Tax Department produced income tax tabulations, making
it possible to track the long-run evolution of top incomes in a systematic manner. Using
this data, Banerjee and Piketty (2005) showed that the share of fiscal income accruing
to the top 1% earners shrank substantially from the mid-1950s to the mid-1980s, from
about 13% of fiscal income, to less than 5% in the early 1980s. The trend was reversed
in the mid-1980s, when pro-business, market deregulation policies were implemented.
The share of fiscal held of the top 1% doubled from approximately 5% to 10% in 2000.

According to National Accounts estimates, post-2000 income growth has been
substantially higher than in the previous decades. Average annual real income growth
was below 2% in the 1960 and 1970s, it reached 2.5% in the 1980s and 2% in the
1990s™. Since 2000s it is of 4.7% on average (Figure 1). Little is known however on the
distributional impacts of economic policies in India after 2000 in part because the
Income Tax Department stopped publishing income tax statistics in 2000, and also
because self-reported survey data does not provide adequate information concerning
the top of the distribution (fiscal data is not perfect either, but it delivers higher and
more plausible income levels for the top). In 2016, the Income Tax Department released
tax tabulations for recent years (2011-12, 2012-13 and 2013-14), making it possible to

revise and update previously published top income estimates and better inform public

10 Appendix Al presents real per adult annual growth rates using GDP from United Nations National Accounts
Database (used in this paper) and the World Bank Database.
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debates on growth and income inequality. We find that the bottom 50% group grew at
a substantially lower rate than average growth (Figure 1a) since the 1980s. Middle 40%
grew at a slower rate than the average (Figure 1b). On the contrary, top 10% and top
1% grew substantially faster than the average since 1980 (Figure 1c).

The first objective of this paper is to mobilize this newly released set of tax data
in order to track the evolution of income inequality from 1922 to 2015. The second
objective is to go beyond top income shares and produce estimates of income dynamics
throughout the entire distribution using concepts that are consistent with National
Accounts (following, as much as possible, the Distributional National Accounts

Methodology, see Alvaredo et al., 2016).

Figure 1a - National income growth in India: full population vs. bottom 50%

income group, 1951-2015

Figure 1b - National income growth in India: full population vs. middle 40%

income group, 1951-2015

Figure 1c - National income growth in India: full population vs. top 1% and top
10% income groups, 1951-2015

To do so, we combine in a systematic manner household survey, fiscal and
national accounts data. Such an exercise is fraught with methodological and conceptual
difficulties given the lack of consistent historical income inequality data in India.
Indeed, the tax data available only covers the very top of the distribution of Indian
earners (around 7% of total population in fiscal year 2014-15). In addition, the National

Sample Survey Organization (NSSO) household surveys measure consumption rather
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than income. We repeatedly stress that there are strong limitations to available data
sources, and that more democratic transparency on income and wealth statistics is
highly needed in India. That said, we find that our key results are robust to a large set
of alternative assumptions made to address data gaps. The present paper should be
viewed as an exercise in transparency: we propose a method to combine the different
available sources (in particular national accounts, tax and survey data) in the most
possible transparent way, and we very much hope that new data sources will become
available in the future so that more refined estimates can be constructed. All our
computer codes are available on-line so that everybody can use them and contribute to
improve the methods.

The rest of this paper is organized as follows. Section 1 discusses the Indian income
inequality data gap of the past two decades, section 2 describes our data sources and
methodology, section 3 presents our key findings, section 4 briefly discusses their policy

relevance and section 5 concludes.

2  Entering the digital age without inequality
data

i. Economic policy shifts since the 1980s

Over the past thirty years, the Indian economy went through profound evolutions.
In the late seventies, India was recognized as a highly regulated economy with socialist
planning. From the 1980s onwards, a large set of liberalization and deregulation reforms
were implemented. In this context, it is unfortunate that Indian authorities stopped in
2000 publishing income tax tabulations, which represent a key source of data to track

consistently the evolution of top incomes.
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Under Prime Minister Jawaharlal Nehru (in power from 1947 to 1964), India was
a statist, centrally directed and regulated economy. Transport, agriculture and
construction sectors were owned and administered by the Central Government,
commodity prices were regulated and the country had important trade barriers. Nehru's
followers, including Indira Gandhi's (1966-77 and 1980-1984) prolonged these policies
and implemented a highly progressive tax system. In the early 1970s, the top marginal
income tax rate reached record high levels (up to 97.5%).

From the mid 1980s onwards, liberalization and trade openness became recurrent
themes among Indian policymakers. The Seventh Plan (1985-1990), led by Rajiv
Gandhi (1984-1989), promoted the relaxation of market regulation, with increased
external borrowing and increased imports. The tax system was also gradually
transformed, with top marginal income tax rates falling to 50% in the mid-1980s. In
the late 1980s, when India faced a balance of payment crisis, it called for International
Monetary Fund assistance. Financial support was conditioned to structural reforms
which pushed forward the deregulation and liberalization agenda.

What came to be known as the first set of economic reforms (1991-2000) placed
the promotion of the private sector at the heart of economic policies, via
denationalizations, disinvestment of the public sector, deregulation (dereservation and
delicencing of public companies and industries)n. These reforms were implemented
both by the Congress government of N. Rao (1991-1996) and its successors, including
the conservative Janata Party government of A. Vajpayee (1998-2004). The reforms

were prolonged after 2000, under the 10th and subsequent five-year plans. These plans

"' Economic policies also seeked to rationalize the public sector, its branches now had to pursue the objectives of
profitability and efficiency. The opening of imports, exchange rate floating regime and banking, capital market
opening were also implemented.
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ended government fixation of petrol, sugar or fertilizer prices and led to further
privatizations, in the agricultural sector in particular.

The impacts of these reforms in terms of growth has been praised by public
authorities. Real per adult national income growth, which has more sense from the
point of view of individual incomes than commonly used GDPIQ, significantly increased
after the reforms. It was 0.7% in the 1970s, 2.5% in the 1980s, 2.0% in the 1990s and
4.7% since 2000 (Figure 1). However, little is known on the distributional characteristics

of post-2000 growth.

ii. The income inequality data gap

Public debate over liberalization policies largely focused on their macroeconomic
impacts (Ramaswami, Kotwal, Wadhwa, 2011) and on the impacts on poverty, with a
substantial reduction in poverty rates'” (World Bank, 2017; Deaton & Dreze, 2002;
Deaton & Kozel, 2005). How the Indian economy fared in terms of inequality has been
arguably less discussed. This can partly be explained by a lack of consistent data on
the distribution of incomes or wealth for the recent period.

Some evidence suggesting a rise in income inequality in India after the turn of the
century can however be found in NSSO surveys and in openly-available data sources.
Figure 2 presents the share of total consumption attributable to the top 20% of
consumers, available online from the World Bank and United Nations WIDER World
Income Inequality Database (UN-WIDER WIID). The data shows a decrease in top
quintile consumption share from the fifties to the seventies from around 43% to 40%

and an increase thereafter (in line with Banerjee and Piketty findings) to close to 44%.

'2 Net national income is equal to GDP minus depreciation of fixed capital plus net foreign incomes.
3 The share of Indians under the $1.9 poverty line went from 45.9% in 1993 to 21.2% in 2011 (PovcalNet, 2017)
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There are important irregularities with the data, but the overall "U-shape" trend seems

relatively consistent.

Figure 2 - Top 20% consumption share from NSSO surveys

The shortcomings of household survey data in monitoring the evolution of
inequality are well known; because of underreporting and undersampling issues, surveys
fail to properly capture inequality dynamics at the top of the distribution (Atkinson
and Piketty, 2007, 2010). What is more, NSSO surveys only focus on consumption
rather than income and the distributional dynamics of these two concepts can differ
notably. In addition, the relatively limited magnitude of the changes observed in NSSO
data calls for care in the interpretation of such results. Consumption data available
through surveys constitutes part of the evidence, but are not sufficient to inform

debates on Indian inequality.

Other data sources, such as Forbes' Indian Rich lists, suggest an important
increase in the wealth of the richest Indians after 2000 (see Figure 3). The wealth of
the richest Indians reported in Forbes' India Rich List, amounted to less than 2% of
National income in the 1990sn, but increased substantially throughout the 2000s,
reaching 10% in 2015 and with a peak of 27% before the 2008-9 financial crisis. Such
data suggests a rise in wealth inequality levels throughout the post-2000 period, but

does not enable a consistent analysis of income inequality over the long run. This is

" As discussed below, income surveys sources are available for 2005 and later years; in particular data from the
National Council for Applied Economic Research (NCAER) and from the Inter University Consortium for Applied
Political and Social Sciences Research (ICPSR). These data sources however do not enable comparison before and
after 2000.
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confirmed by simple simulations using a fixed normalized wealth distribution and
taking into account rising average nominal wealth over the period (unfortunately Indian

wealth data is very limited so it is difficult to go further).
Figure 3 - Wealth of richest Indians in Forbes' Rich List, 1988-2015

The recent release of income tax tabulations by the Indian Income Tax
Department for the post 2011 period does, however, allow for a more consistent analysis

of the dynamics of income in India since the turn of the century.

3 Data sources and Methodology

We present the data used to produce series on the evolution of income for the
entire distribution from 1951-52 to 2014-15 (period covered by both household surveys
and tax data, as well as national accounts) and for the evolution of incomes of the top
1% share and above from 1922-23 to 2014-15 (period covered by tax data and national

accounts only, with no survey data prior to 1951).

i. Description of the different data sources

Tax data

The Indian Income Tax Department released tax tabulations for the fiscal years

1922-1923 to 1998-1999, and interrupted the publication in 2000. After several public
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calls for more democratic transparency over Indian inequality data15, the ITA released
tax tabulation for fiscal years 2011-12 to 2014-15. All these tabulations report the
number of taxpayers and the gross and returned income for a large number of income
brackets'®. Gross income corresponds to pre-tax income before certain deductions are
applied to compute returned income'’. Tax units are defined as individuals or Hindu
Undivided Families (HUF, family clusters allowed to file their income jointly). The
number of HUF represented roughly 20 % of tax returns in the interwar period, 5% in
1990 and less than 2.5% in 2011."

The exact reason why the Income Tax Department stopped publishing data in
2000 remains unknown. One potential explanation for this is the change in the sampling
method employed in the late 1990s, with a resulting loss in the precision of estimates.
Indeed, official tax tabulations were based on the entire population until the early 1990s

- or based on stratified samples with sampling rates close to 100 percent for top incomes

15 See for instance http://www.bbc.com/news,/world-asia-india-36186116

16 According to the Income Tax Department, a number of tax payers paid their taxes but did not file returns in
fiscal years 2011-12 to 2014-15. These represent an additional 25% taxpayers. In order to take into account these
“non-filers” taxpayers, we tested alternative assumptions: i) non-filers are scattered across all brackets, in the same
way as filers, ii) non-filers fall in the lowest taxable bracket, iii) non-filers fall in the four lowest income brackets.
We find that these alternative assumptions have very limited impact on our final results. Minor corrections were
done to raw tax data and mainly pertain to the clubbing of brackets in some years as the average income was
incompatible with the bracket they were categorized. In such rare cases, we club erroneous brackets in the lower
bracket. Year 1997 was removed altogether, as data is erroneous.

7 Deductions are defined at chapter VI of the Income Tax Act. They include premiums of annuity plans, equity
fund investments, medical or health insurance, certain forms of donations, etc. Focusing on gross income is more
accurate in terms of pre-tax income and is also less impacted by changes in the definitions of deductions. Income
losses (such as business income losses) have to be adjusted while computing Gross Total Income as per Income Tax
law. Note that imputed rent for owner occupied dwellings were included in Income tax computations before 1986
and removed afterwards. More precisely, post 1986 tax data excludes imputed rent for first residence, but not for
secondary residences.

'® One should note that the Indian income tax data is entirely based upon individual income. This corresponds to
equal-split income (ie. income shared among spouses) only if we assume that tax-payers are either single or married
to other tax-payers falling in the same bracket, which strictly speaking cannot be true. This implies that our
estimates tend to over-estimate inequality as compared to the equal-split benchmark. The equal-split benchmark
however tends to under-estimate inequality as compared to an individualistic benchmark (a benchmark in which
one assumes no sharing of income among spouses). If and when we access to micro-level Indian tax data, we will be
able to refine this analysis and compute separate equal-split and individualistic series.
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as is the case in most OECD countries, but seem to be based on uniform samples of all
tax returns after this period and up to 2000 (Banerjee and Piketty, 2005). The latter
method led to less precise results'’. Another potential explanation for the halt in tax
reporting could just be the lack of interest in income statistics and inequality (which
given the rise in top income shares observed from mid 1980s to 2000 seems rather
surprising).

Interestingly enough, the number of income tax payers in India has increased
substantially over the past decades. Less than 0.5% of the population filed tax returns
up to the 1950s, between 0.2 and 1% over the period between 1960 to 1990, before a
substantial increase thereafter; from 1% to close to 3% in the late 1990s and 7% in the
latest period (Figure 4). This increase over twenty years is impressive. Yet,
comparatively, the current figure is similar to the levels observed in France and in the
USA in the late 1910s, and much lower than the levels observed in the interwar period
(about 10-15%) and in the decades following World War 2 (50% or more) in these two
countries (Piketty, 2001; Piketty and Saez, 2003). With revenues from income tax
equivalent to approximately 2% of GDP, India receives more revenue than China (1%),
but significantly less than other emerging countries such as Brazil and Russia (4%),

and South Africa and the OECD countries (9%) (OECD, 2017).

Figure 4 — Proportion of income-tax taxpayers in India, 1922-2015

Y For year 1997, see Appendix A2.
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NSSO consumption data

The NSSO, led by the Ministry of Statistics and Program Implementation started
an all-India consumer household expenditure survey (AIHS) after its independence in
1947. The first round of the AIHS was carried out in 1951 and surveys were then
conducted on an annual basis. The size of rounds varies since the quinquennial ATHS
has a larger sampling of about 120 000 households and five times less for smaller other
rounds. The reach of the quinquennial survey is extensive in terms of consumption
items (ranging from daily used food, clothing to durable goods and services such as
construction, education and healthcare). NSSO surveys however do not measure
individual or household incomesQO, in part because agricultural and business incomes
are judged to be volatile and assumed to be much less reliably measured than
consumption.

Since the first survey rounds, NSSO produced 30 days reference period estimates.
This period is known as the Universal Reference Period. Post-1990, concerns were raised
about the sensitivity of the reference period on the estimates and NSSO started
publishing alternative reference periods (7 days and 365 days). As Deaton and Kozel
(2005) note, shorter recall periods tend to lead to higher consumption estimates.
However, experiments carried out with different reference periods by the NSSO working
group concerned concluded that there is no clear superiority of a period over another.
We thus use the Universal Reference Period. This choice is also motivated by the fact
that the 30 days period is the only one that is consistent throughout the entire period
of analysis (1951-2014).

% The Employment Unemployment Surveys report wages for the working-age population, but other sources of
income are not covered.
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For recent years (1983 to 2010) we use quinquennial rounds 38 (1983), 43 (1987-
88), 50 (1993-94), 55 (1999-2000), 61(2004-05), 66 (2009-10). Micro data at the
household level was obtained from the NSSO. For earlier rounds (rounds 3 to 32), for
which we could not access micro data files, we use the Poverty and Growth in India
Database of the World Bank (Ozler et al., 1996) which provides rural and urban per
capita consumption tabulations for a dozen quantile groups for years 1951 to 1978. All
rounds and corresponding years used are summarized in Appendix A3, along with the
summary statistics of each round. We describe in section 0 the procedure used to infer

the full distribution of income from these surveys and how we interpolate missing years.

National Accounts data

From 1950 to the present day, we use GDP data from WID.world, based on
National Accounts Statistics (NAS) from 1971 to 2013, on World Bank (after 2013)
and on Maddison (2007) from 1950 to 1970?". WID.world then performs its own
computations to infer Net Foreign Income and Consumption of Fixed Capital (Blanchet
and Chancel, 2016). Before 1950, we use historical National Income growth rates from
Sivasubramonian (2000).

A well know puzzle in Indian statistics (Deaton and Kozel, 2005; CSO, 2008)
pertains to the difference in survey consumption growth rates and national accounts
growth rates, particularly during the recent period. Figure 5 shows the total growth
rate of Net National Income and Household Final Consumption Expenditure from NAS

and personal consumption from NSSO, from 1983 to 2011. According to NAS, national

! In the 1990s we observe noticeable differences between real GDP growth estimates obtained from UN SNA and
those reported by the World Bank (see Appendix A1).
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income grew at 475% and household consumption grew at slightly more than 300%,

while NSSO data indicates that household consumption grew at 200%.

Figure 5 — Income and consumption growth rates in India, 1988-2011

Several reasons have been put forward to explain this gap, including (i) population
coverage (it is different between NSSO and NAS, since Non Profit Institutions Serving
Households and homeless individuals are not covered by NSSO surveys); (ii) valuation
and integration of certain types of services in survey questionnaires (it was argued that
the treatment of cooked meals served by employers to employees leads to
underestimation of the total value of services consumed by households in the NSSO
surveys (CSO, 2008) while other services such as financial intermediation that are
particularly important among top earners, are not included in survey estimates
(Sundaram and Tendulkar, 2005); (iii) imputed rents (while the NAS incorporates
imputed rents, NSSO surveys do notQQ); (iv) consistency of National Accounts estimates
(Kulshreshtha and Kar, 2005) ; (v) under-reporting and under-sampling of top incomes
in survey data (Banerjee and Piketty, 2005). We should stress from the outset that we
do not pretend to solve this complex issue. The divergence probably involves several,
if not all of the factors above cited. What we seek here is to better estimate the fraction
of the difference that can be explained by the absence of top earners in survey data.
We do not think that this factor alone can explain the entire gap, as it has been

suggested (Lakner and Milanovic, 2015).

> When correcting for imputed rents the Central Statistical Organization (2008) finds a large and growing share of
total consumption remains unexplained.
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IHDS income and consumption survey

The Inter University Consortium for Applied Political and Social Sciences
Research (ICPSR), based at the University of Michigan, provides access to the India
Human Development Survey (IHDS), conducted in 2004-05 and 2011-12 among more
than 40 000 households from rural and urban areas. The survey provides information
at the household level on both income and consumption. Consumption related questions
were designed so as to match the NSSO questionnaire, using similar item categories
and similar referencing periods. The definition of income in the IHDS survey includes
all sources of income: labour income (wages and pensions), capital income (rents,
interests, dividends, capital gains) as well as mixed (or business) incomes. Government
benefits, reported in the survey, are excluded from the analysis for consistency with tax
tabulations; our focus is pre-tax income.

The THDS is one of the very few surveys estimating both consumption and income
in India. This is particularly useful as it enables a tentative reconstruction of NSSO
unobserved income levels, using IHDS information. We describe this methodology in
section 0. IHDS micro data is also openly available via the ICPSR website, which makes

it particularly convenient™.

UN statistics population data

We define the theoretical population of tax payers as the total number of adult
individuals in India. We use adult population data from UN Population Prospects

(2015) from 1950 to today. UN Population prospects provide 5-year age range annual

2 We were not able to access the micro files of the National Council for Applied Economic Research's
National Survey on Household Income and Expenditure, carried out in 2004-5 and 2011.
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population tables, based on national census and their own estimation procedures. The
adult population is defined as the number of individuals over age 20. Before 1950, we
use total population estimates from Sivasubramonian (2000) and reconstruct the adult

population using total population growth rates given by the same author.

ii. Methodology

Estimation of top fiscal incomes

Following Banerjee and Piketty (2005), we first reconstruct top income thresholds
and levels, using generalized Pareto interpolation techniques. The main methodological
difference with Banerjee and Piketty lies in the use of generalized Pareto interpolation
techniques (Blanchet, Fournier and Piketty, 2017) rather than standard Pareto
distributions. Generalized Pareto interpolation®® allows for the recovery of the
distribution based on tax tabulations without the need for parametric approximations.
This method has demonstrated its ability to produce very precise results and also has
the advantage of generating smooth estimates of the distribution, i.e. generating a
differentiable quantile function and a continuous density, while other methods
introduce kinks around the thresholds used as inputs for the tabulation.

The generalized Pareto interpolation procedure generates 127 generalized
percentiles, namely pOpl, plp2, ..., p99p100, corresponding to 100 fractiles of the
distribution. The top fractile is split into 10 deciles (p99.0 p99.1, p99.1 p99.2....,
p99.9p100), its top decile itself split in ten deciles (p99.90 p99.91, p99.91 p99.92, ...,
p99.99 pl00), the tenth decile again split in ten deciles (p99.990p99.991, p99.991

! Available online at www.wid.world /gpinter
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p99.992, ..., p99.999p100). The top generalized percentile thus corresponds to the top
0.001% of the population. As shown in Figure 4, tax data in India is only reliable above
the p94 threshold for the recent period and above the p99.9 threshold when we go

backwards in time.

Estimation of bottom survey incomes

One of the main difficulties of our exercise is related to the fact that NSSO does
not include questions on individual and/or household income. Our strategy consists of
using observed income-consumption profiles in THDS data to reconstruct income
profiles from NSSO consumption data. We first estimate income and consumption levels
for each generalized percentile of the distribution of income and consumption given by
IHDS data. For each survey and each percentile of the distribution, we construct
observed income-consumption ratios o, =y,/cp, with y, and ¢, respectively with a mean
income and consumption within quantile p. We call this strategy Al. To obtain a
theoretical income-consumption profile over percentiles, we take average of years 2004-
5 and 2011-12. In practice, the two profiles differ only marginally. We then construct
two alternative ratios, ag, and ag, referred to as strategies A2 and A0 respectively. In
strategy A2, we assume that oop,= 1 for op,<1 and oagp=0u, otherwise. This second
strategy is equal to assuming no negative savings rates among the poor. In strategy
A0, we define oy, (osp+0y)/2 for a;<1. This strategy assumes that there can be
negative savings rates, remittances or household transfers, but that the true «, value
lies between strategy Al and strategy A2. Income consumption ratios for the different
strategies are presented in Appendix A4. We find that these different strategies have
no effect on the trends we observe and a limited impact on top share estimates, as we

show in section .
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The choice of these different strategies indeed impacts on the estimated share of
total savings in the economy. In strategy Al total savings are close to 0, which seems
too low compared to the current rate of savings in India (about 30%). This figure is
close to 5% in strategy A0 and approximately 10% in strategy A2. These values are
more or less constant throughout the entire period covered whereas in National
accounts they move from about 10% in the 1960s to 30% today. However, using strategy
A0 and factoring in top incomes in the analysis allows us to find an aggregate savings

rate of the same order of magnitude as those observed today (see Appendix A5).

Interpolating survey and tax data for missing years.

Our objective is to produce yearly estimate for the full distribution from 1951 to
2014. Given that survey or tax data is not available for all years, it is necessary to
interpolate tax and/or survey data for a certain number of years. In order to do so, we
interpolate missing years using a constant growth rate between known intervals ¢ and
t+N.

As described in section 2.i, two surveys can be used for the estimation of survey
income for the years 2004-5 and 2010-11, NSSO and IHDS. However, the trends
observed in the surveys are somehow divergent. The ratio of reconstructed NSSO total
income to total personal income from national accounts decreases, while the ratio of
IHDS total income to total personal income from national accounts is stable. The choice
of one or the other source of data has implications on our final inequality statistics:

using IHDS income group averages for the estimation of the bottom of the distribution

I practice, for each average income at percentile p of the survey (or tax) distribution, we define yp¢1=yptXg
1/N
)

where g=(ypi N/ypt) |, with g the growth rate, ypi 1 the average income at percentile p and year t+1.
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(strategy B1) yields a lower rise in top income shares than when using the NSSO survey
(strategy B2). In fact, using NSSO totals mechanically accentuates the rise in top shares
over the period and the strategy Bl is therefore used as our benchmark, as it represents
the conservative approach. That said, we cannot rule out strategy B2, if we believe
NSSO surveys are consistent throughout the entire period covered. We provide results
for strategy B2 in the data appendix.

Between 2000 and 2011, we do not observe any tax statistics, but we do observe
survey data in 2004-5 and in 2010-11. Survey data is not satisfactory to track the
dynamics of top incomes, but it is better than no data at all. We thus estimate the
growth rates of each percentile between 1999 and 2005 on the basis of their evolution
observed in the survey distribution. The resulting estimates show the top 10% share
evolving in the same direction between 2005 and 2011 in our final results as in the
survey. We see this strategy as the best we can have with the available data at hand

for this specific sub-period.

Combination of tax and survey data

Several strategies can be used to correct for missing top incomes in survey data.
These include the modification of the weights assigned to top earners in household
surveys, the addition of extra observations of top earners or the multiplication of
income levels at the top (Burkhauser et al, 2016), and each has its own strengths and
weaknesses. We think that an acceptable method should be consistent, in producing
distributions with plausible statistics, in particular, the shape of inverted Pareto beta
coefficients curves should be relatively smooth. The method followed should also be
transparent, in so-much as it should provide a statistical outcome that could be

anticipated from an economic perspective; survey inequality should in principle increase
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when we factor in top fiscal incomes. Furthermore, a simple strategy would also be
better than a complex one.

Our preferred strategy is to assume that surveys are reliable from the bottom of
the distribution up to a certain percentile and that tax data is reliable after another
(in line with Piketty et al., 2017). In practice, this amounts to multiplying income of
the top percentiles in the survey by a certain factor, given by tax data. More precisely:
we suppose that survey data is reliable from p0 to p; - this means that between py and
p1, averages and thresholds are given by the distribution of interpolated (estimated)
survey income. In our benchmark scenario, which we refer to as strategy C1, p1=p90.
We also test alternative ranges: (i) p1=p95, which we refer to as strategy C2 and (ii)
p1=p80, referred to as strategy C3. As shown in section 3.5, these different strategies
have no impacts on the recent and long-term income trends observed in India and have
only a moderate impact on income concentration levels.

We then suppose that tax data is reliable from a certain percentile, p2, up to the
top of the distribution. P2 is given by the population share lying under the first taxable
bracket observed in the tax data. This value varies from p2=99.9 in the 1950s to p2=93
in the 1a2010s. Therefore, our strategy implies that averages and thresholds for all
percentiles above p2 are given by the distribution interpolated from observed tax data.
Appendix A5 gives the precise value of ps for each year.

Between p; and p2, we test several strategies for the progression of income levels
and thresholds at a given point of time. We define a convex junction profile (strategy
D1), a linear profile (strategy D2) and a concave profile (strategy D3). We adopt D1
(convex profile) as our benchmark strategy as it corresponds to the profile observed for
recent years, for which we have more observed fiscal data at the top; more than 6% of

the population against 0.1% for the earlier period (see Appendix A6). We find that
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these different strategies have negligible impacts on top share results. In fact, the bulk

of the correction we apply to survey incomes occurs above pz, not between p; and po.

From total fiscal income to national income

Total fiscal income is the total personal income that would be reported by
individuals or tax units, if all of them reported their revenues to the tax administration.
In the case of India, we do not observe this value because of the limited tax base. One
way to recover it, following Atkinson (2007), is to start from the sum of primary
incomes obtained by households reported in national accounts and operate a series of
deductions and additions towards a definition closer to taxable income. This is the
approach followed by Banerjee and Piketty (2005) and appears appropriate given that
their focus was restricted to top incomes only. By construction, total fiscal income
evolves at the same rate as pre-tax national income under this approach.

The other approach consists of reconstructing total fiscal income via the
combination of top fiscal incomes and observed (or estimated) survey income, as we
detailed in the previous section. This is equivalent to assuming that tax data give true
fiscal incomes for individuals over py and that estimated survey data gives the true
fiscal incomes for individuals below p;. In this approach, reconstructed fiscal income
and total national income can evolve at a different pace. Over the years, we observe a
growing gap between reconstructed total income from surveys and total national
income (see Appendix A7). This divergence is the repercussion of the gap between
household consumption surveys and national accounts discussed in section 0. We show
in Figure 12 that we can account for a non-negligeable share of this gap after the
combination of survey and tax data , but that a large part of the difference remains

unexplained.
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In order to produce income estimates comparable to other countries, we chose to
rescale our fiscal income estimates to match total pre-tax national income from national
accounts. In practice, we preserve the distribution obtained from the combination of
tax and survey data and simply rescale average and threshold levels of all percentile
groups by a yearly factor so that we match total national income.

In further work, we intend to distribute retained earnings to the top of the
distribution following the DINA guidelines (Alvaredo et al, 2016). This would most
likely increase the level of inequality in the recent period, since the growth of retained
earnings is likely to be concentrated among top earners. The amount by which our

results would vary presumably remains limited though.

Definition of a benchmark scenario

The combination of our different strategies defines 54 scenarios (3 A scenarios x
2 B scenarios x 3 C scenarios x 3 D scenarios). We stress that most of the combinations
of scenarios among these 54 possibilities can be a priori justified, and as such, we
provide results for all corresponding series in our data appendix. We see our benchmark
scenario (AOB1C1D1) as being at the same time plausible and conservative compared
to most of the scenarios tested, as top income shares increase at a slower rate over the

recent decades than in most scenarios. Robustness tests are presented in section 3.5.

4  Results
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i. Sharp rise in top income shares since the mid-1980s

Our results exhibit a strong rise in top income shares since the mid-1980s. In our
benchmark estimation scenario, the share of national income attributable to the top
1% reached 21.3% of national income in 2014-15, up from 6.2% in 1982-1983 (see Figure
6). The top 1% share of national income was at 13% of national income in 1922-23 and
increased to 20.7% in 1939-40, at the dawn of World War II. It then dramatically
decreased to 10.3% in 1949-50 and further decreased from the late 1960s to the early
1980s.

Figure 6 - Top 1% national income share in India, 1922-2015

As expected, the top 0.1% income share dynamics exhibit a similar pattern in our
benchmark scenario (see Figure 7). Top 0.1% earners captured 8.2% of total income in
2014-2015. This only slightly below its pre-independence peak of 1939-40 (8.9%). The
top 0.1% then saw a strong drop during World War II (down to 5.5% in 1944-45),
followed by a continued reduction up to 1982-83 (when it reached 1.7%). From 1983-
84 onwards, the share of national income accruing to the top 0.1% rose almost

continuously.

Figure 7 - Top 0.1% national income share in India, 1922-2015

Looking at the 0.01% earners (Figure 8), we also observe a strong increase in their
share of national income since the mid 1980s, reaching 3.4% in 2014-2015, up from 0.4%
in 1982-83. In 1941-42, the top 0.01% earned 3.8% of total income.
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Figure 8 - Top 0.01% national income share in India, 1922-2015

ii. Fall in Middle 40% and bottom 50% shares

We now turn to post-1951 results, which we have for the entire distribution of
income. Figure 9 shows the mirror evolution of top 10% share in total income and
middle 40% share (i.e. individuals above the bottom 50% earners and below the top
10%). In the mid-fifties, the top 10% and the middle 40% held about 40% of total
income each, the share of the middle 40% progressively increased from the mid-fifties
to 1982-83, reaching 46% of total income. It then decreased afterwards. At the turn of
the Millennium, the top 10% and the middle 40% groups captured exactly the same
amount, 40%. However, by 2014-15, the middle 40% share had fallen to a historically

low level of 29.2%.

Figure 9 - Top 10% vs. Middle 40% national income shares in India, 1951-2014

The income dynamics of the poorest half of the income distribution exhibit a
similar pattern to that of the middle 40% (Figure 10). Bottom 50% share of national
income increases from 19% in 1955-56 to 23.6% in 1982-1983, but then decreases sharply
and almost continuously thereafter (20.6% in 2000-2001 and 14.9% in 2014-15).

Figure 10 - Bottom 50% income share: 1951-2015
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ili. Total growth rates by income group

We now measure total growth rates across the full distribution of incomes over
the 1980-2015 period and compare these results to other countries available in the
WID.world database, namely China, France and the USA. We also provide global

growth estimates for the corresponding global groups.

Table 1 - Total growth rates by income group in India, 1980-2015

Figure 11 — Income growth by percentile in India, 1980-2015: The cobra curve of

inequality and growth.

Table 1 and Figure 11 show that income growth rates in India over the 1980-2015
period substantially increase as we progress upwards through the distribution of
income. The bottom 50% of earners experiences a growth rate of 90% over the period,
while the top 10% saw a 435% increase in their incomes. The equivalent figures for the
top 0.01% and top 0.001% were 1699% and 2040%, respectively. Appendix A10 shows
the same results on an annual growth rate basis.

Unequal growth dynamics over the period are not specific to India. Income growth
rises the higher up the income distribution one proceeds in China, in the USA and in
France as well. India's dynamics are, however, striking: it is the country with the
highest gap between the growth of the top 1% and growth of the full population (near
factor 4 difference in growth rates between these groups). It is also interesting to note
that bottom 50% of earners grew 4 times more slowly in in India than in China, whereas

the middle 40% Indians grew nearly 8 times more slowly than their Chinese
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counterparts. Differences between the two countries among top groups are much less
pronounced.

While Table 1 is particularly meaningful from the perspective of individual growth
dynamics (what individuals observe), it is also useful to balance this with information
on the share of total growth captured by different income groups Indeed, high income
growth at the individual does not necessarily translate into a high share of total growth
captured at the macro level. Table 2 shows that the top 0.1% earners captured more
total growth than the bottom 50% (11% vs. 10% of total growth) over the period. The
top 0.1% of earners represented less than 800 000 individuals in 2014-15, this is
equivalent to a population smaller to Delhi's IT suburb, Gurgaon. It is a sharp contrast
with the 397 million individuals that made up the bottom half of the adult population
in 2014-15. At the opposite end of the distribution, the top 1% of Indian earners
captured 28% of total growth, as much as the bottom 83% of the population. The
comparison of these figures with China and other countries is particularly noteworthy.
Out of the four countries, India is the country where the middle 40% benefitted from
the least from total growth over the period. We discuss this “missing middle class” issue
in the next sections of the the paper. The bottom 50% however captured a similar share

of total growth in India and in China (respectively 10% and 13%).

Table 2 — Share of total growth captured by income groups, 1980-2015: India,
China, the USA, Western Europe.

Table 3 shows income levels and income thresholds for different groups and
corresponding adult population size in 2014-2015. Top 1% earners earn on average INR
2.9 million (21 times national average) versus INR 40,700 (0.3 times national average)

for the bottom 50% and INR 101,100 (0.6 times national average) for the middle 40%.
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Table 3 - Income inequality in India, 2014-15

Table 4 shows the growth rate over different income groups in India for the 1951-
1980 period. The situation is reversed as compared to the 1980-2015 period: the higher
the group in the distribution of income, the lower the growth rate over the period. Real
per adult income of the bottom 50% middle 40% groups grew substantially faster
(respectively 87% and 74%) than average income (65%). On the contrary, top 0.1%,
top 0.01% and top 0.001% income groups experienced a severe decrease in their real
incomes (-26%, -42% and -45% respectively). Appendix Apresents the same data with
annualized growth rates.

Table 5 reveals that bottom 50% group captured 28% of total growth over the
1951-1980 period, vs. 49% for the middle 40% and 24% for the top 10%.

Table 4 - Total growth rates by percentile in India, 1951-1980

Table 5 - Share of total growth captured by percentile groups in India, 1951-
1980

iv. Growing share of income gap explained by top incomes

We compare the theoretical fiscal income obtained from national accounts™ to
our reconstructed fiscal income and the total income estimated from household surveys.

This comparison reveals the share of survey and national accounts discrepancy

2 Supposed to be 70% of net national income, following Banerjee and Piketty (2005).
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discussed in section 0, that can be attributed to the absence of top earners in survey
data. We find that our reconstructed fiscal income bridges a growing and non-negligible
gap between national accounts surveys data. The share of the gap explained by our
reconstructed fiscal income rises from about 0% in 1990 to close to than 40% in 2014-

15.

Figure 12 — Importance of missing top incomes in India since 1990: Share of gap

between survey income and national accounts explained by missing top incomes

v. Measurement issues and robustness tests

One of the main assumptions underlying our results is that tax data measures the
actual income shares of the richest. There are a number of reasons why this may not
entirely be true. A potential issue with tax data is that the surge in top incomes may
reflect improvements in the Income Tax Department's ability to measure and tax the
incomes of the richest. The tax cuts in the early 1990s might have reduced the
incentives among the wealthy for evading the income tax. Indeed, there were a number
of innovations in tax collection in the 1990s, such as the 1998 introduction of the "one
in six rule" that required everyone who satisfied at least one of six criteria (such as
owning a car and travel abroad) to file a tax return. We note however that the decline
in the top marginal rate was quite moderate during the late 1980 to 2000 period: the
top marginal tax rate dropped from 50% in 1987-1988 to less than 40% in 1999-2000
(and only minor evolutions after, see Figure 13). By comparison, the increase in the
share of the top 0.01% was huge: it went up from 0.7% in 1987-88 to more than 2% in
1999-2000. If this entire change is to be explained by a shift in tax rates, the implied
elasticity would have to be enormous. Another key limitation of the Indian tax series
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is the ten-year break from 2000 to 2010. We did not find evidence of significant changes
in the tax legislation, that could explain the rise in top shares post-2000. We also note
that the post-2000 rise does not mark a discontinuity in the series, but comes more as
the prolongation of rising top shares trend observed in the 1990s. The trend is also in
line with the rise of inequality observed in consumption surveys, in wealth rich lists
and recent wealth inequality series (Anand and Thampi, 2016). The release of tax
tabulations for the years 2000 to 2010 would allow us to better analyze year-on-year
evolutions for this crucial period.

In order to test the robustness of our results to data limitations (including the
tax data gap of the 2000s and the growing gap between national accounts and
consumption surveys), we present our results along the 54 estimation strategies
described in section 2.ii. These 54 scenarios reflect a wide range of alternative
assumptions to make up for the lack of consistent data for the entire distribution of
income. We find that our main results are robust to all the strategies tested.

Appendix Al2a-c show the evolution of the top 1%, 0.1% and 0.01% shares from
1922 to 2014 across the 54 scenarios, along with our benchmark series (thick red line).
The results only differ slightly between the different scenarios before 2005. In 1982-83,
the top 1% share indicates 5.5% in the lower case scenario vs. 6.6% in the upper case.
After 2005, the spread between scenarios is higher: top 1% income shares indicate 20.3%
in the lower case scenario and 27.7% in the upper case scenario in 2014-2015. The
higher spread after 2005 is essentially due to strategy B assumptions (ie. whether NSSO
consumption surveys in 2005 and 2010 are rescaled upwards). Our benchmark strategy
consists in rescaling the income levels estimated from NSS upwards - on the basis of
THDS data - to temper the rise in top shares at the end of the period. Considering these
assumptions, the trends are remarkably similar across all scenarios, but the true top

share values could be higher than what we obtain in our benchmark results.
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Results for the middle 40% and the bottom 50% groups are relatively more
sensitive to our sets of scenario assumptions, as Appendix A12d and Appendix Al2e
show. We find a 2.5 p.p. spread on lower case and upper case scenarios for middle 40%
shares on average and an average 8 p.p. spread for bottom 50% income shares. This
spread is essentially due to assumptions on the savings profiles of lower consumption
groups (strategies A0, A1, A2). The A0 scenario reflects a mid-range position between
the 0 negative assumption (scenario A2) and the profiles obtained from the THDS
dataset, with arguably excessive negative savings rates’'. Long run results for bottom
40% and middle 50% groups are consistent across all scenarios: a slight increase from
1951-52 to 1983-84 and and a significant decrease afterwards.

To sum up, we see our set of alternative scenario assumptions as a way to shed
light on the gaps in our current knowledge of Indian income inequality. Our results are
robust to a wide range of alternative assumptions but we do not pretend that these
new series are definitive. More modestly, we hope they can encourage the publication
of full series from 2000 to 2010. All computer codes are provided in the data Appendix
Aof the paper and can be used to produce alternative strategies, if novel data addressing

current gaps were to be released.

5  Discussion

2T We note particular divergences around between 1978 and 1983 for both middle 40% and bottom 50% shares. This
is explained by the fact that from 1978 to 1983, as shown in Appendix Al4c, we do not have survey distributional
data and we interpolate them on the basis of 1978 and 1983 information. The combination of interpolated survey
income levels for these specific years and certain of our strategies - in particular strategy C3 (pyx;=80) and D3
(concave junction profile), tend to reduce "next 9%" income levels (ie. individuals above the bottom 90% but below
the top 1%) and relatively increase levels of the bottom 90%. These 'extreme' scenarios are the less plausible of the
set of assumptions in our view.
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i. The mid-1980s turnaround

Our findings confirm and amplify the conclusions of Banerjee and Piketty (2005)
on Indian inequality in the long run, namely i) a marked decrease in inequality in the
early fourties ii) an even stronger reduction in top income shares in the 1950-70s and
iii) a significant increase from the mid-eighties onwards. Current income inequality in
India is higher than during pre-independence period. This holds true from the creation
of the Income Tax in 1922 to independence in 1947 when comparing the top 1% share
of national income, but also for the pre-1922 period. Before 1922, the best available
estimates show that the top 0.1% income share varied between 5 and 7% of national
income vs. more than 8% today in our benchmark, conservative scenario.

We note that the reduction in top income shares was smaller during the interwar
period than the reduction which occurred throughout the 1950-1970s. This seems
consistent with the interpretation posited for industrialized countries' (Piketty, 2001;
Piketty and Saez, 2003). The shock induced by the Great Depression of the 1930s and
the War had relatively lesser impacts in India than in the USA and Europe. In India,
strong government control along with an explicit goal to limit the power of the elite™
seems to have played a key role in reducing top income inequality after independence
in 1947. The set of "socialist" policies implemented up to the 1970s included
nationalizations, strong market regulation and high tax progressivity.

Railways were nationalized in 1951, air transport in 1953, banking in 1955, 1969
and 1980, oil industry in 1974 and 1976 to cite but a few. Along with the transfer of

private to public wealth and reduction of capital incomes they implied, nationalizations

2 An anecdote may reflect this view on fairness which prevailed in Nehruvian politics: when industrialist Tata asked
then Prime Minister J. Nerhu about allowing profits in Stata-owned industries, J. Nehru answered, "Never talk to
me about profit, [...[, it is a dirty word" (Das, 2000).

2914 banks were nationalized, representing 70% of the sector.
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came along with government setting over pay scales. In the private sector, incomes
were constrained by extremely high tax rates: between 1965 and 1973, top marginal
tax rates rose from 27% to 97.5%". Such evolutions may have reduced rent-seeking
behavior at the top of the distribution via a process of discouragement, which in
presence of excessive bargaining power and rent-seeking is the efficient thing to do

(Piketty, Saez, Stantcheva, 2014).

Figure 13 — Top marginal income tax rate in India, 1948-2016

As discussed in section 2, from the early 1980s onwards, the Indian economy
underwent reverse transformations. The turnaround of income inequality (in 1983-84,
see Figure 6 to Figure 10) seems consistent with the implementation of a new economic
policy agenda to disengage the public sector and to encourage entrepreneurship as well
as foreign investments. The start of the process has been associated with the
nomination of Rajiv Gandhi as Prime Minister in 1984.

In terms of tax progressivity, however, the downwards trend in fact started earlier
- in the mid-1970s (Figure 13). That said, marginal income tax rate remained at fairly
high levels until 1984-85 when Rajiv Gandhi's government reduced the rates from 62%
to 50%. Why year 1983-84 marks so abruptly the turning point of our inequality series
over the recent period remains a topic of enquiry. Several factors can be at play:
anticipations in the 1984-85 change in the top marginal tax rate, and anticipations of
a more pro-business environment, could have had a positive impact on top incomes, in
line with the rent-seeking theory posited by Piketty, Saez and Stantcheva (2014). Other

factors could include the combination of a strong recession in the agricultural sector

3 These figures include the "super tax" on top incomes.
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the previous year (-5% agricultural production due to severe droughts in 1982-1983),
which impacted income groups at the bottom. A surge in top earners filing tax returns,
because of less stringent tax policies, is not to be excluded and could explain why the
change is so abrupt this year. However, the fact that the rise in inequality is prolonged
throughout the 1990s and in the recent period shows that this factor is very unlikely
to play decisive role in the observed trends.

Available macro series also show that the wage share in the private corporate
sector has been declining in India since the early to mid-1980s (in contrast to the 1970s,
when the profit share was declining; see Nagaraj (2000) and Tendulkar (2003), which
is consistent with the time for the turnaround proposed here.

Our results are also consistent with the evolution of Indian wealth inequality
according to All-India Debt and Investment survey data (Anand and Thampi, 2016).
Recently released wealth inequality estimates indeed show a sharp increase in wealth
concentration from 1991 to 2012, particularly after 2002. The increase in wealth
inequality at the top of the distribution is a logical outcome of the highly unequal

income growth we report in this paper over the recent period.

ii. Shining India for the rich mostly?

Our results shed light on a particularly striking characteristic of Indian growth
over the past three decades: the very moderate rise of the "middle class" - at least
defined as individuals above median income and below the top 10% earners. Incomes
of the middle 40% grew at 102% over the 1980-2014 period. Compared to industrialized
countries' growth rates for this group, the figure is impressive. In the Indian context
however, the middle 40% were notably below average growth (187%). Since 1980, the

middle 40% group in India captured a much smaller share of total growth (25%) in
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than its counterparts did in China or Europe (more than 40%) or even the USA (33%).
This result should help us better characterize what has been termed as "the rise of
India's middle class". From the perspective or our newly income inequality dataset,
"Shining India" corresponds to the top 10% of the population (approximately 80 million
adult individuals in 2014) rather than the middle 40%. Relatively speaking, the shining
decades for the middle 40% group corresponded to the 1951-1980 period, when this
group captured a much higher share of total growth (49%) than it did over the past
forty years. It is also important to stress that, since the early 1980s, growth has been
highly unevenly distributed within the top 10% group. This further reveals the unequal
nature of liberalization and deregulation processes. India in fact comes out as a country
with one of the highest increase in top 1% income share concentration over the past

thirty years.

6 Conclusion

We combine historical and novel tax data with household surveys and national
accounts data in order to produce the novel estimates of the full distribution of adult
pre-tax income in India, from 1951 to 2015 and for the top 1% of the distribution from
1922 to 2015.

We document a large increase in the level of inequality in India over the recent
period and a large increase in the current level as compared to survey-based statistics
generally used in public debates. We find that our results are robust to a large set of
alternative estimation strategies addressing important data gaps. According to our
benchmark estimates, the top 1% income share is at its highest level (22%) since the
create of the Income Tax during the British Raj, in 1922. Top income shares and top

income levels were sharply reduced in the 1950s to the 1970s at a time when strong
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Indian income inequality, 1922-2015: From British Raj
to Billionaire Raj?

market regulations and high fiscal progressivity are implemented. During this period,
bottom 50% and middle 40% incomes grew faster than average. The trend reverted in
the mid 1980s with the development of pro-business policies.

We certainly do not have the capacity to put an end to debates over the impact
of economic reforms on inequality or poverty India. Our contribution is in fact relatively
modest; better data series on the distribution of income inequality can and should lead
to better informed democratic conversation on the state of the Indian economy. We
stress the need for more research dedicated to reconcile micro and macro estimates of
income and consumption inequality in India. Efforts following the Distributional
National Accounts Guidelines (Alvaredo et al., 2016), published on the WID.world
database, seek to go in this direction. Ultimately, meeting this objective will not be
possible without the participation and expertise of official statistical agencies, in India

and elsewhere.
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Table 1 - Total growth rates by percentile in India, 1980-2015

Total cumulated per adult real growth (1980-2015)

Income group Western
(distribution of per-adult India China USA Europe
pre-tax national income)
Full population 201 % 776 % 74 % 44 %
Bottom 50% 90 % 386 % 10 % 34 %
Middle 40% 94 % 733 % 54 % 36 %
Top 10% 435 % 1232 % 139 % 62 %
incl. Top 1% 775 % 1800 % 230 % 74 %
incl. Top 0.1% 1134 % 2271 % 355 % 79 %
incl. Top 0.01% 1699 % 2921 % 499 % 90 %
incl. Top 0.001% 2 040 % 3524 % 698 % 124 %

Source: Authors’ estimates combining survey, fiscal and national accounts data.
Notes: distribution of pre-tax per adult national income, benchmark scenario (AOB1C1D1).
Estimates for China, USA, Western Europe are based on WID.world and the World

Inequality Report (wir2018.wid.world). Growth rates are net of inflation.
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Table 2 — Share of total growth captured by income groups, 1980-2015:
India, China, the USA, Western Europe.

Income grou
(distribution of pir-adgt pre India China USA v;’eStem

tax national income) urope
Total 100 % 100% 100% 100%
Bottom 50% 11.1 % 13.3 % 29 % 17.4 %
Middle 40% 22.6 % 43.4 % 33.1 % 36.6 %
Next 9% 66.4 % 28.4 % 31.2 % 29.3 %
Top 1% 29.4 % 14.9 % 33. % 16.8 %
Top 0.1% 12.2 % 6.8 % 17.1 % 6.5 %
Top 0.01% 5.6 % 3.5 % 8.5 % 2.8 %
Top 0.001% 2.8% 1.5 % 3.9 % 1.3 %

Source: Authors’ estimates combining survey, fiscal and national accounts data.
Notes: This graph shows the share of national income growth captured by different income
groups between 1980 and 2015. Distribution of pre-tax per adult national income,
benchmark scenario (AOB1C1D1). Estimates for China, USA, Western Europe are based

on WID.world and the World Inequality Report (wir2018.wid.world).
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Table 3 - Income inequality in India, 2015

Income .
Income Comparison
group Number of h Income Average
(distribution of per- adults share threshold income to average
adult pre-tax national (%) (ratio)
income)

Average 794 305 664 100 % 0 138 426 INR 1
Bottom 50% 397 152 832 14.7 % 0 40 671 INR 3
Middle 40% 317 722 266 29.2 % 63 728 INR 101 084 INR 7
Top 10% 79 430 566 56.1 % 195 445 INR 776 567 INR 6
incl. Top 1% 7 943 057 21.3 % 1303946 INR | 2954 386 INR 21
incl. Top 0.1% 794 306 8.2 % 4459 114 INR | 11 346 371 INR 82
incl. Top 0.01% 79 431 3.4 % 18 260916 INR | 47 154 896 INR 341
incl. Top 0.001% 7 943 1.4 % | 77 801 552 INR | 188 558 192 INR 1362

Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: Distribution of pre-tax per adult national income, benchmark scenario

(AOB1C1D1). Population estimates for 2014.
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Table 4 - Total growth rates by percentile in India, 1951-1980

Income group Total real per adult income

(distribution of per-adult pre-tax national

. growth (1951-1980)

income)
Full population 65 %
Bottom 50% 87 %
Middle 40% 74 %
Top 10% 42 %
incl. Top 1% 5 %
incl. Top 0.1% -26 %
incl. Top 0.01% -42 %
incl. Top 0.001% -45 %

Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: distribution of pre-tax per adult national income, benchmark scenario (A0B1C1D1).
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Figure 1la - National income growth in India: full population vs. bottom

50% income group, 1951-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.
Average annual per adult real income growth rate from 1970 to 1979 was 0.67%.
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Figure 1b - National income growth in India: full population vs. middle

40% income group, 1951-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.
Average annual per adult real income growth rate from 1970 to 1979 was 0.67%.
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Figure 1lc - National income growth in India: full population vs. top 1%

and top 10% income groups, 1951-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.
Average annual per adult real income growth rate from 1970 to 1979 was 0.67%.
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Figure 2 - Top 20% total consumption share reported in household

surveys
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Source: Authors’ computations using data from United Nations WIDER Income

Inequality Database and World Bank India Database (based upon NSSO surveys).
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Figure 3 - Wealth of richest Indians in Forbes' Rich List, 1988-2015
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Source: Authors' computations based upon Forbes billionaire rankings and

WID.world national income data.
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Figure 4 - Proportion of income tax taxpayers in India, 1922-2015

Share of total adult population ( % )
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Source: Authors’ computations based on Indian Tax Administration statistics,
United Nations Population Database and Banerjee and Piketty (2005). Estimates refer to

individuals and Hindu Undivided Families only.
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Figure 5 — Total income and consumption growth in India, 1988-2011
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Source: Authors' computations using National Accounts and NSSO data.
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Figure 6 - Top 1% national income share in India, 1922-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: distribution of pre-tax per adult national income, benchmark scenario (AOB1C1D1).
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Figure 7 - Top 0.1% national income share in India, 1922-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: distribution of pre-tax per adult national income, benchmark scenario (AOB1C1D1).
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Figure 8 - Top 0.01% national income share in India, 1922-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: distribution of pre-tax per adult national income, benchmark scenario (AOB1C1D1).
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Figure 9 - Top 10% vs. Middle 40% national income shares in India,
1951-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: distribution of pre-tax per adult national income, benchmark scenario (A0B1C1D1).
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Figure 10 - Bottom 50% national income share in India, 1951-2015
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Source: Authors’ estimates combining survey, fiscal and national accounts data.

Notes: distribution of pre-tax per adult national income, benchmark scenario (A0B1C1D1).
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Figure 11 — Income growth by percentile in India, 1980-2015: The “cobra

curve” of inequality and growth.
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Source: Authors’ estimates combining survey, fiscal and national accounts data.
Notes: distribution of pre-tax per adult national income, benchmark scenario (A0B1C1D1).
The Figure shows that the average per adult real income growth rate between 1980 and

2015 of the top 0.001% income group was 2040%.
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Figure 12 — Importance of missing top incomes in India since 1990:
Share of gap between survey income and national accounts explained by

missing top incomes
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Source: Authors’ estimates combining survey, fiscal and national accounts data.
Notes: This graph shows the share of the gap between (reconstructed) survey income and
income from the National accounts, which can be explained by the absence of top incomes
in survey data. In practice, we compare the share of the gap between fiscal income from
the national accounts (assumed to be 70% of national income), reconstructed survey
incomes and reconstructed survey incomes, corrected at the top with tax data. Section 2

provides a description of these concepts.
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Figure 13 — Top marginal income tax rate in India, 1948-2016
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Source: Authors’ estimates based on ITD and Union Budget Speeches. Notes: Figures

include super tax on top incomes.
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CHAPTER 2
Building a global distribution of income
brick by brick

Abstract. The dynamics of global inequality have attracted growing attention in
recent years. However, we still know relatively little about how the distribution of
global income is evolving. Income inequality is increasing in many countries, but large
emerging countries like India and China are catching up and might drive global
inequality down. Recent studies of global inequality combine household surveys and
provide valuable estimates (Lakner and Milanovic 2016, Liberati 2015, Ortiz and
Cummins 2011). Surveys, however, are not uniform across countries, they cannot
capture top incomes well, and are not consistent with macroeconomic totals from
National Accounts.

In this chapter, we report on new estimates of global inequality. These estimates
are based on recent, homogeneous inequality statistics produced for a number of
countries in the World Inequality Database (WID.world), consistent with aggregate
National Accounts. We find that the global top 1% has captured twice as much total
growth than the global bottom 50% between 1980 and 2016. We also analyze different
projected trajectories for global inequality in the coming decades and find that optimist
assumptions about growth in emerging countries in the future will not be sufficient to
reduce global inequality by 2050 if countries continue their own recent inequality
trends, highlighting the need for a renewed debate on the set of policies required to
generate more equitable growth pathway.

This chapter is based on “The Elephant Curve of Global Inequality and Growth”,
American Economic Association Papers & Proceedings, 2018, co-authored with F.
Alvaredo, T. Piketty, E. Saez and G. Zucman as well as on parts 2.1, 2.2 and 5.1 of
the World Inequality Report 2018, written with the same co-authors. I am grateful to
Amory Gethin for extremely valuable research assistance.
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1 Introduction: managing data limitations to
construct a global income distribution

The dynamics of global inequality have attracted growing attention in recent
years. However, we still know relatively little about how the distribution of global
income and wealth is evolving. Available studies have largely relied on household
surveys (Lakner and Milanovic 2016, Liberati 2015, Ortiz and Cummins 2011,
Bourguignon and Morrisson, 2002), a useful source of information, but one that does
not accurately track the evolution of inequality at the top of the distribution, that is
often hard to compare across time and countries and that is not consistent with macro
totals. Global distributions based on survey data thus also inherently suffer from these

limitations.

Anand and Segal (2014) provide a first attempt to combine survey data and top
income shares available from the WTID (the previous version of WID.world) in order
to construct global income inequality estimates. Our work goes in this direction. Up to
now, because of national level data limitations, global inequality estimates reasonable
geographical coverage of global inequality coverage of the WTID was relatively limited
for large emerging countries. Income inequality estimates for income inequality in India
or China for instance (a third of the global population) used in global inequality
distribution exercises were for instance based on survey data essentially. This chapter
thus goes beyond existing work as it is grounded more robust and systematic national
level income distributions, in particular in large emerging countries (see Chapter 1) but

also in high-income countries.

We stress at the outset that the production of global inequality dynamics is in its
infancy and will still require much more work. It is critical that national statistical and
tax institutions release income and wealth inequality data in many countries where

data are not available currently—in particular, in developing and emerging countries.
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Researchers also need to thoroughly harmonize and analyze these data to produce

consistent, comparable estimates.

Even if there are uncertainties involved, as discussed in Chapter 1, it is already
possible to produce meaningful global income inequality estimates. The WID.world
database contains internationally comparable income inequality estimates covering the
entire population, from the lowest to the highest income earners, for many countries:
the United States, China, India, Russia, Brazil, the Middle East, and the major
European countries (such as France, Germany, and the United Kingdom). A great deal
can already be inferred by comparing inequality trends in these regions. Using simple
assumptions, we have estimated the evolution of incomes in the rest of the world so as
to distribute 100% of global income every year since 1980. This exercise should be seen
as a first step towards the construction of a fully consistent global distribution of

income.

The exploration of global inequality dynamics presented here starts in 1980, for
two main reasons. First, 1980 corresponds to a turning point in inequality and
redistributive policies in many countries. The early 1980s mark the start of a rising
trend in inequality and major policy changes, both in the West (with the elections of
Ronald Reagan and Margaret Thatcher, in particular) and in emerging economies (with
deregulation policies in China and India). Second, 1980 is the date from which data
become available for a large enough number of countries to allow a sound analysis of

global dynamics.

The rest of this chapter is organized as follows, we give an overview of the
methodology followed to construct our estimates of global income inequality since 1980
and of our projections of global income inequality up to 2050. We then discuss our
results on the evolution of global income inequality at the level of world regions and of
the world as a whole. Next, we discuss the results of our projections of global income

inequality up to 2050 and we conclude.
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2  Methodology

The United Nations System of National Accounts (UNSNA) was created after
World War II, on the basis of important methodological developments in national
accounting which followed the 1929 crisis and during the war (Lepenies, 2016), in
particular in the U.S, the U.K, France and the Netherlands®. This system was designed
to construct a dashboard of aggregate economic statistics enabling policymakers to
monitor the evolution of output, prevent crises, better administer the economy and
compare their country's performances to that of other nations.

This system was not designed to track the evolution of the distribution of
aggregate concepts such as income or savings across individuals. Developments in the
systematic measurement of income inequality were essentially carried out separately
from the UNSNA framework, even though one of the founding fathers of National
Accounts, Simon Kuznets, also made critical innovations in the field of income
inequality measurement. Indeed, in his seminal work on the "Share of upper income
groups in income and savings", Kuznets (1953), laid the basis for the systematic
measurement of top income shares over time using tax data, from 1919 to 1945 in the
U.S. Another key innovation was made by Atkinson and Harrison in their "Distribution
of personal wealth in Britain" (Atkinson and Harrison, 1978). The authors used estate
data to measure wealth inequality dynamics between 1923 and 1972 in Britain.

Building on these methods and refining them, Piketty (2001, 2003), Piketty and
Saez (2003), Atkinson and Piketty (2007, 2010), Atkinson et al. (2011) expanded the
work to many countries and over a very long time span, in a systematic manner.
Methodological developments included the use of income tax data microfiles, which
Kuznets didn't have access to. This literature, which has sometimes been called the
"Top incomes" literature, was however limited to the study of top fiscal incomes, given

that distributional information relied solely on tax data.

! See Kuznets for the U.S. (1934), Stone and Meade (1942) for the U.K., Vincent (1943) for France, Tinbergen for
the Netherlands.
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More recently, in line with the recommendations of the Commission on the
Measurement of Economic Performance and social progress (Stiglitz et al. 2009) who
stressed the need to distribute National accounts so as to better measure well-being
and economic progress, a methodology was developed to reconcile National Accounts
with distributional measures: the Distributional National Accounts Guidelines
(Alvaredo et al, 2016).

The Guidelines are consistent with UNSNA concepts and enable their distribution
to individuals of a given country. Pioneering applications of the method to high-income
countries (with relatively high quality data) were carried out for the U.S. (Piketty et
al., 2018a) and France (Garbinti et al., 2018). A pioneering application to the case of
a developing country was presented in the chapter "Indian income Inequality
Dynamics, 1922-2015" of this Thesis (see also Piketty et al. (2018b) for the case of
China).

The construction of Distributional National Accounts at the global level, based
on national level DINA estimates had not been carried out so far. Beyond the challenges
associated to the construction of national level DINA, they pose a series of
methodological questions specific to global dimension of the exercise: Which method
should be used to account for countries and regions with missing distributional data?
In order to aggregate countries into a global distribution, should one use PPP or Market
Exchange Rates? If one uses PPPs, how to account for changes in PPP over time? How
to account for the missing income problem (the fact that net foreign income does not
sum to zero at the global level)?

The main text of this chapter briefly addresses these issues but is essentially
focused on the results. A detailed version of the methodology, with more emphasis on
the technical aspects of the exercise, is provided in Appendix A and B to this chapter?’Q.
These appendices also provide results from alternative methodologies to compute

global income inequality estimates (highlighting that these methodological choices have

2 Interested readers should also refer to "Global inequality User Guide" by Lucas Chancel and Amory Gethin
(WID.world Technical Note 2017/9).
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little impacts on the general conclusions presented in the chapter, which we see as

robust).

i. National Income estimates

The first step to produce a global distribution of income is to obtain coherent
sources for national income. In order to do so, one faces several limitations. Net national
income (NNI) is a key concept to monitor the dynamics of global and domestic
economic inequalities. Contrary to gross domestic product (GDP), NNI takes into
account net foreign income flows and capital depreciation. Therefore, it better reflects
the true evolution of individual incomes in a country and can be more easily connected
to personal income. However, while it is possible to find homogenous GDP series for
all countries and over a long time period on many macroeconomic data portals (such
as the World Bank), there are no published global harmonized NNI series.

At least two main reasons can explain this. First, despite the growing recognition
that GDP is a very imperfect measure of progress (Stiglitz et. al, 2009), GDP remains
the benchmark indicator for the measure of economic growth and for the comparison
of the economic performance of nations. As a result, statistical institutions invest time
and resources to maintain global and consistent GDP series in priority, sometimes at
the expense of other macroeconomic series. The second reason is methodological: in the
United Nations SNA, NNI is a function of GDP. NNI has not always been constructed
from GDP: one of the founding father of national accounting, W. Petty, constructed
national income via a bottom up method, summing all incomes measured in the
economy. With the development of the UNSNA, the measurement of National Income
gradually became “top-down”, i.e. it is defined as a function of GDP, consumption of
fixed capital (CFC) and net foreign income (NFI). In the data provided by countries
to the UNSNA, CFC series are missing for several countries and time periods and
sometimes indicate possibly erroneous values. It is then necessary to reconstruct robust
CFC series before producing NNI series. NFI, estimates, on the other hand, can be

found for a relatively large number of countries and years from the International
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Monetary Fund (IMF), but these series do not sum to zero at the global level — the
so-called “missing income” problem (Zucman, 2013). To ensure global consistency of
NFI series to a reasonable extent, reallocation rules must be developed. Such
adjustments, estimations and imputations require several hypotheses and an important
data cleaning work, given the need to combine different statistical sources for a large
number of countries over a relatively long time frame.

Details on the methods followed to construct harmonized Net National Income
series used in this Thesis are described in “Building a global income distribution brick

by brick: Appendix A”.

ii. Distributional National Accounts estimates

Consistent estimates on the distribution of national income are not yet available
for as many countries and years as for macroeconomic aggregates such as national
income. Distributional series are based on a combination of sources including tax
receipts, household surveys and national accounts. This chapter partly relies on recent
development in generalized Pareto interpolations methods (see Blanchet et al. 2017),
which allowed to track more systematically and with more precisions top incomes from
tax tabulations.

Income or consumption inequality data is available from household surveys in
most countries today. Surveys however are well known to misreport top incomes
(Atkinson and Piketty, 2007), they are not consistent with macro totals and hardly
comparable across countries. As such, surveys cannot be used to produce national level
DINA, and consequently for global level DINA. When harmonized and corrected with
fiscal sources, surveys can however be useful to inform on distributional dynamics at
the bottom of the distribution. The previous chapter offers an overview of the

challenges that the combination of tax and survey data can pose to researchers™. In

33 The combination of tax data and survey data raises a number of methodological issues, which have been discussed
in the recent literature (see for instance Burkhauser et al., 2016).
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many cases for developing countries, this combination amounts more to a mapping of
the numerous types of data inconsistencies and gaps that exist. Provided the data gaps
are properly highlighted and interpolation methods made transparent, the resulting
series are a much more reliable source of information than survey data alone.

Consistent, estimates of national income inequality (for the full population in a
given country, that is not only the top groups) are now available for the USA, Western
Europe (and in particular France, Germany, the United Kingdom) as well as China,
India, Brazil, Russia and the Middle East (see in particular Piketty et al., 2018a;
Garbinti et al, 2018.; Piketty et al., 2018b; Morgan, 2017; Novokmet et al., 2017;
Alvaredo et al., 2017; Bartels, 2017) These regions represent approximately two thirds
of the world adult population and three quarters of global income.

We here seek to distribute the totality of global income, to the totality of the
world population. To achieve this, we must distribute the quarter of global income to
the third of the global population for which there is currently no consistent income
inequality data available. One crucial information we have, however, is total national
income in each country. This information is essential, as it already determines a large
part of global income inequality among individuals.

We tested different alternative assumptions to distribute national incomes in
countries where there are no available Distributional National Accounts (Alvaredo et
al. 2016) and found that these had very moderate impacts on the distribution of global
income, given the limited share of income and population concerned by these
assumptions. In our benchmark results, we assume that countries with missing
inequality information had similar levels of inequality as other countries in their region.
Take an example, we know the average income level in Malaysia, but not (yet) how
national income is distributed to all individuals in this country. We then assumed that
the distribution of income in Malaysia was the same, and followed the same trends, as
in the region formed by China and India. This is indeed an over simplification, but to
some extent this is an acceptable method as alternative assumptions have a limited

impact on our general conclusions.
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Sub-Saharan Africa is a particular case: we did not have any country with
consistent income inequality data over the past decades (whereas in Asia we have
consistent estimates for China and India, in Latin America, we have estimates for
Brazil, etc.). For Sub-Saharan Africa, we thus relied on household surveys available
from the World Bank (these estimates cover 70% of Sub-Saharan Africa’s population
and yet a higher proportion of the region's income). These surveys were matched with
fiscal data available from WID.world so as to provide a better representation of
inequality at the top of the social pyramid.

Details on the methods followed to distribute national income within countries,
along with results for alternative scenarios, are described in Sections 2-3 of “Building a

global income distribution brick by brick: Appendix B”.

iii. Global inequality projections

Our projections of global income inequality dynamics are based on global income
inequality dynamics observed between 1980 and 2016 as well as on the modeling of
three forces: within-country income inequality, national level total income growth, and

demographics.

Three scenarios are defined to project the evolution of inequality up to 2050. All
our scenarios run up to the halfway mark of the twenty-first century; this has us looking
out at a time span similar to the one that has passed since 1980—the starting date of
our analyses in the previous chapters. Our first scenario represents an evolution based
on "business as usual"—that is, the continuation of the within-country inequality
trends observed since 1980. The second and third are variants of the business-as-usual
scenario. The second scenario illustrates a high within-country inequality trend,
whereas the third scenario represents a low within-country inequality trend. All three
scenarios have the same between-country inequality evolutions. This means that a
given country has the same average income growth rate in all three scenarios. It also

has the same population growth rate in all three scenarios. For estimations of future
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total income and population growth we turned to the OECD 2060 long-term forecasts
(OECD, 2017)34. We also relied on the United Nations World Population Prospects

UNDESA (2017)%.

In the first scenario, all countries follow the inequality trajectory they have
followed since the early 1980s. For instance, we know that the bottom 50% income
earners in China captured 13% of total Chinese growth over the 1980-2016 period36.
We thus assume that bottom 50% Chinese earners will capture 13% of Chinese income
growth up to 2050. The second scenario assumes that all countries follow the same
inequality trajectory as the United States over the 1980-2016 period. Following the
above example, we know that bottom 50% US earners captured 3% of total growth
since 1980 in the United States. The second scenario then assumes that within all
countries, bottom 50% earners will capture 3% of growth over the 2017-2050 period.
In the third scenario, all countries follow the same inequality trajectory as the European
Union over the 1980-2016 period—where the bottom 50% captured 14% of total growth
since 1980.

Details on the methods followed to distribute national income within countries,
along with results for alternative specification to account for missing countries, are
described in Section 4 of “Building a global income distribution brick by brick:

Appendix B”.

3  Global income inequality between countries
(1950-2016)

3! Note that the rates we use are voluntarily more optimistic than the rates assumed by the OECD to compute their
total global income in 2050 for Africa, Latin America, and Asia. Assuming higher growth rates tends to reduce
global inequality. Ours should be seen as a conservative approach to the rise of global inequality in the coming
decades.

% Note that we use the medium variant of the UN prospects.

% These projections may be done at the level of regions rather than of countries, when there are not sufficiently
detailed data over the 1980-2016 period.
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i. National income is more meaningful than GDP to

compare income inequalities between countries

As discussed in the methodology section®” of this chapter, GDP is, by definition
a gross measure: it does not take into account expenses required to replace capital that
has been deteriorated or that has become obsolete during the course of production of
goods and services in an economy. Machines, computers, roads, and electric systems
have to be repaired or replaced every year. This is known as consumption of fixed
capital (CFC). Subtracting it from GDP yields the net domestic product, which is a

more accurate measure of true economic output than GDP.

Consumption of fixed capital actually varies over time and countries (Table 1).
Countries that have an important stock of machines in their overall stock of capital
tend to replace higher shares of overall capital. This is generally true for advanced and
automatized economies—in particular, for Japan, where consumption of fixed capital
is equal to 21% of its GDP (which reduces GDP by close to €8 000 per year and per
adult). Consumption of fixed capital is also high in the European Union and the United
States (16-17%). On the contrary, economies that possess relatively fewer machines
and a higher share of agricultural land in their capital stock tend to have lower CFC
values. CFC is equal to 11% of GDP in India, and 12% in Latin America. CFC
variations thus modify the levels of global inequality between countries. Such variations
tend to reduce global inequality, since the income dedicated to replacing obsolete
machines tends to be higher in rich countries than in low-income countries. In the
future, we plan to better account for the depreciation of natural capital in these

estimates.

Table 1 - Distribution of world national income and gross domestic product,

purchasing power parity, 2016

37 See also “Building a Global Distribution of Income Brick by Brick: Appendix A”, at the end of this manuscript.
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Table 2 - Distribution of world national income and gross domestic product,

market exchange rate, 2016

GDP figures have another important limitation when the need is to compare
income inequality between countries and over time. At the global level, net domestic
product is equal to net domestic income: by definition, the market value of global
production is equal to global income. At the national level, however, incomes generated
by the sale of goods and services in a given country do not necessarily remain in that
country. This is the case when factories are owned by foreign individuals, for instance.
Taking foreign incomes into account tends to increase global inequality between
countries rather than reduce it. Rich countries generally own more assets in other parts
of the world than poor countries do. Table 1 shows that net foreign income in North
America amounts to 0.9% of its GDP (which corresponds to an extra €610 ($670)
received by the average North American adult from the rest of the world.” Meanwhile,
Japan's net foreign income is equal to 3.5% of its GDP (corresponding to €1 460 per
year and per adult). Net foreign income within the European Union is slightly negative
when measured at PPP values (Table 1) and very slightly positive when measured at
market exchange rate values (Table 2). This figure in fact hides strong disparities
within the European Union. France and Germany have strongly positive net foreign
income (2 to 3% of their GDP), while Ireland and the United Kingdom have negative
net foreign incomes (this is largely due to the financial services and foreign companies
established there). On the other hand, Latin America annually pays 2.4% of its GDP
to the rest of the world. Interestingly, China has a negative net foreign income. It pays
close to 0.7% of its GDP to foreign countries, reflecting the fact that the return it
receives on its foreign portfolio is lower than the return received by foreign investments

in China.

3% Measured at market exchange rate. At purchasing power parity, the corresponding value is $790.
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By definition, at the global level, net foreign income should equal zero: what is
paid by some countries must be received by others. However, up to now, international
statistical institutions have been unable to report flows of net foreign incomes
consistently. At the global level, the sum of reported net foreign incomes has not been
zero (Zucman, 2013). This has been termed the “missing income” problem: a share of
total income vanishes from global economic statistics, implying non-zero net foreign

income at the global level.

This chapter relies on a novel methodology which takes income flows from tax
havens into account. Our methodology relies on estimations of offshore wealth
measured by Zucman (2013). It should be noted that, when measured at market
exchange rates, net foreign income flows should sum to zero (Table 2), but there is no
reason for this to happen when incomes are measured at purchasing power parity
(Table 1). Taking into account missing net foreign incomes does not radically change
global inequality figures but can make a large difference for particular countries. This
constitutes a more realistic representation of income inequality between countries than

figures generally discussed.

ii. Asian growth contributed to reduce inequality between

countries over the past decades

According to our reconstructed Net National Income estimations, at the global
level, per-adult monthly income in 2016 is €1 340 ($1 740) at purchasing power parity
(PPP) and €990 ($1 090) at market exchange rate (MER). As discussed, PPP and
MER are different ways to measure incomes and inequality across countries. Whereas
MER reflects market prices, PPP aims to take price differences between countries into

account.

National income is about three times higher in North America at PPP (€4 230
or $5 500 per adult per month) than the global average and it is two times higher in
the European Union at PPP than the global average (€2 620 or $3 410 per adult per
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month). Using MER values, gaps between rich countries and the global average are
reinforced: United States and Canada are five times richer than the world average
whereas the EU is close to three times richer .* In China, per-adult income is €1 170
or $1 520 at PPP—that is, slightly lower than world average (€1 340 or $1 740). China
as a whole represents 19% of today's global income. This figure is higher than North
America (17%) and the European Union (17%). Measured at MER, the Chinese average
is, however, equal to €700 or $770, notably lower than the world average (€980 or $1
080). The Chinese share of global income is reduced to 15% versus 27% for US-Canada
and 23% for the EU.

Table 3 - Distribution of world national income and gross domestic product,

purchasing power parity, 1980

This marks a sharp contrast with the situation in 1980. Thirty-eight years ago,
China represented only 3% of global income versus 20% for US-Canada and 28% for
the European Union (at purchasing power parity estimates: see Table 3). Indeed,
China’s impressive real per-adult national income growth rate over the period (831%
from 1980 to 2016, versus 106% from 1950 to 1980: see Table 4) highly contributed to
reducing between-country inequalities over the world. Another converging force lies in
the reduction of income growth rates in Western Europe, as compared to the previous
decades (180% per-adult growth between 1950 and 1980 versus 456% afterwards). This
deceleration in growth rates was due to the end of the "golden age" of growth in
Western Europe but also due to the Great Recession, which led to a decade of lost
growth in Europe. Indeed, per-adult income in Western Europe was in 2016 the same

as ten years before, before the onset of the financial crisis.

3 Our figures for the European Union include all countries on the European continent, apart from Russia and
Ukraine.
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Table 4 - Total national income growth rates, 1950-2016

Despite a reduction of inequality between countries, average national income
inequalities remain strong among countries. Developing and emerging countries did not
all grow at the same rate as China. India's average monthly per-adult income (€580 or
$750) is still only 0.4 times the world average measured at PPP, while sub-Saharan
Africa is only 0.3 times the world average (€430 or $560) today. Average North

Americans earn close to ten times more than average sub-Saharan Africans.

iii. Diverging forces were also at play in certain parts of the

world, such as sub-Saharan Africa and Latin America.

Huge inequalities persist among countries but, in some cases, they actually
worsened. Certain low- to middle-income regions are relatively worse off today than
four decades ago. Between 1980 and 2016, per-adult incomes in Africa grew more slowly
(18%) than the world’s average per-adult incomes (54%). This growth trend, marked
by a combination of political and economic crises and wars, is not limited to the poorest
region of the world. In South America, as well, incomes have grown by only 12% since
1980. As a result, these regions' average incomes fell relative to the world average, from
65% to only 40% of the world average in 1950, versus 140% to less than 100% in Latin

America (Figures la-b).

Figure la - Africa and Asia average incomes to global average, 1950-2016

Figure 1b - China and Latin America average incomes to global average, 1950—

2016
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4  Global income inequality between individuals
(1980-2016)

i. Income inequality between main world regions

We now present our basic findings regarding the evolution of income inequality

within the main world regions. Three main findings emerge.

First, we observe rising inequality in most of the world’s regions, but with very
different magnitudes. More specifically, we display in Figure 2a the evolution of the
top 10% income share in Europe (Western and Eastern Europe combined, excluding
Ukraine, Belorussia, and Russia), North America (defined as the United States and
Canada), China, India, and Russia. The top 10% share has increased in all five of these
large world regions since 1980. The top 10% share was around 30-35% in Europe, North
America, China, and India in 1980, and only about 20-25% in Russia. If we put these
1980 inequality levels into broader and longer perspective, we find that they were in
place since approximately the Second World War, and that these are relatively low
inequality levels by historical standards (Piketty, 2014). In effect, despite their many
differences, all these world regions went through a relatively egalitarian phase between
1950 and 1980. For simplicity, and for the time being, this relatively low inequality
regime can be described as the “post-war egalitarian regime,” with obvious important
variations between social-democratic, New Deal, socialist, and communist variants to

which we will return.

Figure 2a - Top 10% income shares across the world, 1980-2016: Rising

inequality almost everywhere, but at different speed

Top 10% income shares then increased in all these regions between 1980 and 2016,

but with large variations in magnitude. In Europe, the rise was moderate, with the top
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10% share increasing to about 35-40% by 2016. However, in North America, China,
India, and even more so in Russia (where the change in policy regime was particularly
dramatic), the rise was much more pronounced. In all these regions, the top 10% share
rose to about 45-50% of total income in 2016. The fact that the magnitude of rising
inequality differs substantially across regions suggests that policies and institutions
matter: rising inequality cannot be viewed as a mechanical, deterministic consequence

of globalization.

Next, there are exceptions to this general pattern. That is, there are regions—in
particular, the Middle East, Brazil (and to some extent Latin America as a whole), and
South Africa (and to some extent sub-Saharan Africa as a whole)—where income
inequality has remained relatively stable at extremely high levels in recent decades.
Unfortunately, data availability is more limited for these three regions, which explains
why the series start in 1990, and why we are not able to properly cover all countries in

these regions (see Figure 2b).

Figure 2b - Top 10% income shares across the world, 1980-2016: Is world

inequality moving toward the high-inequality frontier?

In spite of their many differences, the striking commonality in these three regions
is the extreme and persistent level of inequality. The top 10% receives about 55% of
total income in Brazil and sub-Saharan Africa, and in the Middle East, the top 10%
income share is typically over 60% (see Figure 2c). In effect, for various historical
reasons, these three regions never went through the post-war egalitarian regime and

have always been at the world’s high-inequality frontier.

The third striking finding is that the variations in top-income shares over time
and across countries are very large in magnitude, and have a major impact on the
income shares and levels of the bottom 50% of the population. It is worth keeping in

mind the following orders of magnitude: top 10% income shares vary from 20-25% to
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60-65% of total income (see Figures 2a and 2b). If we focus upon very top incomes, we
find that top 1% income shares vary from about 5% to 30% (see Figure 2d), just like

the share of income going to the bottom 50% of the population (see Figure 2e).

Figure 2¢ - Top 1% income shares across the world, 2016

Figure 2d - Top 1% income shares across the world, 2016

Figure 2e - Bottom 50% income shares across the world, 1980-2016

In other words, the same aggregate income level can give rise to widely different
income levels for the bottom and top groups depending on the distribution of income
prevailing in the specific country and time period under consideration. In brief, the

distribution matters quite a bit.

What have been the growth trajectories of different income groups in these regions
since 19807 Table 5 presents income growth rates in China, Europe, India, Russia, and
North America for key groups of the distribution. The full population grew at very
different rates in the five regions. Real per-adult, national income growth reached an
impressive 831% in China and 223% in India. In Europe, Russia, and North America,
income growth was lower than 100% (40%, 34%, and 74%, respectively). Behind these
heterogeneous average growth trajectories, the different regions all share a common,

striking characteristic.

Table 5 - Global income growth and inequality, 1980-2016

In all these countries, income growth is systematically higher for upper income
groups. In China, the bottom 50% earners grew at less than 420% while the top 0.001%
grew at more than 3 750%. The gap between the bottom 50% and the top 0.001% is
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even more important in India (less than 110% versus more than 3 000%). In Russia,
the top of the distribution had extreme growth rates; this reflects the shift from a
regime in which top incomes were constrained by the communist system towards a
market economy with few regulations constraining top incomes. In this global picture,
in line with Figure 1, Europe stands as the region with the lowest growth gap between
the bottom 50% and the full population, and with the lowest growth gap between the
bottom 50% and top 0.001%.

The right-hand column of Table 5 presents income growth rates of different
groups at the level of the entire world. These growth rates are obtained once all the
individuals of the different regions are pooled together to reconstruct global income
groups. Incomes across countries are compared using purchasing power parity (PPP)
so that a given income can in principle buy the same bundle of goods and services in
all countries. Average global growth is relatively low (60%) compared to emerging
countries' growth rates. Interestingly enough, at the world level, growth rates do not
rise monotonically with income groups' positions in the distribution. Instead, we
observe high growth at the bottom 50% (94%), low growth in the middle 40% (43%),
and high growth at the top 1% (more than 100%)—and especially at the top 0.001%
(close to 235%).

To better understand the significance of these unequal rates of growth, it is useful
to focus on the share of total growth captured by each group over the entire period.
Table 6 presents the share of growth per adult captured by each group. Focusing on
both metrics is important because the top 1% global income group could have enjoyed
a substantial growth rate of more than 100% over the past four decades (meaningful
at the individual level), but still represent only a little share of total growth. The top
1% captured 35% of total growth in the US-Canada, and an astonishing 69% in Russia.

Table 6 - Share of growth captured by income groups, 1980-2016
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At the global level, the top 1% captured 27% of total growth—that is, twice as
much as the share of growth captured by the bottom 50%. The top 0.1% captured
about as much growth as the bottom half of the world population. Therefore, the
income growth captured by very top global earners since 1980 was very large, even if

demographically they are a very small group.

ii. The elephant curve of global inequality and growth

A powerful way to visualize the evolution of global income inequality dynamics
is to plot the total growth rate of each income groups. This provides a more precise
representation of growth dynamics than Table 5. To properly understand the role
played by each region in global inequality dynamics, we follow a step-by-step approach
to construct this global growth curve by adding one region after another and discussing

each step of the exercise.

We start with the distribution of growth in a region regrouping Europe and North
America (Figure 3a). These two regions have a total of 880 million individuals in 2016
(520 million in Europe and 360 million in North America) and represent most of the
population of high-income countries. In Euro-America, cumulative per-adult income
growth over the 1980-2016 period was +28%, which is relatively low as compared to
the global average (+66%). While the bottom 10% income group saw their income
decrease over the period, all individuals between percentile 20 and percentile 80 had a
growth rate close to the average growth rate. At the very top of the distribution,
incomes grew very rapidly; individuals in the top 1% group saw their incomes rise by
more than 100% over the time period and those in the top 0.01% and above grew at
more than 200%.

How did this translate into shares of growth captured by different groups? The
top 1% of earners captured 28% of total growth—that is, as much growth as the bottom
81% of the population. The bottom 50% earners captured 9% of growth, which is less
than the top 0.1%, which captured 14% of total growth over the 1980-2016 period.
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These values, however, hide large differences in the inequality trajectories followed by
Europe and North America). In the former, the top 1% captured as much growth as
the bottom 51% of the population, whereas in the latter, the top 1% captured as much

growth as the bottom 88% of the population.

Figure 3a - Total income growth by percentile in US-Canada and Western
Europe, 1980-2016

The next step is to add the population of India and China to the distribution of
Euro-America. The global region now considered represents 3.5 billion individuals in
total (including 1.4 billion individuals from China and 1.3 billion from India). Adding

India and China remarkably modifies the shape of the global growth curve (Figure 3b).

The first half of the distribution is now marked by a "rising tide" as total income
growth rates increase substantially from the bottom of the distribution to the middle.
The bottom half of the population records growth rates which go as high as 260%,
largely above the global average income growth of 146%. This is due to the fact that
Chinese and Indians, who make up the bulk of the bottom half of this global
distribution, enjoyed much higher growth rates than their European and North
American counterparts. In addition, growth was also very unequally distributed in

India and China.

Between percentiles 70 and 99 (individuals above the poorest 70% of the
population but below the richest 1%), income growth was substantially lower than the
global average, reaching only 40-50%. This corresponds to the lower- and middle-
income groups in rich countries which grew at a very low rates. The extreme case of
these is the bottom half of the population in the United States, which grew at only 3%

over the period considered.

Earlier versions of this graph have been termed "the elephant curve," as the shape

of the curve resembles the silhouette of the animal. These new findings confirm the
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orders of magnitude of global inequality found in earlier results (Lakner and Milanovic,
2016; Anand and Segal, 2014). They also amplify the share of income growth captured
at the top of the global income distribution—a figure which couldn't be properly

measured before.

Figure 3b - Total income growth by percentile in China, India, US-Canada,
and Western Europe, 1980-2016

At the top of the global distribution, incomes grew extremely rapidly—around
200% for the top 0.01% and above 360% for the top 0.001%. Not only were these growth
rates important from the perspective of individuals, they also matter a lot in terms of
global growth. The top 1% captured 23% of total growth over the period—that is, as
much as the bottom 61% of the population. Such figures help make sense of the very
high growth rates enjoyed by Indians and Chinese sitting at the bottom of the
distribution. Whereas growth rates were substantial among the global bottom 50%,
this group captured only 14% of total growth, just slightly more than the global top
0.1%—which captured 12% of total growth. Such a small share of total growth captured
by the bottom half of the population is partly due to the fact that when individuals
are very poor, their incomes can double or triple but still remain relatively small-—so
that the total increase in their incomes does not necessarily add up at the global level.
But this is not the only explanation. Incomes at the very top must also be
extraordinarily high to dwarf the growth captured by the bottom half of the world

population.

The next step of the exercise consists of adding the populations and incomes of
Russia (140 million), Brazil (210 million), and the Middle East (410 million) to the
analysis. These additional groups bring the total population now considered to more
than 4.3 billion individuals—that is, close to 60% of the world total population and
two thirds of the world adult population. The global growth curve generated (not

presented here) is similar to the previous one except that the "body of the elephant"
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is now shorter. This can be explained by the fact that Russia, the Middle East, and
Brazil are three regions which recorded low growth rates over the period considered.
Adding the population of the three regions also slightly shifts the "body of the
elephant" to the left, since a large share of the population of the countries incorporated
in the analysis is neither very poor nor very rich from a global point of view and thus
falls in the middle of the distribution. In this synthetic global region, the top 1% earners
captured 26% of total growth over the 19802016 period—that is, as much as the
bottom 65% of the population. The bottom 50% captured 15% of total growth, more
than the top 0.1%, which captured 12% of growth.

The final step consists of including all remaining global regions—namely, Africa
(close to 1 billion individuals), the rest of Asia (another billion individuals), and the
rest of Latin America (close to half a billion). In order to reconstruct income inequality
dynamics in these regions, we take into account between-country inequality, for which
information is available, and assume that within countries, growth is distributed in the
same way as neighboring countries for which we have specific information. This allows
us to distribute the totality of global income growth over the period considered to the

global population.

When all countries are taken into account, the shape of the curve is again
transformed (Figure 4). Now, average global income growth rates are further reduced
because Africa and Latin America had relatively low growth over the period considered.
This contributes to increasing global inequality as compared to the two cases presented
above. The findings are the same as those presented in the right-hand column of Table
1.1.2: the top 1% income earners captured 27% of total growth over the 1980-2016
period, as much as the bottom 70% of the population. The top 0.1% captured 13% of

total growth, about as much as the bottom 50%.

Figure 4 - Total income growth by percentile across all world regions, 1980-2016
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iii. The geography of global income inequality was

transformed over the past decades

What is the share of African, Asians, Americans, and Europeans in each global
income groups and how has this evolved over time? Figures 2.1.5 and 2.1.6 answer
these questions by showing the geographical composition of each income group in 1990
and in 2016. Between 1980 and 1990, the geographic repartition of global incomes
evolved only slightly, and our data allow for more precise geographic repartition in
1990, so it is preferable to focus on this year. In a similar way to how Figures 2.1.2
through 2.1.4 decomposed the data, Figures 2.1.5 and 2.1.6 decompose the top 1% into
28 groups (see Box 2.1.1). To be clear, all groups above percentile 99 are the

decomposition of the richest 1% of the global population.

In 1990, Asians were almost not represented within top global income groups.
Indeed, the bulk of the population of India and China are found in the bottom half of
the income distribution. At the other end of the global income ladder, US-Canada is
the largest contributor to global top-income earners. Europe is largely represented in
the upper half of the global distribution, but less so among the very top groups. The
Middle East and Latin American elites are disproportionately represented among the
very top global groups, as they both make up about 20% each of the population of the
top 0.001% earners. It should be noted that this overrepresentation only holds within
the top 1% global earners: in the next richest 1% group (percentile group p98p99), their
share falls to 9% and 4%, respectively. This indeed reflects the extreme level of
inequality of these regions, as discussed in chapters 2.10 and 2.11. Interestingly, Russia
is concentrated between percentile 70 and percentile 90, and Russians did not make it
into the very top groups. In 1990, the Soviet system compressed income distribution in

Russia.

Figure 5 - Geographic breakdown of global income groups, 1990

Figure 6 - Geographic breakdown of global income groups, 2016
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In 2016, the situation is notably different. The most striking evolution is perhaps
the spread of Chinese income earners, which are now located throughout the entire
global distribution. India remains largely represented at the bottom with only very few

Indians among the top global earners.

The position of Russian earners was also stretched throughout from the poorest
to the richest income groups. This illustrates the impact of the end of communism on
the spread of Russian incomes. Africans, who were present throughout the first half of
the distribution, are now even more concentrated in the bottom quarter, due to
relatively low growth as compared to Asian countries. At the top of the distribution,
while the shares of both North America and Europe decreased (leaving room for their
Asian counterparts), the share of Europeans was reduced much more. This is because
most large European countries followed a more equitable growth trajectory over the
past decades than the United States and other countries, as will be discussed in chapter

2.3.

iv. The moderate decline of global inequality since 2000 vs.

the rise of within-country inequality

How did global inequality evolve between 1980 and 20167 Figure 7 answers this
question by presenting the share of world income held by the global top 1% and the
global bottom 50%, measured at purchasing power parity. The global top 1% income
share rose from about 16% of global income in 1980 to more than 22% in 2007 at the
eve of the global financial crisis. It was then slightly reduced to 20.4% in 2016, but this
slight decrease hardly brought back the level of global inequality to its 1980 level. The
income share of bottom half of the world population oscillated around 9% with a very

slight increase between 1985 and 2016.

The first insight of this graph is the extreme level of global inequality sustained

throughout the entire period with a top 1% income group capturing two times the total
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income captured by the bottom 50% of the population—implying a factor 100 difference
in average per-adult income levels. Second, it is apparent that high growth in emerging
countries since 2000, in particular in China, or the global financial crisis of 2008 was

not sufficient to stop the rise in global income inequality.

Figure 7 - Global top 1% and bottom 50% income shares, 19802016

When global inequality is decomposed into a between- and within-country
inequality component, it is apparent that within-country inequality continued to rise
since 2000 whereas between-country inequality rose up to 2000 and decreased
afterwards. Figure 8 presents the evolution of the global 10% income share, which
reached close to 50% of global income in 1980, rose to 55% in 2000-2007, and decreased
to slightly more than 52% in 2016. Two alternative scenarios for the evolution of the
global top 10% share are presented. The first one assumes that all countries had exactly
the same average income (that is, that there was no between-country inequality), but
that income was as unequal within these countries as was actually observed. In this
case, the top 10% share would have risen from 35% in 1980 to nearly 50% today. In
the second scenario, it is assumed that between-country inequality evolved as observed
but it is also assumed that everybody within countries had exactly the same income
level (no within-country inequality). In this case, the global top 10% income share
would have risen from nearly 30% in 1980 to more than 35% in 2000 before decreasing

back to 30%.

Figure 8 - Global top 10% income share, 1980—2016: between versus within-

country inequality
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v. Market exchange rate vs Purchasing Power Parity

measures of global inequality

Prices can be converted from one currency to another using either market
exchange rates or purchasing power parities (as we did above). Market exchanges rates
are the prices at which people are willing to buy and sell currencies, so at first glance
they should reflect people’s relative purchasing power. This makes them a natural
conversion factor between currencies. The problem is that market exchange rates reflect
only the relative purchasing power of money in terms of tradable goods. But non-
tradable goods (typically services) are in fact cheaper relative to tradable ones in
emerging economies (given the so-called Balassa-Samuelson effect). Therefore, market
exchange rates will underestimate the standard of living in the poorer countries. In
addition, market exchange rates can vary for all sorts of other reasons—sometimes
purely financial and/or political—in a fairly chaotic manner. Purchasing power parity
is an alternative conversion factor that addresses these problems (based on observed
prices in the various countries). The level of global income inequality is therefore
substantially higher when measured using market exchange rates than it is with
purchasing power parity. It increases the global top 1% share in 2016 from 20% to 24%
and reduces the bottom 50% share from nearly 10% to 6% (Figure 9).

Figure 9 - Global top 1% and bottom 50% income shares, 1980-2016 : PPP

versus market exchange rates

Purchasing power parity definitely gives a more accurate picture of global
inequality from the point of view of individuals who do not travel across the world and
who essentially spend their incomes in their own countries. Market exchange rates are
perhaps better to inform about inequality in a world where individuals can easily spend
their incomes where they want, which is the case for top global earners and tourists,

and increasingly the case for anyone connected to the internet. It is also the case for
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migrant workers wishing to send remittances back to their home countries. Both
purchasing power parity and market exchange rates are valid measures to track global
income inequality, depending on the object of study or which countries are compared

to one another.

5 Projecting the future of global income
inequality

The past four decades have been marked by steeply rising income inequality
within countries. At the global level, inequality has also risen sharply since 1980, but
the situation more or less stabilized beginning in the early 2000s. What will happen in
the future? Will growth in emerging countries lead to a sustained reduction in global
income inequality? Or will unequal growth within countries drive global income
inequality back to its 2000 levels? We now discuss different possible global income

inequality scenarios between now and 2050.

Fortunately, more data are available to measure income inequality, and in this
chapter we present more elaborate projections of global income inequality. Before
discussing the results, it is necessary to stress what can and cannot be reliably
projected. As the saying goes, "all models are wrong; some are useful." Our projections
are attempts to represent possible states of global inequality in the future, so as to
better understand the role played by key determinants. The purpose of our projections
is not to predict the future. The number of forces (or variables) that we consider in our
analysis is limited. This makes our projections straightforward and simple to

understand, but also limits their ability to predict the future.
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i. Under business as usual, global inequality will continue

to rise, despite strong growth in low-income countries.

Figure 10 shows the evolution of the income shares of the global top 1% and the
global bottom 50% for the three scenarios. Under the business-as-usual scenario
(scenario 1), the income share held by the bottom 50% of the population slightly
decreases from approximately 10% today to less than 9% in 2050. At the top of the
global income distribution, the top 1% income share rises from less than 21% today to
more than 24% of world income. Global inequality thus rises steeply in this scenario,
despite strong growth in emerging countries. In Africa, for instance, we assume that
average per-adult income grows at sustained 3% per year throughout the entire period

(leading to a total growth of 173% between 2017 and 2050).

These projections show that the progressive catching-up of low-income countries
is not sufficient to counter the continuation of worsening of within-country inequality.
The results also suggest that the reduction (or stabilization) of global income inequality
observed since the financial crisis of 2008, discussed in Chapter 2, could largely be a
short-run phenomenon induced by the shocks on top incomes, and the growth slowdown

in rich countries (particularly in Europe).

Figure 10 -Top 1% versus bottom 50% shares of global income, 1980—2050

In scenario two, future global income inequalities are amplified as compared to
scenario one, as the gap between the global top 1% share and the global bottom 50%
share in 2050 widens. In this scenario, the global top 1% would earn close to 28% of
global income by 2050, while the bottom 50% would earn close to 6%, less than in 1980,
before emerging countries started to catch up with the industrialized world. In this
scenario, the increase in the top 1% income share (a positive change of eight percentage
points over the 2016-2050 period) is largely, but not entirely, made at the expense of

the bottom 50% (a negative change of four percentage points).
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Scenario three presents a more equitable global future. It shows that global
inequality can be reduced if all countries align on the EU inequality trajectory—or
more equitable ones. In this scenario, the bottom 50% income share rises from 10% to
approximately 13% in 2050, whereas the top 1% decreases from 21% to 19% of total
income. The gap between the shares held by the two groups would, however, remain
large (at about six percentage points). This suggests that, although following the
European pathway in the future is a much better option than the business-as-usual or
the US pathway, even more equitable growth trajectories will be needed for the global
bottom 50% share to catch up with the top 1%. Achieving a world in which the top
1% and bottom 50% groups capture the same share of global income would mean
getting to a point where the top 1% individuals earn on average fifty times more than
those in the bottom half. Whatever the scenarios followed, global inequalities will

remain substantial.

ii. Within country inequality trends are critical for global

poverty eradication

What do these different scenarios mean in terms of actual income levels, and
particularly for bottom groups? It is informative to focus on the dynamics of income
shares held by different groups, and how they converge or diverge over time. But
ultimately, it can be argued that what matters for individuals—and in particular those
at the bottom of the social ladder—is their absolute income level. We stress again here
that our projections do not pretend to predict how the future will be, but rather aim

to inform on how it could be, under a set of simple assumptions.

Figure 12 depicts the evolution of average global income levels and the average
income of the bottom half of the global population in the three scenarios described
above. The evolution of global average income does not depend on the three scenarios.
This is straightforward to understand: in each of the scenarios, countries (and hence

the world as a whole) experience the same total income and demographic growth. It is
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only the matter of how this growth is distributed within countries that changes across
scenarios. Let us reiterate that our assumptions are quite optimistic for low-income
countries, so it is indeed possible that global average income would actually be slightly
lower in the future than in the figures presented. In particular, the global bottom 50%

average income would be even lower.

In 2016, the average per-adult annual income of the poorest half of the world
population was €3 100, in contrast to the €16 000 global average—a ratio of 5.2
between the overall average and the bottom-half average. In 2050, global average
income will be €35 500 according to our projections. In the business-as-usual scenario,
the gap between average income and the bottom would widen (from a ratio of 5.2 to a
ratio of 5.6) as the bottom half would have an income of €6 300. In the US scenario,
the bottom half of the world population earn €4 500 per year and per adult—rising
the global average income to bottom 50% income ratio of 7.9. Average income of the
global bottom half will be €9 100 in the EU scenario, reducing the bottom 50% to

average income ratio to 3.9.

The gap between global average income and the average income of the bottom
half of the population is particularly high in all scenarios. However, the difference in
average income of the bottom 50% between the EU scenario and the US scenario is
important, as well. Average income of the global bottom 50% would be more than twice
higher in the EU scenario than in the US scenario at €9 100 versus €4 500. This
suggests that  within-country inequality trajectories matter—and matter
substantially—for poverty eradication. In other words, pursuing high-growth strategies
in emerging countries is not merely sufficient to lift the global bottom half out of

poverty. Reducing inequality within countries is also key.

Figure 12 - Global average income versus global 50% average, 1980—-2050

Figure 1 - Global bottom 50% average income, 1980-2050
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The scenarios point toward another crucial insight: global inequality is not bound
to rise in the future. Our analysis of the different income inequality trajectories followed
by countries showed that, if anything, more equitable growth does not mean dampened
growth. This result is apparent when time periods are compared (the United States
experienced higher growth in the 1950s-1960s when inequality was at its lowest) or
when countries are compared with one another (over the past decades, China grew
much faster than India, with a lower level of inequality, and the EU had a more
equitable path than the United States but a relatively similar growth rate). This
suggests that it is possible to pursue equitable development pathways in a way that

does not also limit total growth in the future.

6 Conclusion

Despite the limited available data on global inequality, we have attempted to
estimate the main features of global inequality dynamics in the last 40 years by making
assumptions about inequality trajectories within broad geographical areas, and on the
basis of Distributional National Accounts already covering a large share of global
income. Interestingly, and partly because existing inequality data from WID.world
already covers about three quarters of world income and two thirds of world population,
our results are relatively robust to alternative specifications for missing countries.

We find that the global top 1% captured 27% of total income growth between
1980 and 2016, against 12% for the bottom 50%. We also show that global inequality
is likely to further rise in the future, even under optimistic growth assumption in
emerging countries, if countries follow their own inequality trend. These results suggest
a necessary discussion over the types of policies implemented by governments to trigger

and redistribute income growth.

We have proceeded in a transparent manner, providing detailed codes and sources

on WID.world, so as to contribute to increase the level of transparency of existing
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global inequality statistics. As more reliable estimates will become available for a
growing number of "missing" countries, especially in South-East Asia, Africa, Eastern
Europe and Latin America, we will be able to get a more precise picture of global
inequality. In the future, we also hope to gradually improve our projections of global
inequality by testing more scenarios and formulating plausible assumptions about

growth dynamics in the long run.
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Table 1 — The distribution of world national income and gross domestic product, 1980:

Purchasing Power Parity

Population (million) Equiva-
GDP National Per adult lent per
(trillion  CFC NFI Income National adult
2016 | (Bof = (%of Income monthly

(trillion 2016 €

Total Adult € GDP) GDP) e (2016 € | income

PPP) PPP) (2016 €
PPP)
World 7372 100% 4867 100% | 92 @ 14% -05% 78 | 100% | 16100 = 1340
Europe 747 10% 593 12% | 19 | 15% -0.6% 16 = 20% | 27100 @ 2260

incl. European

Union 523 7% 417 9% 16 17%  -0.2% 13 17% | 31400 2620

'”ﬂkﬁ:;se'a/ 223 3% 176 4% | 3 9% -25% 3 4% | 16800 1400

America 962 | 13% @ 661  14% 23 15%  -0.2% 19 25% | 29500 2460

St'a“tcels L/Jcr‘:nead 4| 30 5% 263 5% 16 16%  09% 13 | 17% | 50700 @ 4230
'X%eLraiz'a“ 602 8% 398 8% 7 12%  -25% 6 8% | 15400 1280
Africa 1214 16% 592 12% | 4 @ 10% -21% 4 5% | 6600 550
Nort'gifrica 240 3% 140 3% 2 9% | -17% 2 2% | 11400 950
incl. Sub-

) 974 13% 452 9% 3 11%  -2.3% 2 3% 5100 430
Saharan Africa

Asia 4410 | 60% 2994 62% 44 14% -04% 38 49% | 12700 1060
incl. China 1382 19% 1067 22% 18 14%  -0.7% 15 19% | 14000 1170
incl. India 1327 18% 826  17% 7 11%  -1.2% 6 7% 7000 580
incl. Japan 126 2% 105 2% 4 21%  3.5% 3 4% 31000 2580

incl. Other 1575 21% 995  20% 16 13%  -0.7% 14 18% | 14200 1180

Oceania 39 1% 27 1% 1 16% | -15% 1 1% | 31700 2640
'”C'a'nAdUSNt;a"a 29 04% 21 04% | 1 16% | -1.5% 1 1% | 38200 3180

incl. Other 10 0.1% 5 0.1% | 0.03 7%  -2.4% 0.03 0% 5600 470

Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 2016, Europe represented 20% of world income measured using Purchasing Power Parity. Europe also represented 12% of the world’s adult population and
10% of the world’s total population. GDP: Gross Domestic Product. CFC: Consumption of Fixed Capital. NFI: Net Foreign Income. PPP: Purchasing Power
Parity. All values have been converted into 2016 Purchasing Power Parity (PPP) euros at arate of €1 = $1.3 = ¥4.4. PPP accounts for differences in the cost of
living between countries. Values are net of inflation. Numbers may not add up due to rounding.
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Table 2 — The distribution of world national income and gross domestic product, 2016:

Market Exchange Rates

Population (million) Equiva-
GDP National Per adult lent per
(trillion  CFC NFI Income National adult
2016 (Bof = (%of (trillion 2016 € Income  monthly
Total Adult € GDP)  GDP) MER) (2016 €  income
MER) MER) | (2016 €
MER)
World 7372 100% 4867 100% | 68  15% @ 0% 58  100% | 11800 980
Europe 747 10% 593  12% | 17  16%  -02% 14  24% | 23800 1980
'“C"Sﬁg’ﬁea“ 523 7% 417 9% 16 | 17% 004% 13 | 23% | 31100 2590
ncl.Russia/ | oos 390 174 4% 1 9% | -25% 1 2% | 6500 540
Ukraine
America 962 | 13% 661 14% | 23 15% 02% 19  34% | 29400 2450
incl.United 1500 5% 263 5% | 18 | 16%  09% 16 | 27% | 59500 4960
States/Canada
incl. Latin 602 8% 398 8% 4 12%  -24% 4 7% | 9600 800
America
Africa 1214 16% 592  12% | 2 10%  -20% 2 3% | 2900 240
nel. 240 3% 140 3% 1 9% | -15% 1 1% | 4300 360
North Africa
ncl.sub- 974 | 13% 452 9% 1 11%  22% 1 2% | 2500 210
Saharan Africa
Asia 4410 60% 2994 62% | 25 @ 15% 01% 21  37% | 7100 590
incl.China | 1382 19% 1067 22% | 10 @ 14% -07% 9 15% | 8300 690
incl.India | 1327 18% 826 17% | 2 11%  -12% 2 3% | 2200 180
incl. Japan 126 2% 105 2% 4 | 23%  35% 4 6% | 34400 2870
incl.Other | 1575 21% 995 20% | 8 14%  -05% 7 12% | 7000 580
Oceania 39 1% 27 1% 1 18%  -1.9% 1 2% | 38800 3230
'”C'é nA dUSNt;a"a 29 04% 21 04% | 1 18%  -1.9% 1 2% | 47500 3960
incl. Other 10 04% 5 04% | 003 7%  -24% 002 0% | 4300 360

Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 2016, Europe represented 24% of world income measured using Market Exchange Rates. Europe also represented 12% of the world’s adult population and
10% of the world’s total population. GDP: Gross Domestic Product. CFC: Consumption of Fixed Capital. NFI: Net Foreign Income. MER: Market Exchange Rate.
All values have been converted into 2016 Market Exchange Rate euros at arate of €1 = $1.1 = ¥7.3. Figures take into account inflation. Numbers may not add up

due to rounding.
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Table 3 — The distribution of world national income and gross domestic product, 1980:

Purchasing Power Parity

Population (million) Equiva-
. Per adult lent per
(tGriIHDioPn CFC  NFI "I'::':r::' National  adult
eppp  (Bof L (Bof 1 in 2016¢ | Income  monthly
Total Adult 2016) GDP) = GDP) v (2016 €  income
PPP) | (2016 €
PPP)
World 4389 100% 2400 100% | 28  13%  -02% 25 100% | 10500 880
Europe 673 15% 470  20% | 11 14% -01% 9  37% | 20000 1670
'”C"Eﬁg’rﬂ’ea” 469  11% 328  14% | 8 14% -02% 7 | 28% | 21600 1800
'”fj"ka;fnse'a/ 204 5% 142 6% 3 17%  00% 2 9% | 16200 1350
America 598 14% 343  14% | 9 14% -04% 7  30% | 21700 1810
St'a”tce's ycr‘a‘fadda 252 6% 172 7% 6 15% | 0.9% 5 20% | 29600 @ 2470
'Xcm“eLfii‘a” 346 8% 172 7% 3 11%  -30% 2 9% | 13800 1150
Africa 477 11% 215 9% | 13 10% -19% 1 5% | 5500 460
Nort'QCA"frica 111 3% 51 2% | 05  10% -21% 05 2% | 9200 770
incl. Sub- o o 0 9 o,
o Tacia| 365 8% 163 7% | 08 10% -18% 1 3% | 4332 360
Asia 2619 60% 1359 57% | 71 12% 02% 7  27% | 5000 420
incl.China | 987  22% 532  22% | 09 @ 11% 00% 1 3% | 1500 130
incl. India 697  16% 351 15% | 08 = 7%  06% 1 3% | 2200 180
incl. Japan 117 3% 81 3% | 19  17% 00% 2 6% | 19900 1660
incl.Other | 817  19% 394  16% | 34 = 10% 04% 4  15% | 9300 780
Oceania 22 1% 14 1% | 04  15% -16% 03 1% | 21300 1780
'”C'é nA dUSNt;a"a 18 04% 12 05% | 03  16% -15% 03 1% | 24200 2020
incl. Other 5 04% 2 01% | 00 7% -42% 00 = 0% | 4400 370

Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 1980, Europe represented 37% of world income measured using Purchasing Power Parity. Europe also represented 20% of the world’s adult population and
15% of the world's total population. GDP: Gross Domestic Product. CFC: Consumption of Fixed Capital. NFI: Net Foreign Income. PPP: Purchasing Power
Parity. All values have been converted into 2016 Purchasing Power Parity (PPP) euros at arate of €1 = $1.3 = ¥4.4. PPP accounts for differences in the cost of

living between countries. Values are net of inflation. Numbers may not add up due to rounding.
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Table 4 — The distribution of world national income and gross domestic product, 1980:

Market Exchange Rates

National Income National Income per capita National Income per adult

1950-1980  1980-2016 | 1950-1980  1980-2016 | 1950-1980 1980-2016

World 282% 226% 116% 85% 122% 54%
Europe 256% 79% 181% 54% 165% 36%
'”C"Sﬁir;?ea” 259% 94% 192% 66% 180% 45%
'“S‘kf;fe'a/ 249% 31% 156% 18% 129% 4%
America 227% 163% 78% 62% 80% 36%
St';”fe's ycr‘:nead 0 187% 164% 89% 84% 82% 71%
';Cr#efz': 365% 161% 116% 49% 117% 12%
Africa 258% 233% 72% 30% 85% 20%
Nort'ECA"frica 394% 235% 130% 58% 148% 24%
Saklgrc"‘a r?UAE;ica 203% 232% 46% 22% 58% 18%
Asia 446% 527% 188% 230% 198% 152%
incl. China 273% 1864% 106% 1237% 114% 831%
incl. India 199% 711% 61% 299% 67% 223%
incl. Japan 740% 103% 504% 86% 372% 56%
incl. Other 518% 376% 187% 99% 203% 52%
Oceania 208% 194% 38% 69% 50% 49%
incl. Australia o o o o o o
D 199% 193% 69% 81% 71% 58%

Source: WID.world (2017). See wir2018.wid.world for data series and notes.

Between 1950 and 1980, Africa’s income grew by 258%, whereas income per adult grew by only 85% during the same period. Income estimates account for
differences in the cost of living between countries. Values are net of inflation.
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Table 5 - Global income growth and inequality, 1980-2016

Total cumulative real growth per adult
Income group China Europe India Russia US-Canada World
Full Population 831% 40% 223% 34% 63% 60%
Bottom 50% 417% 26% 107% -26% 5% 94%
Middle 40% 785% 34% 112% 5% 44% 43%
Top 10% 1316% 58% 469% 190% 123% 70%
Top 1% 1920% 72% 857% 686% 206% 101%
Top 0.1% 2421% 76% 1295% 2562% 320% 133%
Top 0.01% 3112% 87% 2078% 8239% 452% 185%
Top 0.001% 3752% 120% 3083% 25269% 629% 235%

Source: WID.world (2017). See wir2018.wid.world for data series and notes.

From 1980 to 2016, the average income of the Bottom 50% in China grew 417%. Income estimates are calculated using 2016 Purchasing Power Parity (PPP)
euros. PPP accounts for differences in the cost of living between countries. Values are net of inflation.
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Table 6 - Share of growth captured by income groups, 1980-2016

Income group China Europe India Russia US-Canada World
Full Population 100% 100% 100% 100% 100% 100%
Bottom 50% 13% 14% 11% -24% 2% 12%
Middle 40% 43% 38% 23% 7% 32% 31%
Top 10% 43% 48% 66% 117% 67% 57%
Top 1% 15% 18% 28% 69% 35% 27%
Top 0.1% 7% 7% 12% 41% 18% 13%
Top 0.01% 4% 3% 5% 20% 9% 7%
Top 0.001% 2% 1% 3% 10% 4% 4%

Source: WID.world (2017). See wir2018.wid.world for data series and notes.
From 1980 to 2016, the Middle 40% in Europe captured 38% of total income growth in the region. Income estimates are calculated using 2016 Purchasing
Power Parity (PPP) euros. PPP accounts for differences in the cost of living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 1a - Africa and Asia average incomes to global average, 1950-2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 1950, average real income per adult in Africa was 63% of the world average income. This figured decreased to 41% in 2016. Income estimates account for
differences in the cost of living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 1b - China and Latin America average incomes to global average, 1950—-2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 1950, average real income per adult in Latin America was 141% of the world average income. This figure decreased to 92% in 2016. Income estimates account for
differences in the cost of living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 2a - Top 10% income shares across the world, 1980-2016: Rising inequality almost

everywhere, but at different speed
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.
In 2016, 47% of national income was received by the top 10% in US-Canada, compared to 34% in 1980.
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Building a global distribution of income brick by brick

Figure 2b - Top 10% income shares across the world, 1980-2016: Is world inequality moving

toward the high-inequality frontier?
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.
In 2016, 55% of national income was received by the Top 10% in India, against 31% in 1980.
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Building a global distribution of income brick by brick

Figure 2c - Top 1% income shares across the world, 2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.
In 2016, 37% of national income was received by the Top 10% in Europe against 61% in the Middle-East.
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Figure 2d - Top 1% income shares across the world, 2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.
In 2016, 14% of national income was received by the Top 1% in China.
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Building a global distribution of income brick by brick

Figure 2e - Bottom 50% income shares across the world, 19802016
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In 2016, 12% of national income was received by the Bottom 50% in Sub-Saharan Africa.
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Building a global distribution of income brick by brick

Figure 3a - Total income growth by percentile in US-Canada and Western Europe, 1980-

2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

On the horizontal axis, the world population is divided into a hundred groups of equal population size and sorted in ascending order from left to right, according to
each group's income level. The Top 1% group is divided into ten groups, the richest of these groups is also divided into ten groups, and the very top group is again
divided into ten groups of equal population size. The vertical axis shows the total income growth of an average individual in each group between 1980 and 2016. For
percentile group p?9p99.1 (the poorest 10% among the world's richest 1%) growth was 104% between 1980 and 2016. The Top 1% captured 28% of total growth
over this period. Income estimates account for differences in the cost of living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 3b - Total income growth by percentile in China, India, US-Canada, and Western Europe,
1980-2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

On the horizontal axis, the world population is divided into a hundred groups of equal population size and sorted in ascending order from left to right, according to
each group's income level. The Top 1% group is divided into ten groups, the richest of these groups is also divided into ten groups, and the very top group is again
divided into ten groups of equal population size. The vertical axis shows the total income growth of an average individual in each group between 1980 and 2016. For
percentile group p99p99.1 (the poorest 10% among the world's richest 1%), growth was 77% between 1980 and 2016. The Top 1% captured 23% of total growth
over this period. Income estimates account for differences in the cost of living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 4 - Total income growth by percentile across all world regions, 1980-2016
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Source: WID.world (2017). See wir2018.wid.world for more details.

On the horizontal axis, the world population is divided into a hundred groups of equal population size and sorted in ascending order from left to right, according to
each group's income level. The Top 1% group is divided into ten groups, the richest of these groups is also divided into ten groups, and the very top group is again
divided into ten groups of equal population size. The vertical axis shows the total income growth of an average individual in each group between 1980 and 2016. For
percentile group p99p99.1 (the poorest 10% among the world's richest 1%), growth was 74% between 1980 and 2016. The Top 1% captured 27% of total growth
over this period. Income estimates account for differences in the cost of living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 5 - Geographic breakdown of global income groups, 1990
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.
In 1990, 33% of the population of the world's Top 0.001% income group were residents of the US and Canada.



Building a global distribution of income brick by brick

Figure 6 - Geographic breakdown of global income groups, 2016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 2016, 5% of the population of the world's Top 0.001% income group were residents of Russia.



Building a global distribution of income brick by brick

Figure 7 - Global top 1% and bottom 50% income shares, 19802016
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 2016, 22% of global income was received by the Top 1% against 10% for the Bottom 50%. In 1980, 16% of global income was received by the
Top 1% against 8% for the Bottom 50%.



Building a global distribution of income brick by brick

Figure 8 - Global top 10% income share, 1980-2016: between versus within-country inequality
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 2010, 53% of the world's income was received by the Top 10%. Assuming perfect equality in average income between countries, the Top 10% would have received
48% of global income.



Building a global distribution of income brick by brick

Figure 9 - Global top 1% and bottom 50% income shares, 1980-2016 : PPP versus market

exchange rates
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

In 2010, the Top 1% received 24% of global income when measured using Market Exchange Rates (MER). When measured using Purchasing Power Parity (PPP), their
share was 21%. Thick lines are measured at PPP values, dashed lines at MER values. Income estimates account for differences in the cost of living between countries.
Values are net of inflation.



Building a global distribution of income brick by brick

Figure 10 - Top 1% versus bottom 50% shares of global income, 1980-2050
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

If all countries follow the inequality trajectory of the US between 1980 and 2016 from 2017 to 2050, the income share of the global Top 1% will
reach 28% by 2050. Income share estimates are calculated using Purchasing Power Parity (PPP) euros. PPP accounts for differences in the cost of
living between countries. Values are net of inflation.



Building a global distribution of income brick by brick

Figure 12 - Global average income versus global 50% average, 19802050
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

By 2050, the global average income will reach €35 500, compared to €16 000 in 2016. If all countries follow Europe's inequality trajectory between 1980 and 2016,
the average income of the Bottom 50% of the world population will be €9 100 by 2050. Income estimates are calculated using Purchasing Power Parity (PPP) euros.
For comparison, €1 = $1.3 = ¥4.4 at PPP. PPP accounts for differences in the cost of living between countries. Values account for inflation.




Building a global distribution of income brick by brick

Figure 13 - Global bottom 50% average income, 1980-2050
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Source: WID.world (2017). See wir2018.wid.world for data series and notes.

If all countries follow the inequality trajectory of Europe between 1980 and 2016, the average income of the Bottom 50% of the world population will be
€9 100 by 2050. Income estimates are calculated using Purchasing Power Parity (PPP) euros. For comparison, €1 = $1.3 = ¥4.4 at PPP. PPP
accounts for differences in the cost of living between countries. Values are net of inflation.



Part 11

Environmental inequality



CHAPTER 3
Are younger generations higher carbon

emitters than their elders?

Inequalities, generations and COs
emissions in France and in the USA

Abstract. Proper understanding of the determinants of household CO2 emissions
is essential for a shift to sustainable lifestyles. This chapter explores the impacts of date
of birth and income on household CO3 emissions in France and in the USA. Direct COq
emissions of French and American households are computed from consumer budget
surveys, over the 1980-2000 time period. Age Period Cohort estimators are used to
isolate the generational effect on CO2 emissions — i.e. the specific effect of date of birth,
independent of the age, the year and other control variables. The chapter shows that
French 1935-55 cohorts have a stronger tendency to emit COy than their predecessors
and followers. The generational effect is explained by the fact that over their lifespan,
French baby boomers are better off than other generations and live in energy and
carbon inefficient dwellings. In the USA, the absence of a generational effect on COq
emissions can be explained by the fact that intergenerational inequalities are weaker
than in France. Persistence of the generational effect once income and housing type is
controlled for in France can be explained by the difficulty for French 1935-55 cohorts
to adapt to sobre energy consumption patterns.
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1 Introduction

The last three decades witnessed two parallel trends in most industrialized
economies, which pose threats to social and environmental sustainability, namely the
rise in income and wealth inequalities (Piketty, 2013) and the continued rise in national
CO3 emissions levels (IPCC, 2013). Attempts to better understand synergies between
CO3 emissions and household income are flourishing (see Druckman et al, 2008; Weber
et al. 2008) but the literature often lacks historical empirical material to develop sound
analyses on this topic.

I argue in this chapter that an important dimension of environmental and social
change has been overlooked by researchers in this field: the generational dimension.
Cohorts (i.e. groups of individual born at the same date) may have a strong role to
play in determining consumption patterns in general and energy consumption in
particular. By integrating early life conditioning and historical or economic trends
which shape their life trajectories, cohorts may actually drive social and behavioral
change (Ryder, 1965). This chapter is the first known attempt to explore interactions
between generational and income-expenditure effects on household COy emissions.
Precisely, the objective of this study is to provide historical empirical material on the
interactions between income inequalities and inequalities in resource use in France and
in the USA.

Firstly, I show that direct CO2 emissions of French and American households are
relatively stable over the time period — while bottom decile emissions increase. Results
also reveal that it is not possible to talk about any environmental Kuznet’s curve™
associated to direct CO2 emissions: as households get richer, direct CO2 emissions do
not decrease. Secondly, the chapter reveals how certain generations emit more COq

than others once age and period are controlled for. The effect is very clear in France

40i.c. an inversed U curve associated to environmental pressure.
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and is the translation of important inter-generational inequalities. Income and housing
type differences between generations and, potentially, higher ability to monitor energy
consumption by post 1960-cohorts explain the CO2 generational gap.

The rest of this chapter consists of a brief literature review on the main
determinants of energy consumption and CO2 emissions (2), a description of the
methodology followed (3), a presentation of the results (4), a discussion of their

relevance (5) and a conclusion (6).

2  Inequalities, generations and household CO,
emissions

i. Drivers of household direct CO> emissions

Grossman and Krueger (1995) posited an inverse-U shape relationship between
income and environmental footprint - the so called Environmental Kuznets Curve!
(EKC). According to the relationship, environmental pressure increases with income
on the one hand and on the other, willingness to pay for environmental protection
increases as income grows. Under a certain income threshold, pollution increases and
once this threshold is reached, environmental impact is ultimately reduced. The EKC
has been criticized as a general relationship between income growth and pollution
.Several empirical tests tested this hypothesis and validated the EKC for certain types
of pollutants (e.g. SO2, see Roca et al., 2001) but not for others (e.g. GHG, see Stern
et al., 1996).

Studies focusing on CO2 emissions and household income in developed countries,

showed that there is a non-linear relationship, reflecting decreasing marginal CO-

emissions with income (cf. Lenzen et al. 2006). But authors fail to notice any absolute

41 After Kuznets (1955) who showed an inversed U shape relationship between income and inequalities in the first half

of the XXth century in the US.
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reduction in COy emissions across the income spectrum. Interestingly, the literature
shows the importance of non-economic drivers of CO2 emissions: there is a large
variability of energy consumption and COz emissions levels within income groups
(Combet et al. 2010, Jamasb et al. 2010). It is thus necessary to look at non-monetary
drivers of CO2 emissions differences between households.

Several factors other than income drive energy consumption and households CO»
emissions. It is helpful to distinguish between “environmental” factors (urban density,
local climate, type of dwelling, type of energy conversion devices) and “lifestyle” (size
of the household, surface of the dwelling, temperature in the room, habits). Among
“environmental” factors, urban density generally stands out as a good predictor of
transport-related household direct CO2 emissions. In dense urban centers, public
transportation systems are better developed and people live closer to their work,
shopping and leisure places and hence require less energy for transportation. Studies
find that direct CO2 emissions are 10-20% higher in rural households, all else being
equal, in the UK (Fahmy et al., 2011).

Local climate is indeed a good predictor of heating requirements of households,
and hence COs emissions. In France, 1°C difference in local climate explains 5%
difference in heating related COy emissions (Cavaillhés et al., 2012). But heating related
CO2 emissions also very much depend the type of dwelling. Whether the dwelling is a
flat or a house, modern or old, it will have different heating and cooling energy and
COs requirements. In France, pre-1980 buildings tend to emit 20% more heating related
CO3 emissions, once other factors are controlled for (ibid). Technological efficiency (e.g.
heating systems or types of cars) can also explain large COy emissions variations for
households with similar geographical or economic characteristics. In fact, a household
equipped in 2013 with the latest energy efficient appliances can have twice as low
electricity related CO2 emissions as a household who purchased its equipments in the
late 1990s (Pourouchottamin et al., 2013).

Looking at “lifestyle” factors, family size plays a significant role in explaining per

capita COy emission levels. Larger families emit more CO2 as a whole, but per capita
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emissions tend to be reduced in larger families, as they have more opportunity to “share”
heating-related emissions (Lenglart et al. 2010). Age also plays on COz emissions,
revealing complex dynamics: retired people tend to use their cars less as they do not
commute to work, but may travel more for leisure. The elderly also tend to heat more,
but generally live in smaller dwellings than active people (Maresca et al. 2009). Lenglart
et al. (2010) show that CO2 emissions vary with age but their analysis does not allow
them to distinguish between age or proper generational effects: “we compare
consumption habits of different generations at the same date and we are not able to
differentiate specific effects of date of birth and age. For instance, low levels of
transport related-CQO2 emissions of the elders may be due to lesser demand and need
for mobility after a certain age, as well as a low travel habits of generations born up to
the 1950s.”

There has been a lot of debate over supposed generational drivers of
environmental impacts. American sociologist Ronald Inglehart (1977) supports that
younger households tend to have stronger environmental concerns than the elderly.
Such discussions often lack empirical support and when they do, they focus on reported
values or “willingness to pay” for environmental protection (see Pampel et al., 2012)

and do not take into account actual environmental pressure levels.

ii. Measuring generational impacts on CO2 emissions

There are convincing theoretical and empirical arguments to focus on energy
consumption and generational dynamics. The epidemics, economics, geography or
sociology literature showed that generational factors can be important determinants of
observed differences between individuals and households (see Chauvel (2014) for France
or Krugman (1977), Yang and Land (2006) for the USA). By shaping life chances (level
of income, access to education, employment, housing), date of birth can also impact

consumer behavior and ultimately environmental footprint.
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According to Ryder (1965), early life exposure to a certain socio-economic context
can shape behaviour throughout ones’ life trajectory. Date of birth can also affect values
and consumption norms. This calls for the study of scarring effects associated to energy
consumption. For instance, cohorts which lacked resources in general and energy in
particular in their young age may have kept low consumption habits over time (e.g.
generations raised during war times). Cohorts raised during economic booms may
prolong their energy consumption habits over time, and have more difficulties to adapt
to reduced energy consumption habits.

For Inglehart (1977), new values are not disseminated homogeneously among the
population; instead, generations are the vectors through which values emerge and these
are formulated in the context of family and public education. The author states that
post-1950 cohorts are characterized by strong “post-materialistic” values, supposedly
higher concern for environmental protection, more community interactions and
altruism. “Post-materialism” has been criticized for its lack of empirical basis or weak
conceptualization (Flanagan, 1980; Van Deth, 1983). But the idea that younger
generations may have stronger environmental concerns and hence different
consumption behavior clearly deserves attention.

The difficulty with research on generational trends is methodological.
Conceptually, the Lexis diagram (1880) maps the interactions between three
dimensions (Figure 1): age (on the y-axis), periods (on the x-axis) and cohorts.
Diagonals correspond to the lifelines of cohorts: the “68 generation” was born in 1948

and was twenty in 1968.

Figure 1 - The Lexis diagram

In mathematical terms, an Age Period Cohort model with an explained variable
yl-apC (say the logged-COs emissions of household i, of age a, cohort ¢ and at period p)
can be written as follows:

v =uta+my+y.te (D)
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Where a,, T, and y, are the coefficients on age, period and cohort respectively; n
the model constant and ¢; an error term.

The problem with Age Period Cohort (APC) analysis is the perfect colinearity
between age, period and cohort variables, that is, cohort = period — age. Colinearity
between regressors of a statistical model implies that the model produces an infinite
number of possible solutions for the least squares or maximum likelihood estimators
(Yang et al. 2004). In other words, the model does not have a unique solution and
cannot be identified.

One way to bypass the identification problem is then to impose restrictions on
the model (Mason et al. 1973). Restrictions consist in constraining coefficients of some
variables (such as assuming that all time periods have the same effect). By setting such
an additional constraint, the model becomes just-identified, and the estimators exist.
This is the approach followed by Constrained Generalized Linear Models (CGLIM).
The theoretical foundation of CGLIMs is to use extra information so as to constrain
coefficients based on theory or external information for instance.

But CGLIM have been criticized precisely for their reliance on external, extra
information when such information often does not exist or is hard to verify. Glenn
(1976) shows that model effects are sensitive to the choice of the equality coefficient
constraints. Trying to overcome these problems, Yang et al. (2004) derived an APC
estimator called the intrinsic estimator (IE). The IE is a special case of a classical ridge
estimator for a linear regression model that is used when regressors are highly collinear
(see Fu, 2000 for more details). The IE consists in using a principal component analysis
in order to reduce the three collinear age, period and cohort dimensions to a
bidimensional plane. This provides a linear combination of the number of age, period
and cohorts, which is then used as a constraint on the model — thus solving the
identification problem. According to the others, this constraint would be intrinsic to
the problem analyzed, i.e. depend only on the number of age, period and cohorts and

not on arbitrary constraints set by the researcher (Yang et al., 2008).
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This solution was however criticized by O’Brien (2011) and more fundamentally
by Luo (2013). For these authors, the intrinsic constraint is as arbitrary as in any other
CGLIM. The model thus produces estimates, but these are not necessarily meaningful.
Another solution proposed by Chauvel (2013) deserves attention as it offers an original
answer to the model identification problem.

Chauvel suggests to focus solely on non-linear cohort effects, i.e. on a variations
from the temporal linear trend. The linear trend, as reminded by O’Brien and Luo,
cannot be adequately modeled with an APC model because of the indetermination
problem. An APC-Detrended model (APCD) focusing on variations from the temporal
trend can on the contrary yield meaningful results. In fact, the restrictions placed on
an APCD would ensure that the model is identified. Rather than being arbitrary, the
restrictions are here meaningful: they ensure that the model captures non-linear trends
only. Precisely, Chauvel’s APCD model incorporates two time parameters which
absorb linearity. In the model, the sum of age, cohort and period coefficients to zero is
set to zero, as well as the slopes — or regression coefficients - of these coefficients which
are also set to zero. These last two constraints imply that the “detrended estimator”
informs about fluctuations of APC variables around their respective means and along
a zero slope line.

This set of constraints ultimately ensures that the model yields a unique solution
and hence offers a solution to the model identification problem. In brief, contrary to
the APC-IE which attempts at isolating a linear trend specific to cohorts, the APCD
focuses on cohortal fluctuations, i.e. non linearities which cannot be purely represented
by the combination of age and period variables. Mathematically, derivation of the

detrended estimator can be written as follows:

(,,apc _ _
y —aa+er+)/€+a0+}/0+y+2ﬁj)(j+5i,p—c+a
7

2% =2, = Y1 =0 @

Slope, (a,) = Slope (7 ) = Slope.(y,) =0

min(c) < ¢ < max(c)

146



Are younger generations higher carbon emitters than their elders?

With E B,X, the control variables included in the model (which can be
7

continuous or discrete variables). ¢z, is the slope of the age variable and y,is the linear
trend. Given the linear dependency between age, period and cohort, and because «,

and ¥, are by definition temporal alignment coefficients, one should not interpret their

values as the causal linear effects associated to cohorts. Eaa,z er,z y, are the sums
a P c

of age, period and cohort coefficients andSlope, (a,), Slopep(frp)and Slope,(y,)the
respective slopes or regression coefficients of age, period and cohort coefficients. The
estimator of true interest is ). , the specific effect of date of birth on the output
variable. If any of the p. coefficients is statistically significantly different from 0, the

model reveals cohort specificities. If none is statistically significantly different from
zero, a simple Age Period model would suffice to explain the trends observed in the

data.

3  Methodology

i. Constructing direct household CO; footprints from

French and American budget surveys

In order to derive APC estimators, one must construct historical household CO,
emission databases. The database constructed for the study uses US Consumer
Expenditure (CE) and the French Budget de Famille (BDF) surveys. The CE survey
is performed by the Census Bureau for the Bureau of Labor Statistics in the US on an
annual basis and distinguishes between 109 income, expenditure and wealth categories.

The sample is obtained from a uniform randomization from Census surveys and consists
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of about 1,700 dwelling units*. The datasets chosen for this study correspond to the
first quarter waves of survey of 1980, 1985, 1990, 1995 and 2000.

The BDF survey is performed every five years by the National Institute for
Statistics (INSEE). The survey sample is obtained from uniform randomization and
consists of about 10,000 dwelling units®. The datasets chosen for this study correspond
to years 1979, 1985, 1989, 1995 and 2000. Since 1995, expenses are ventilated using
the Classification of Individual Consumption according to Purpose (COICOP).
Evolution of the nomenclature over the time period studied required significant amount
of harmonization. A description of categorical variables used for the study can be found
in the Appendix.

In both countries, expenditure per consumer unit is used as a proxy for living
standard. Expenditure can be considered as a better marker for standard of living as it
is smoothed over time while income can vary in the short run. Expenditure is weighted
by consumer unit* in order to account for family size and to bring perceived and
measured changes in welfare better in line (see Ruiz, 2009).

This study focuses solely on direct energy carbon footprints which can be
computed directly from household budget surveys, under a set of assumption regarding
fuel mix, fuel price and the carbon content of fuels. I compute per capita CO2 emissions
equivalents® associated with energy bills reported for electricity, gas, liquid home fuel,

gasoline, coal, personal transportation and air transport.

42 Given a certain amount of attrition in the data, Congressional Budget Office recommends the use a weighting factor
provided in the dataset (see Haris & Sabelhaus, 2000).

43T also use of a weigthing factor, provided in the dataset, as recommended by Insee.

# For simplification purposes, consumer unit is defined as the square root of the number of inhabitants. Using more
frequent methodologies, like the OECD modified scale, requires precise information on the number of adults and
children in the household. This information was not available for all households and all periods. But when I compare
both scales on subsample which have this information, the two scales yield very similar results (the pairwise correlation

coefficient is 0.98).

45 Per capita emissions is preferred to per consumer unit emissions, since the latter is not used in the policy debate.
b
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Emissions are computed from expenditure on fuels, applying mean year fuel
prices obtained from (MEDDAT, 2010 for France and DoE, 2010 for the USA) to all
households. T use IPCC emission factors and historical carbon content of electricity
provided by national energy agencies (DoE and ADEME). Emission factors include
CO2, CHy and N2O *. A strong assumption is the use of a single price per fuel for all
households of the country at a given date - this is standard in other household carbon
footprint studies using consumer budget surveys, but may overestimate higher income
groups consumption as they generally pay less per unit energy. Air travel emissions are
computed from household expenses on air travel and the carbon content of flights is
computed from the average distance travelled per unit expenditure, derived from air
transport databases (BTS, 2011). Databases were not available for France so the US
carbon per unit expenditure values were used, correcting for exchange rate and average
flight price differences in 2010. Indeed, this methodology may artificially increase air
related CO2 emissions of the rich (who may pay more per kilometre —in first class- than
the worse off) and lower air related CO2 emission of the poor. However, results showed
that air transport emissions account for less than 10% of top decile emissions — if there

is a bias introduced by the price effect, it remains fairly contained.

The direct carbon footprint can be written as follows:
exp;
COz = ZgﬂprT;kktt Xcontenty,  (3)
With COg, the total household direct emissions for household i at time ¢, expy
the expenditure on fuel k at time t, pricey price of fuel k at time t and contenty the

carbon content of fuel £ at time ¢.

46 T thus use “CO3” or “CO»-¢” without distinction.
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ii. Age Period Cohort estimations

In order to test whether there is a cohort effect on CO;y emissions, and to
understand what drives this effect, I use three different APC estimators: the detrended
estimator, the intrinsic estimator and an arbitrary constrained estimator for which I
set all period equals (i.e. an “Age-Cohort” model). The detrended estimator stands out
as the most pertinent method to capture cohort effect and its results will be presented
in the main sections of this article. Results obtained with the intrinsic and the CGLIM
estimator is presented in the appendix (6a and 6b). The intrinsic estimator includes
some bias and its results should be interpreted with precaution. The CGLIM estimates
also have some bias: they correspond to cohort effects in a world in which there would
be no time variation. The comparison of the three estimators will give insights as to
the robustness of the trends observed.

As a first step, I estimate a model of log-CO2 emissions household 7 of age a,

cohort ¢ and at period p, without further controls:

log (COL) ™ =po+ag+my+y.+8 @

Where 119 is the intercept or adjusted mean logged-COy emissions, o, the
coefficient on age , n, the period coefficient and 7y, the cohort coefficient, with c=p-a.
g; is a random error with E(g;) = 0 . In other words, the log of CO2 emissions of each
household is predicted by the age the household, the date of birth of the head of the
household and the year of survey plus a random error.

In a second step, I introduce socio-economic, geographical and technical controls
in the model:

log (COL) ™ = o+ ag +m, +v.+XBXj+ & (5

With p; coefficient for control variable Xj Control variables include total

expenditure per consumer unit, number of inhabitants, number of rooms in the
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household, region (a proxy for climate), urban density, date of construction of the
dwelling, education level and type of dwelling (see appendix 5).

The identification strategy is then simple: if the cohort coefficients p. of model 4
are statistically significantly different from zero, then there is a cohort effect on COq
emissions. If the y. coefficients of model (5) are significantly different from zero, there
is a cohort effect on CO2 emissions, which does not depend on the control variables
included in model (5). The DE estimator, just like the IE and CGLIM, can be computed
via statistical software STATA programs written by Chauvel (2012) and Schulhofer-
Wohl et al. (2006).

4  Results and analysis

i. Descriptive statistics

This section gives a very brief overview of the descriptive statistics derived from

the two datasets.
Table 1 - Descriptive statistics for the USA

Table 1 shows that there is a sharp rise in per capita direct CO2 emissions over
the time period, mainly due to a rise in electrical appliances and personal transportation
related emissions. Over the time period, the average US household gets richer, older
and smaller. The expenditure-gini significantly increases, showing strong variations
behind mean variations. In fact, the income of bottom deciles stagnates while it

increases for top fractiles(Piketty and Saez, 2003).
Table 2 - Descriptive statistics for France

The direct COz emissions trend is somehow different in France (Table

2),emissions tend to stabilize or even slightly decrease from 1985 to 2000 (in line with
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Poissonier et al, 2013). Over the time period average total expenditure increases, the

expenditure-gini is relatively stable and households get smaller and older.

ii. Evolution of direct CO; emissions of top and bottom

decile households

Figure 2 presents the evolution of direct CO2 emissions of American top and
bottom deciles. Breakdown of these emissions and emissions levels for other expenditure
categories are presented in Appendix 3. Figure 2 shows a factor-three gap between top
and bottom decile per capita direct COs emissions. The difference in CO2 emissions
between rich and poor is due to three main factors: first to an intense use of the personal
transport by top decile households (and possibly less efficient vehicles). Second, to the
use of air travel by top decile households" and third, to a much more important u se
of electricity by top decile households, largely due to the possession of a large set of
electrical appliances. In 2000 in the USA, 83% of top quintile households had a
dishwasher against 19% of bottom quintile households; 92% of top quintile households
had a washing machine and a clothes dryer against only 45% of the bottom quintile
(RECS, 2000). The rich have more energy intensive durables than the poor and use
them more. In a context of high carbon content of electricity, this translates into high
electricity related COq emissions for the top decile. Figure 3 uses data from another
survey, the Residential Energy Consumption Survey (RECS, 2000), to break down

household electrical energy consumption in further detail.

Figure 2 - Evolution of CO2 emissions of the richest and poorest 10% in the
USA.

#/Caution: air travel emissions may be over estimated (see Methodology section).
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Figure 3 - Detailed sources of CO2 emissions for top and bottom deciles of US

household in 2000

The gap between top and bottom deciles is reduced over time due to an increase
in poor households’ direct energy consumption. This increase is characterized by higher
use of private transport of poor households® and higher use of electric devices. In 1980,
only 35% of US homes had a dishwasher against 60% in 2000 and the share of
households with Air Conditioning increased from less than a quarter in 1980 to more
than half in 2000 (RECS, 2000).

Figure 4 shows the evolution of CO2 emissions of French households. There is a
factor 3.2 gap between mean US and French household CO2 emissions. The top US
decile household emits three times more per capita than the top French decile
household, while the bottom US decile household emit as much as the top French one
— in line with the studies surveyed above. Two factors explain this result: first, the
average top French decile household emits very low levels of electricity related
emissions compared to American standards. This is due to the specific nature of the
French electricity mix: 690gCO2e/kWh in the USA against 150gCO2e/kWh in France
in 1990” and to a higher equipment rate in electric devices in the USA. For instance,
in 2000, 92% of top quartile American families had an electric clothes dryer against
only 36% of French top quartile households (RECS, 2000 and BDF, 2000).

Second, Americans of the poorest decile emit one ton COs per year per capita due
to private transportation, much more than their French counterparts, emitting 0.3 ton.
Urban planning and sprawl (see Karlenzig, 2009) are important drivers of the Franco-

American divergence. The gap between rich and poor direct CO2 emissions is also

# From 1970 to 2000, distance driven per month by average households increased 50% (Ramey and Vine, 2010). The
increase can also be due return to normarley after the second oil shock
4 This value is due to a high share of nuclear electricity, relatively low carbon technology yet with its own types of

pollutants which are not the subject of this study.
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reduced in France over the time period and is characterized by an increase in gas and

homefuel energy by bottom decile households.

Figure 4 - Evolution of CO; emissions of the richest and poorest 10% in France

iili. Comparison with other studies

Results are compared with other studies: Lenglart et al. (2010) for France, RECS
(2000) and Weber et al. (2008) for the US. RECS estimates for bottom decile
households match with the results (Tables 3 and 4). However, top decile households
estimates are lower in the RECS than the CE survey (potentially due to inclusion of
secondary household expenses in CE estimates and not in the RECS). In France,
Lenglart and others find higher values for top and bottom decile direct CO2 emission,
but the top-bottom quintile gap is very close to this study: 2.3 for Lenglart vs. 2.6™.
Comparisons with these studies show that estimates are meaningful enough to be used
for further analysis. However, the aim of this chapter is not the presentation of precise
COy per capita estimates (data sets from surveys precisely targeting energy
consumption would be more pertinent for this) but rather to inform on the long term

dynamics of direct CO2 emissions.

Table 3 - Comparison of estimates in RECS and this study

Table 4 - Comparison of estimates in Lenglart (2010) and this study

50 Note: Lenglart and others do not present results for income deciles.
g
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iv. Capturing the specific effect of date of birth

I then use equation (4) to compute Y., the coefficients specific to date of birth,
i.e. the impact of date of birth on direct CO2 emissions once age and year fixed effects

are controlled for.

Cohort effect in France

In France, the results show a strong and statistically significant cohort effect,
i.e. effect of date of birth once age and period effects are controlled for. Over the time
period, cohorts born from 1920 to 1960 emit 20% more CO2 emissions per capita than
average (Figure 5). In particular, cohorts born from 1930 to 1955 stand at the top of
the CO3 emissions curve. Independently of their age and the year of the measure, baby
boomers emit 20% more CO; than the average household.

Interestingly, the effect remains strong and statistically significant after the
introduction of socio-economic, geographic and housing-type control (Figure 6). At the
same age, same economic situation, location and same type of dwelling, babyboomers
emitted 10% more CO2 emissions than their followers and predecessors. I will come

back on the significance of these results in the following section.

Figure 5 - Cohort effects on direct CO2 emissions in France — without controls
Figure 6- Cohort effects on direct CO2 emissions in France — with controls
The results are then compared with the two estimators discussed above. I first

use the intrinsic estimator, which tends to validate the results: it shows an “inverted”

U curve on CO2 emissions in France (Appendix 5). The intrinsic estimator yields higher

155



Are younger generations higher carbon emitters than their elders?

coefficient estimates than the detrended estimator presented above™. As discussed in
section 2, the constraint on the IE induces some bias in the results which explains the
difference with the results presented above.

I then use the CGLIM estimator for which I set coefficients on time periods to be
zero. The CGLIM results for France again show a pattern similar to the one presented
above (Appendix 5). The generational impact on COy emissions thus stands out as a
robust result. Independently of their age, and the year of the survey, 1930-1955 cohorts
emit more than the others, over the 1980-2000 period. This result holds when
controlling for households’ expenditure level, the type of housing they have, the number
of people in the household, their region, the urbanization pattern of their locality and
their education level.

Looking into further details at cohort effects on the five CO2 emissions sources in

France (without controls), the followings trends can be observed (Figure 7):

Electricity: 1935-1955 cohorts emit relatively low level of electricity related CO2
emissions over the time period, relative to their predecessors and followers. This may
be due to a the absence of electric heating systems among these generations. Electric
heating systems were installed in France from the 1970s onwards.

Gas: Cohorts born between 1930 and 1960 also emit less gas than average over
the entire time period. This can also be due to specific heating devices used by these
generations.

Private transport: There is a sharp increase in the emissions from private
transport for cohorts born after 1930 and before 1950. Economic trends may explain
this, like differential rates in unemployment or differences in income levels among
generations.

Homefuel: Cohorts born between 1930 and 1950 emit 10 to 30% higher homefuel

related emissions than other generations. They may emit more than their elders because

51 Babyboomers emit 20% more CO; than average when all controls are included.
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of more energy intensive consumption patterns, and their followers might have
beneficiated from a progressive technology shift, from homefuel to gas and/or
electricity.

Air transport: Not statistically significant emission differentials among cohorts

stem out of the analysis. They are not presented here.

Figure 7 - Cohort effect on different emissions sources in France

Cohort effect in the USA

Figure 8 show a picture very different to France. In the USA, cohort effects are
much smaller and not statistically significant — apart for year 1955. This result holds
with the introduction of further controls — there no cohort effect at all on CO»
emissions. Using the IE estimator or a CGLIM leads to the same conclusion (see

Appendix 5).

Figure 8 - Cohort effects on direct CO2 emissions in the USA

In fact, using the Bayesian Information Criterion™ to assess the relevance of a
model compared to another, I find that a model with solely Age and Period predictors
performs better than a model with Age, Period and Cohort predictors. In other words,
date of birth does not play a role in explaining differences in direct per capita household

COs emissions in the USA.

52 The Bayesian Information Criterion (BIC) is a way to compare the validity or performance of a model compared to another.
BIC has several limitations and should be used with precaution (see Gelmann et al. 1999). In our case, a lower BIC for the Age

Period model in the USA shows that it is meaningless to interpret cohort coefficients, which have no statistical sense in the

USA.

157



Are younger generations higher carbon emitters than their elders?

5  Discussion

In this section, I discuss the limitations of the work and its relevance according

to sociological and economic literature.

i. Methodological issues

This study focuses on direct per capita CO2 emissions computed from household
expenditure surveys. Using expenditure data to measure COg emissions gives an
imperfect image of households’ carbon footprints since all households are supposed to
pay the same price for energy at a given date. As a result, households paying a higher
price per unit energy are attributed higher energy consumption levels. Several OECD
countries national statistical agencies are building physical national accounts which will
help solve the problem for future research (OECD, 2005).

Another limit of the present work is that energy expenditures do not reflect all
the energy —and the associated CO2 emissions- required by households to meet their
daily needs. Direct COy emissions measured in this study relate to emissions required
to meet households’ heating, lighting, electricity and private transportation needs™.
Total CO2 emissions are composed of direct and indirect emissions. Indirect COq
emissions are emissions related to the production of goods and services purchased by
households (like the CO2 emission content of food - see Lenglart et al. 2010). According
to recent studies using International Input-Ouput data, indirect emissions account for
40% of total household emissions in France in 2005 (Lenglart et al.) and to 50% of
emissions in the USA in 2005 (Weber et al, 2008). This study thus focuses on 50% to

60% of total emissions. Focusing on indirect emissions on a retrospective basis is a

>* Air travel emissions are also measured, as a way to verify if they distort individual transport estimates. | show

that this is not the case.
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methodological challenge calling for further research. Papathanasopoulou and Jackson
(2009) have set the basis for such a work: the authors compute total energy
consumption of UK households since the late 1970s and show that total energy
consumption of the top income group increases more than the emissions of any other
group over the time period.

Third, in terms of statistical analysis, there has been a lot of discussion within the
epidemiology, sociology and statistics literature on the relevance of Age Period Cohort estimators
used to capture the effect of date of birth — as discussed in chapter 2. Even if the detrended estimator
used in this study seems more pertinent than the other estimators for the analysis carried out in
this chapter, its results should be interpreted with precaution and the focus should be placed on
the trends observed rather than on the precise value of estimates. In fact, the comparison of the
three estimators reinforce the idea that the trends observed (or their absence) in the two countries
are robust. But these trends are of little interest without solid sociological or economic explanation.

The next section of this chapter discusses the drivers of trends.

ii. Understanding the generational effect on CO2 emissions

This study reveals the presence of a generational effect on COy emissions in
France and not in the USA. Three main reasons can be given to explain this result: the

income factor, the infrastructure factor and the behavioral factor.

The income factor

As discussed in the introductory section, income stands out in the literature as
a strong driver of CO2 emissions. As a result it can be assumed that in a society in
which certain generations would be economically better off than others they would also
emit higher COy emission levels. This hypothesis is validated by the introduction of
income as an explanatory variable in model (5). When included in the model, the
income control significantly reduces the generational COy emissions effect — by about

25% (Figure 9). In France, baby boomers emit more CO2 because they are relatively
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richer than other cohorts - i.e. on average, at a given age, their standard of living is
higher than other generations when they had the same age.

A large body of the literature has focused on intergenerational inequalities in
France and in the USA. The fact 1935-55 cohorts in France enjoyed throughout their
lives better life chances (i.e. access to employment, fast career progression, relatively
cheap housing, etc.) than any other generations has been the subject of several
empirical analyses confirming one another (see Baudelot and Establet, 2000; Chauvel,
2006). During the Trente Glorieuses (1940s-1970s), the young started their career with
the same pay as their parents at the end of their career: they did better than their
elders thanks to economic acceleration. With the post-1970 economic slowdown, new
generations became more economically and socially fragile. The unemployment rate of
those who left school within 24 months was 5% in 1974 and rose to 35% in 2000.
Marginalized access to labor markets contributed to an increased earning gap between
generations. In 1977, earnings gap between age group 30-35 and 50-55 was 15% and
rose to about 40% in 2009 (Chauvel, 2010). Post 1960 generations are thus, on average,
economically worse-off than their elders™.

In the USA, younger generations are on average less economically marginalized
than in France. As Krugman (1997) notes, there is an economic slowdown in the 1970s
in the USA and Vietnam War veterans come back to an economy that is expanding as
rapidly as it was twenty years before, when World War II veterans came back from
battlefields. But inequality and age dynamics in the USA tend to be more complex and
more equivocal than in France, with a stronger class and ethnic dimension in the USA,
reducing the impact of date of birth vs. that of social background in the USA (Chauvel,
2014). There may be cohort differences among differences at some points (i.e. Vietnam
War veterans born in the early 1950s), but these differences tend to be reduced over

time — while they persist in France throughout life trajectories. Lesser economic

5 Indeed, there are strong variations beyond the mean and higher intergenerational inequalities by no means imply

leveling of intra-generational inequalities.
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disparities between cohorts in the USA than in France mean lesser CO2 emissions

differentials between individuals born at different dates.

Figure 9 — Impact of income and housing effects on the CO2 emission gap

The housing factor

Another factor explaining the generational CO2 emission gap in France is the
type of house and the heating system used by households. A large amount of pre-1980
buildings were equipped with homefuel heating devices, which progressively replaced
coal over the second part of the twentieth century in France. In addition, more flats
are built from the 1970s onwards in France, with the densification of the territory.
Homefuel heating systems emit more CO; than gas and electric systems and detached
houses require more energy and hence more COz to be heated.

Cohorts born in the 1960s enter the housing market in the 1980s, when flats
take over detached housing and new dwellings are equipped with electricity rather than
fuel heating devices. In fact, the share of newly constructed homes equipped with
electric heating system went up from 5% in the early 1970s to more than 40% in the
early 1980s (Grosmenil, 2002). The share of newly constructed homes equipped with
homefuel systems was divided by factor 12 over the same period in France. French
baby boomers thus face a “technological lock-in”: they are caught up in inefficient and
high CO2 emitting dwellings. This can be seen in the data. When included in model
(5), housing controls (date of construction™, housing type) further reduce the
generational effect by 25% (Figure 9).

In the USA, the young live in households which are as energy and carbon
intensive as their elders. The share of electric heating systems may have increased over

time in the USA and younger generations also tend to live more in electricity-heated

> As it was showed, date of construction stands out as a good proxy for the heating system of the household.
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households, but the electricity mix is much more carbon intensive in the USA than in

France™.

The behavioral factor

Introducing income, housing type and heating device controls in model (5),
reduces the generational effect by half. Introducing other drivers of CO2 emissions
mentioned in section 2 does not further reduce the effect”’. In other words, beyond
income and housing, none of the variables presented in section 2 stand out as good
drivers of the generational CO; emissions gap. One potential explanation could be that
French younger generations have adopted more environmentally friendly lifestyles (less
heating requirements, less inefficient lighting, etc.), when their parents didn’t.

This could explain the fact beyond income differences and housing-type change,
households born after the 1960s in France are lower carbon emitters. Post-1960
generations enter adult life after the second oil shock, when the need to reduce energy
consumption is becoming a strong public concern. It may thus be relatively easy for
these young adults to adopt energy-efficient habits from the very start of their adult
lives. On the contrary, it may be hard for babyboomers to alter high energy
consumption patterns adopted in their early adult life.

In the USA, it should be noted that younger generations declare higher
willingness to pay for environmental protection (Pampel, 2012), but they do not display
lower CO3 emissions levels than the rest of society. In France, the babyboom generation
which is often portrayed as the initiator of the environmental movement also stands at

the top of the generational COy emission curve. Beyond the “post-materialism”

**In France, households equipped with electric heating systems emit relatively low levels of CO, emissions due to
nature of the electricity mix, i.e. a high proportion of nuclear energy. There are several concerns related to nuclear
energy in terms of risk and pollution but this discussion goes beyond the scope of this chapter.

>’ The solid line of Figure 7 can be superposed to the lower line of Figure 10.
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discourse, the data suggests more complex dynamics and individual or generational

claims can be contradicted by actual behavior.

iii. Implications for environmental public policy and for

sustainability research

The results presented in this study may provide useful insights for environmental
public policy. In terms of inter-generational issues, the chapter revealed that French
younger generations emit less COg, in part because they are economically worse off
than their parents. This sheds light on a rather undesirable picture of social and
environmental change. While some authors (Victor, 2008) call for intentional
consumption “degrowth” to solve the climate problem, lower relative overall
consumption of younger generations in France is clearly not intentional.

On a more positive note, French younger generations also emit less direct CO2
because they are not trapped in carbon intensive infrastructures, like their parents
were. But the chapter shows the time horizon of such a change. Once cohorts are
“trapped” in inefficient housing stocks, they will remain trapped for decades. Strong
policy support for low carbon infrastructure renewal (efficient heating systems, low or
zero net energy consumption dwellings) is indeed key to speed up individual and
economy-wide level carbon transitions.

Finally, the chapter shows that there can be gaps between claims for
environmental support and actual practice. In the USA, there is no difference between
CO2 emissions levels of the young and of the elderly whereas the young are often
pictured as more conscious of the global environment (Inglehart, 1977). In a country
like France though, generational change may actually combine values change and
intentional behavioral change.  French post-babyboom generations may have
intentionally adopted low carbon footprints habits. In that respect, education in early

adult life can also be key for a transition to sustainable lifestyles. This would support
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the idea that neither technology, nor price mechanisms alone can solve the climate
change problem.

As for sustainable consumption research, the cohort effect highlighted in the
study shows that there is clear interest in applying Age Period Cohort models to
(unsustainable) resource consumption. A fresh look at the postmaterialism literature is
required. It is necessary to confront “willingness to pay” for environmental services with
actual environmental footprints. It will also be particularly interesting to look at direct
and indirect CO2 emissions in the future, using Input-Output methodology (see
Druckman et al. 2008). Beyond CO2 emissions, other types of resources should also be
looked at, such as water a