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1 Introduction

Over the past two decades, there has been a growing interest in the economic literature and

international policy fora in the levels of, and the trends in, global inequality. The UN System Task

Team report that preceded the introduction of the Sustainable Development Goal 10, pointed

out that ’ [global] inequality is a key concern, not just from the perspective of a future in which

a decent and secure wellbeing is a prerogative of all citizens, but sustained development itself

is impeded by high inequalities. Hence, redressing these trends will be a major challenge in the

decades ahead.1

The rapid process of globalization has meant that labor and capital can move more easily across

borders with important implications for global inequality trends. Empirical evidence suggests

that, as a result of shifting industrial production from the North to the South, there has been an

increase in inflows of capital into developing countries, which raised the demand for skilled workers

in markets with abundant unskilled labor resources (Pavcnik, 2003). Consequently, the gap

between wages has widened, thus pushing upwards within-country inequality trends, particularly

in low-income countries (see Barro (2000), Kapstein and Milanovic (2002), Lundberg and Squire

(2003) and also Kremer and Maskin (1996, 2006) for an alternative theoretical interpretation).

Free movement of capital has also meant that the richest can choose to reside in countries that

offer lower marginal tax rates on income and capital, have higher living standards and also enjoy

more advanced financial institutions that facilitate the reproduction of capital (Pritchett 1997).

This is particularly relevant for the analysis of global inequality. Recent studies show that the

highest income earners are significantly undersampled in household surveys (Alvaredo 2009a).

Therefore, ignoring top incomes can generate substantial measurement errors and affect not only

the levels, but also the trends of global inequality (Alvaredo 2011).2

There has been an increasing interest in literature on global inequality in the distributional

dynamics of top incomes. This renewed interest has lead to important innovations both in data

generation, notably the World Wealth and Income Database (WID) that includes series of top

income shares from tax records (Alvaredo et al. 2015), and analytical methods that account

for the bias generated from missing top incomes in the distributional analysis of a number of

countries and world regions.3 For the particular case of global inequality, Lakner and Milanovic

(2013) and Anand and Segal (2016, 2015) have adopted methodologies that allow adjusting for

the effect of under-reported top incomes in the estimation of global inequality. However, due

1’Realizing the Future we want for all. Report to the Secretary General prepared by the UN System Task

Team to Support the preparation of the Post-2015 UN Development Agenda, Draft V.1. April 2012: pp.11
2 Burkhauser et al. (2012) show that changes at the top 1% are responsible of most of the changes in the

evolution of income inequality in the US.
3See Atkinson et al. (2011), Burkhauser et al. (2012), Piketty and Saez (2013), and Saez, (2005) for the case

of the US; Atkinson (2005b) and Atkinson and Salverda (2005) for the UK; Piketty (2003) and Landais (2008) for

France; Bach et al. (2013) for Germany; Roine and Waldenström (2008) for Sweden; Alvaredo and Londono-Velez

(2013) for Colombia; Alvaredo (2009b) for Portugal; Dell 2005 for Germany and Switzerland; Saez (2005) for the

US and Canada; Atkinson et al. (2011), Andrews et al. (2011), Alvaredo et al. (2013) and Leigh (2007) for OECD

countries; Atkinson and Leigh (2008) and Piketty and Saez (2013) for Anglo-Saxon countries.
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to data limitations, they are forced to take an arbitrary threshold, the top 10 and 1 per cent

respectively, as a truncation point.

The main contribution of this paper is to examine the effect of omitted top incomes on the level

and the direction of global inequality. Most previous studies have used grouped data (quantile

or decile distributions), while adopting a non-parametric approach with the implicit limitation

of assuming equality of incomes within each income share (Niño-Zarazúa et al. 2016, Lakner and

Milanovic 2013, Milanovic 2011, Bourguignon and Morrison 2002). These studies have reported,

therefore, lower-bound estimates of global inequality.

To overcome this limitation, we propose an alternative method that consists of fitting a model to

characterize the Lorenz curve and compute inequality measures from such a parametric model.

This methodological strategy has been already suggested by Anand and Segal (2008): “a possible

route [to overcome the undersampling and underreporting problems of top incomes in household

surveys] may be to estimate parametrically within-country distributions [...] one could specify

a distribution for each country that incorporates a plausible upper tail and estimate it from

the household survey data. The estimated distribution would then provide us with corrected

estimates for both average income and the level of inequality.”

The parametric approach involves, however, the choice of a functional form that represents the

distributional dynamics of income.4 This is a challenging task because the analysis of global

inequality involves a highly heterogeneous sample of countries in terms of income dynamics. To

avoid misspecification bias, we use a well-suited functional form, the so-called “Generalized Beta

of the second kind” (GB2) that nests the parametric assumptions in the literature (see McDonald

1984, Jenkins 2009). The GB2 is a general class of distributions that provides an accurate fit to

income data (McDonald and Xu 1995, McDonald and Mantrala 1995). To our knowledge, this is

the first study that adopts such a general model to fit the global income distribution.5

Our methodology allows us to consider the lower rate of response of the rich in our estimation,

but in contrast to previous studies, we are able to define any level of truncation. This choice is

arbitrary, so we resort to tax data available for a number of countries in the WID to determine

the actual truncation point. We also present a sensitivity analysis on the assumptions on the

truncation point to check the robustness of the results.

Overall, we find that the undersampling of the richest individuals in household surveys generate

a downward bias in global inequality estimates that range between 15 and 42 per cent, depending

on the period of analysis, and the assumed level of truncation of the income distribution. Our

results also suggest that while the estimates of global inequality based on household surveys show

a downward trend over the 1990-2010 period, the direction of such a trend can be reversed under

specific assumptions about the level of under-sampling of the richest individuals.

4An alternative methodology that avoids defining ex-ante the shape of the distribution consist of estimating

a non-parametric kernel distribution (Sala-i-Martin 2006). While being a flexible model, its robustness has been

questioned, particularly because of its poor performance at the tails (Minoiu and Reddy 2007)
5Previous studies have considered special or limited cases of this family, namely the Beta 2 distribution

(Chotikapanich et al. 2012), the lognormal and the Weibull distributions (Pinkovskiy and Sala-i-Martin 2014,

and Chotikapanich et al. 1998, respectively) and the Lamé family (Jorda et al. 2014).
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The remainder of the paper is structured as follows: Section 2 discusses measurement issues in the

estimation of global inequality. Section 3 presents the adopted methodology. Section 4 describes

the data used for the empirical analysis. The results are presented in Section 5, whereas Section

6 discusses the goodness-of-fit of our model. Finally, Section 7 concludes with some reflections

on policy.

2 Measuring global income inequality

The concept of global income inequality is inherent to the disparities in income between all in-

dividuals in the world. In the utopia of having complete information about the income of all

individuals in the world, or even a representative sample of the global population, the estimation

of levels and trends of global inequality would be a relatively straightforward exercise. However,

in the real world, there is not such a global survey of personal income, nor nationally presentative

surveys for all countries in the world. Nevertheless, with the significant expansion in the gener-

ation of household surveys over the past 40 years, particularly in developing countries, there are

now data available on per capita income (or consumption expenditure) for a significant number of

countries over a reasonable long period of time.6 This allow us to get a first approximation to the

actual global income distribution under the assumption that all individuals in a country have the

same income level, and to compute inequality measures for this hypothetical distribution. This

is equivalent to obtain inequality measures using per capita income weighted by the population

of each country, what Milanovic (2011) defines as ‘Concept two inequality’, and which we refer

simply to as between-country inequality. This simple approach would yield a lower bound of

the actual level of inequality since income disparities within countries would be suppressed. To

provide more accurate estimates on global income inequality, additional information is needed on

the within-country distributions.

Previous studies on global inequality have used income shares (typically five or ten points of the

Lorenz curve) to estimate within-country inequality, to obtain measures of global interpersonal

inequality (Bourgignon and Morrison 2002, Milanovic 2011, Lakner and Milanovic 2013, Niño-

Zarazua et al. 2016, Dowrick and Akmal 2005). One limitation of these studies is the assumption

that all individuals within each income share have the same income, thus suppressing inequality

within each group. Hence, the results obtained by using this methodology can be regarded as

being downward-biased estimates of the actual level of global inequality.

To illustrate this point graphically, we present in Figure 1 the Lorenz curve for the United States

in 2013. The available information on within-country distributions are income shares, i.e. points

of the Lorenz curve, represented by the black points in Figure 1. Computing inequality measures

directly from income shares is a very intuitive strategy that avoids the need of imposing a model

to fit the data. This approach implicitly assumes equality of incomes within income shares,

which graphically implies linking these points linearly as illustrated by the dashed line in Figure

6Chen and Ravallion (2008) report that household surveys covered only 51.3 per cent of the world population

in the early 1980s. By the mid-2000s, the coverage had increased to above 90 per cent
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Figure 1: Truncated and non-truncated Lorenz curves under different methodological assump-

tions

Empirical LC (truncated)
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Source: Authors’ estimates.

1. This approach yields a Gini index of 0.442, while the estimate the actual Gini index using

survey data is 0.477. We need, therefore, to define a model which allows us to impose more

plausible assumptions on income dynamics within each income share to obtain reliable estimates

of inequality. The solid black line in Figure 1 is an approximation to the Lorenz curve using an

alternative parametric model. Despite the uncertainty about the within group distribution, the

estimated Gini index of 0.473 yields a closer estimate to the actual survey value, which indicates

that the model provides more reliable results.

A major drawback in using survey data in the estimation of within-country, and also global

inequality, is the fact that the richest households respond survey questionnaires proportionately

much less than the rest of the population, resulting in undersampling of top incomes. This

explains why Alvaredo (2009a) could not find rich individuals reporting incomes over one million

dollars in Argentina despite the fact there were about 700 people with such income levels according

to tax records.7 Therefore, by using household survey data, we are only able to estimate global

inequality measures of the conditional distribution of income that is lower to a particular threshold

b, i.e. f(y|y < b).8, whose Lorenz curve is represented by the solid black line in Figure 1.

In order to produce accurate estimates of global inequality, we need to model the income distri-

bution of the entire population, which can be expressed more formally as follows:

f(y) = f(y|y < b)F (b), (1)

7The problem of undersampling and underreporting of income at the upper tail of the income distribution are

partly due to the way sampling frames are designed, but also due to attitudinal factors among the very rich. For

a discussion see Anand and Segal (2008).
8Albeit there is also left truncation due to the not consideration of the very poor, we do not consider it in our

estimation. The effect of including them would be marginal compared with the effect of the very rich individuals

and, due to the lack of information about the proportion of poor population not included in the survey, it would

add more uncertainty to our estimates on income inequality.
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where the probability F (b) is the proportion of the population covered by the survey. We could

obtain the income distribution from the conditional distribution in (1) quite straightforwardly if

the threshold or the proportion of population covered by the survey were known, unfortunately,

this information is unknown. This threshold plays a critical role in estimating the global distri-

bution of income. The solid and dashed grey lines in Figure 1 represent the Lorenz curves of

the unconditional distribution (f(y)) assuming that the survey covers 97.5 and 95 per cent of

the population, respectively. The conditional distribution Lorenz dominates the unconditional

distributions because top incomes are not included in the sample, thus being characterized by

lower levels of inequality. It is quite intuitive to see that, as the proportion of population covered

by the survey increases, the effect of truncation on the entire population diminishes. In the limit,

b equals to the income of the richest individual, so that F (b) = 1 and then f(y) = f(y|y < b).

The effect of missing top incomes on global inequality can be considerable even when household

surveys cover a large proportion of the population. In our example, if the survey covered 97.5%

of the population, the Gini index of the unconditional distribution would be 0.568, whereas for a

coverage rate of 95 per cent, it would rise to 0.692.

Lakner and Milanovic (2013) is the first study that quantified the effect of missing top incomes

on global inequality estimates. In their methodology, the mean incomes from household surveys

were adjusted to mean incomes from National Accounts Statistics (NAS), and the right tail

reshaped according to a Pareto law at the top 10 per cent. More recently, Anand and Segal

(2015, 2016) imputed the underresponse of the top 1 per cent of richest individuals from tax

data while also adjusting the tail using the Pareto distribution. This semiparametric technique,

albeit being an step forward in the analysis of global inequality, presents two limitations: Firstly,

it is rather arbitrary to allocate all the excess of national accounts to survey means at the top

decile. Whereas this choice was driven by data limitations, there is no empirical or theoretical

justification to chose that particular threshold. Second, while the Pareto distribution is a valid

candidate to model the right tail of the income distribution, previous studies have shown that

this particular functional form performs very poorly for the bulk of the distribution. Due to the

highly heterogeneous sample of countries that is involved in global analysis, the point where this

model becomes suitable may differ across countries, thus causing misspecification bias.9

3 Methodology

In this study, we propose a fully-parametric approach to approximate the Lorenz curve of the

entire income distribution for each country and year. Our approach allows us to define any

truncation point and address the existing variability of income within income shares. More

specifically, we use a very general functional form, the so called Generalized Beta of Second Kind

(GB2), which is a general class of distributions that is acknowledged to provide an accurate fit to

income data (McDonald and Xu 1995, McDonald and Mantrala 1995). This family nests most of

the functional forms used to model income distributions, including the Beta 2 distribution used

9The Pareto law seems to fit adequately only the top 5 per cent of incomes in the United States and the United

Kingdom (Dragulesku and Yakovenko, 2000).
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by Chotikapanich et al. 2012, the lognormal and the Weibull distirbutions used by Pinkovskiy

and Sala-i-Martin 2014 and Chotikapanich et al. 1998, respectively, and the Lamé family used

by Jorda et al. 2014. This model is defined in terms of the probability density function (PDF)

(a, b, p, q ≥ 0) as follows:

f(x; a, b, p, q) =
axap−1

bapB(p, q)[1 + (x/b)a]p+q
, x ≥ 0, (2)

where B(p, q) =
∫∞

0
tp−1(1 − t)q−1dt is the beta function. The parameters a, p and q are shape

parameters and b is a scale parameter.

We fit this model to all countries in each year. The use of the same functional form for the

whole sample might not be a problem because the GB2 is a flexible model that includes a large

number of parametric distributions as special cases. Therefore, it would converge to any of these

sub-models if needed.10

As our estimation strategy relies on points of the Lorenz curve, we need to define it for the GB2

distribution. The Lorenz curve can be generally expressed as

L(u) = FY(1)
(F−1
Y (u)), (3)

where FY(1)
(y) =

∫ y
0
tf(t)dt is the distribution of the first incomplete moment and F−1

Y (u) denotes

the quantile function.

Thus, by substituting the explicit expressions of the quantile function and the first incomplete

moment of the GB211 in Eq. (3), we get the Lorenz curve for this family:

L(u; a, p, q) = IB

[
[IB−1(u; p, q)]a

1 + [IB−1(u; p, q)]a
; p+

1

a
, q − 1

a

]
, (4)

where IB(., .) stands for the incomplete beta function defined as IB(y; p, q) = (1/B(p, q))
∫ y

0
xp−1(1−

x)q−1dx.

If we estimate directly Eq.(4) using truncated survey data, which only include information about

the bottom t% of the population, we would be estimating the parameters of the truncated distri-

bution (f(y|y < b)). Hence the problem of undersampling top incomes would not be addressed.

To do so, we would need to estimate the parameters of the distribution using a model that con-

siders the right truncation of the data in the estimation. We use thus the following Lorenz curve

to estimate the parameters of interest:

L(u|u < t) =
L(u)

L(t)
, (5)

where L(u) is the Lorenz curve of the entire population, t ∈ [0, 1] is the proportion of the total

population covered by the survey (F (b)) and L(t) is the Lorenz curve at the truncation point,

10See McDonald (1984) and Kleiber and Kotz (2003) for details on the relation between the GB2 and its

particular and limiting distributions.
11The expressions of the first incomplete moment and the quantile function can be found in Hajargasht et al.

(2012).
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i.e. the share of the total income held by the population covered in the survey. Substituting the

formula of the truncated Lorenz curve of the GB2 in Eq. (5) we obtain,

Lt(u; a, p, q) =
IB
[

[IB−1(u;p,q)]a

1+[IB−1(u;p,q)]a , p+ 1
a , q −

1
a

]
IB
[

[IB−1(t;p,q)]a

1+[IB−1(t;p,q)]a , p+ 1
a , q −

1
a

] . (6)

The parameters of the distribution are estimated by minimizing the squared deviations between

the income shares and the theoretical points of truncated Lorenz curve of the GB2 distribution

in Eq.(6), that is

mina,p,q

J∑
j=1

IB
[

[IB−1(uj ;p,q)]a

1+[IB−1(uj ;p,q)]a , p+ 1
a , q −

1
a

]
IB
[

[IB−1(t;p,q)]a

1+[IB−1(t;p,q)]a , p+ 1
a , q −

1
a

] − sj
2

. (7)

The b parameter plays no role in the estimation because the Lorenz curve is independent to

scale, so we use a moment estimator of the mean to estimate it. More specifically, we equal the

theoretical expression for the mean of the GB2 distribution to the per capita income and solve

for the b parameter:

b̂ = Ȳ
B(p̂, q̂)

B(p̂+ 1
â , q̂ −

1
â )
,

where Ȳ denotes the per capita income, â, p̂, q̂ are the estimated parameters and B(., .) stands

for the beta function.

Even when the parameters are estimated from a truncated Lorenz curve, we can obtain the Lorenz

curve of the whole population by substituting them in Eq.(4). It is worth noting here that t is

not a parameter to be estimated. It must be defined ex-ante, being the parameter estimates

strongly affected by this choice. There is not a universal truncation point for all household

surveys in the world; these are expected to differ across countries and years. Previous studies on

top incomes have made different assumptions on the proportion of the population uncovered by

household surveys, with 0.1, 1, 5 and 10 per cent being the most popular choices (Alvaredo 2011,

Atkinson 2007, Lakner and Milanovic 2013). However, there is not any particular reason to set

such particular thresholds.

As a tentative approximation to the truncation points, we resort to data on top incomes from

the WID database (Alvaredo et al. 2015), and estimate the income distribution of the countries

for which this information is available, to obtain the optimal truncation point. In particular, we

define a grid for the t parameter from 0.90 to 0.999 by steps of 0.001, and for each truncation

point we estimate Eq.(7).12 We then estimate top income shares at 10, 5, 1, 0.1 per cent under

our parametric model and compare them with those obtained from tax data from the WID. We

12Nonlinear regression techniques involve the definition of starting values for the optimization algorithm. The

estimation of the GB2 distribution is characterized by multiple local minima, thus making it difficult to ensure

that our estimates are those which globally minimize the squared sum of residuals (SSR). Hence, we consider

a set of alternative initial values to ensure that our results are robust to the starting point of the optimization

algorithm.
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Table 1: Optimal truncation points for countries with comparable observations in WID and WIID

Country year average t number of years

Australia 1986-2001 0.995 5

Canada 1975-2009 0.964 8

Finaland 1962-1987 0.994 2

Germany 1965-1977 0.991 2

Ireland 1987 0.995 1

Japan 1962-1987 0.988 27

Korea 1980-1998 0.985 6

Norway 1957-1963 0.986 2

The Netherlands 1962-1989 0.993 2

Singapore 1979 0.990 1

Sweden 1963-1988 0.981 10

Switzerland 1983 0.997 1

UK 1969-1999 0.992 8

US 1967-2004 0.976 36

Overall 1962-2009 0.983 111

Source: Authors’ estimates using data from WIID and WID.

chose the truncation point which yields the lowest sum of the squared differences between both

the estimated and the observed top incomes. This truncation point is optimal in the sense that it

minimizes the squared differences between the top incomes available in WID and the estimated

top incomes using the GB2 distribution.13 Table 1 includes a summary of the truncation points

obtained for the 111 country-years cases for which we have data on top incomes. Substantial

differences are observed across countries, with the optimal truncation points ranging from 0.997

(Switzerland) to 0.964 (Canada). For this particular sample of countries, our results indicate

that, on average, surveys represent 98.3 per cent of the population.

Regarding the evolution of the truncation point, our results suggest a decreasing trend in most

of these countries, indicating that household surveys represent a lower proportion of the pop-

ulation over time.14 This is partly due to the fact that, despite the very significant expansion

in the generation of household surveys, particularly in developing countries, persistent problems

of under-sampling and under-reporting of income at the upper tail of the income distribution

remain due to the way sampling frames are designed and also to attitudinal factors among the

richest,(Anand and Segal 2008). Notwithstanding, our sample is very limited, only including de-

veloped countries, so it would be arguably misleading to take the average truncation point from

this subset of countries as a unique reference for the proportion of top incomes not included in

13We are aware of the fact that top income shares from tax data are obtained from left truncated samples because

the poorest individuals are not required to pay taxes.Thus, the truncation point obtained by our procedure could

be regarded as an upper bound of the actual truncation point
14Complete results on the truncation point for each country and year are available upon request.
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household surveys around the world. This is because the rich in developing countries represent

a much lower proportion of the population (Anand and Segal 2016). To provide complete esti-

mates of the evolution of global inequality, we use different truncation points around this level

to estimate Eq. (6) for each country and year.

Once the parameters of the distribution are estimated, the computation of inequality measures

is relatively straightforward. The Lorenz curve is a powerful tool to measure inequality, but it

leads to a partial ordering in the sense that not all distributions can be ranked. In these cases,

we need inequality measures that provide a complete ordering of distributions. If two Lorenz

curves cross, inequality measures can produce different results depending on their sensitivity to

different parts of the distribution. The Gini coefficient is more sensitive to the middle of the

distribution, and it does not allow us to change the weight given to differences in specific parts of

the distribution. Varying the sensitivity of inequality measures to the bottom or the upper tail

is particularly relevant when there is no Lorenz dominance (Lambert 2001).

To vary the importance of redistribution movements at different parts of the distribution, we

compute an alternative set of inequality measures belonging to the generalized entropy (GE)

family. This family of inequality measures is additively decomposable in two components, the

between- and within-country components, and includes a sensitivity parameter that give weights

to the differences observed across the income distribution. To examine the evolution of global

inequality, we compute GE measures for different parameter values. The mean log deviation

(MLD) corresponds to the GE index when the parameter is set to 0, thus being more sensitive

to the bottom part of the distribution. The case given by the Theil’s entropy measure is equally

sensitive to all parts of the distribution, being characterized by a parameter value equal to 1.15

The global income distribution can thus be defined as a mixture of the national distributions

weighted by their population shares. To do so, let Yi, i = 1, ..., N be the income variable in

county i, which is assumed to follow a GB2 distribution given by Eq.(2). Then, the global PDF

can be expressed as,

f(y) =

N∑
i=1

λifi(y),

where λi stands for the population weights of country i.

Global inequality estimates of the GE measures can be derived by taking advantage of the de-

composition of this family.

The especial cases given by the Theil and the MLD can be decomposed as follows:

TW =

N∑
i=1

siTi;TB =

N∑
i=1

silog

(
µi
µ

)
,

LW =

N∑
i=1

λiLi;LB =

N∑
i=1

λilog

(
µ

µi

)
,

15For the GB2 distribution, the closed expression for the GE measures can be found in Jenkins (2009).
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where λi is the population share of the country i, si stands for the proportion of mean income of

country i in the national mean: si = λiµi

µ = λiµi∑N
i=1 λiµi

and Ti and Li are, respectively, the Theil

index and the MDL of country i.

4 Data

For the analysis of global income inequality, we use data on income shares from UNU-WIDER’s

World Income inequality Database (WIID) version 3.3, which contains repeated cross-country

information on Gini coefficients and income (or consumption) quantiles for 175 countries over the

period 1960-2015.16 The WIID is the most reliable and comprehensive database of worldwide

distributional data currently available.17 Our analysis focuses on the period 1990-2010 at five-

year intervals – 1990, 1995, 2000, 2005 and 2010. As in each data point there were missing

observations that reduce the coverage of the sample, we opted to include observations within a

maximum of the previous/next five years of each data point, while preference was given naturally

to the closest observations.

In addition, we adopt a conceptual base of the Camberra Group to minimize the problems that

may arise from informational differences in the WIID in terms of unit of analysis, equivalence

scale, the quality of the data and the welfare concept. First, as we focus on global interpersonal

inequality, the preferred unit of analysis is the individual rather than the household. Second, we

opt for income per capita rather than adult equivalent adjustments. Third, we give preference

to observations from nationally representative surveys, which are deemed to be of the highest

quality in the WIID. Finally, in relation to the welfare concept, our preference is to choose

income-based data instead of consumption-based data. However, dropping consumption-based

data altogether would have severely affected the coverage of the global population. In order to

keep the global coverage as high as possible, we included consumption data but adjusted by a

correction procedure that partially harmonizes income and consumption data.

The methodology consist of comparing the average income shares with those of consumption, for

the available country-year observations that had both income and consumption data available

for the same year. If there were different sources for income and consumption data for a given

country-year, our preference was to choose instances where both kinds of data came from the

same sources. This was done in order to minimize measurement error due to variations in survey

designs. We grouped countries into seven world regions and compute an average index of income

relative to consumption (see Appendix Tables A2 and A1. Previous studies have used the absolute

average difference between the two to correct either consumption shares (Niño-Zarazúa et al.

2016) or Gini indices (Deininger and Squire 1996). We opt, however, for the relative difference

at regional, not global levels, to better account for the heterogeneity of countries in the income-

consumption relationship. After these adjustments, we were able to cover over 90 per cent of

16The WIID database is available on the following link: https://www.wider.unu.edu/project/wiid-%E2%80%93-

world-income-inequality-database
17For a review of the WIID, see Jenkins (2015).
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global population in all year points (see Appendix Table A3).

To construct the global distribution of income, we need in addition to income shares, data on

mean income. The choice between mean incomes from national accounts or household surveys

is generally a key question in the analysis of global inequality. With a few exceptions (notably

Anand and Segal 2008, Milanovic 2011, Lakner and Milanovic 2013), most studies on global

inequality have used national accounts, and in particular gross domestic product (GDP) per

capita, given the limited availability of survey means (Atkinson and Brandolini 2010, Bhalla

2002, Bourguignon and Morrisson 2002, Dowrick and Akmal 2005, Niño-Zarazúa et al. 2016,

Sala-i-Martin 2006, Jorda et al. 2014, Chotikapanich et al. 2012). It is worth noting though

that for the specific objective of this study, which aims to account for the effect of omitted top

incomes on global inequality, the use of mean incomes from household surveys are likely to yield

biased estimates of global inequality given the persistent undersampling and underreporting of

income at the upper tail of the income distribution (Anand and Segal 2008).

If discrepancies between national accounts and survey means were only driven by the undersam-

pling and underreporting of top incomes, it would be reasonable to estimate the mean of the

income distribution using data from national accounts. Deaton (2005) argues that GDP is a

poor measure of household income as it contains depreciation, retained earnings of corporations,

and components of government revenue that are not distributed back to households in the form

of social assistance or social security transfers. However, for the specific analysis of how top

incomes may affect global inequality estimates, data from national accounts may actually be a

better proxy for to the actual mean income of countries after accounting for the effect of the

richest. For that reason, and also due to the limited coverage of survey means in the WIID, we

use GDP per capita adjusted by purchasing power parities (PPP) at constant prices of 2011,

taken from the World Bank’s World Development Indicators.

5 Results

In this section, we present an analysis of the evolution of global inequality for the period 1990-

2010. We first estimate the levels of global inequality using group data without taking into

account the inherent truncation of the data. These estimates can be regarded as a benchmark to

assess the bias due to the omission of top incomes.

Before moving onto the analysis of global inequality, it is worth considering the effect of the

correction of consumption shares in our estimates of global inequality. Figure 2 presents the

evolution of the MLD and the Theil index before and after correcting for consumption shares.

Both measures show higher levels of inequality when we apply the procedure described in Sec-

tion 4 that makes income and consumption shares comparable. The results indicate that our

procedure correctly reflects the expected relationship between income and consumption. Both

series, corrected and non-corrected, show similar trends in both inequality measures, albeit some

differing patterns in the period 2000-2010 are observed for the case of the MLD. We are certainly
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Figure 2: The effect of correcting consumption shares on global inequality

Source: Authors’ estimates based on data from WIID.

aware that, even when accounting for the heterogeneity across world regions, our procedure can

correct, at least partially, for the divergence between these two welfare concepts.

Turning now to the evolution of global inequality, Table 2 presents the results of global inequality

estimates based on the MLD and the Theil index. In line with previous studies, our estimates

reveal a world characterized by extraordinarily high levels of income inequality, levels which are

higher than the levels observed in the most unequal countries on earth. Such high levels of global

inequality have nonetheless exhibited a declining trend over the past two decades, particularly

in the 2000s. We also exploit the decomposability property by population subgroups of the GE

measures to separate overall global inequality by its between- and within-country components.

The decomposition analysis indicates that the decrease in global inequality has been mainly driven

by a decline in between-country inequality, largely influenced by the rapid economic growth and

convergence of income that populous countries such as China and India experienced over the past

30 years (Niño-Zarazua et al. 2016, Lakner and Milanovic 2013). In fact, the between-country

inequality component accounts for two-thirds of the overall global inequality. Conversely, within-

country inequality estimates show an increasing trend during the 1990s and early 2000s, but then

a slightly decrease, which becomes particularly marked after the 2008 global financial crisis.

Thus far, we have conducted a conventional analysis of global inequality, without accounting for

the effect of omitted top incomes. Based on the methodology proposed in Section 3, we present in

Table 2 an estimation of the relative size of the bias of global inequality estimates, under different

assumptions about the proportion of the population covered by household surveys. In Section 3,

we conducted a parallel analysis using both survey data and tax records which revealed that, for

a sample of developed countries, household surveys cover, on average, the bottom 98.3 per cent

of the population. As pointed our earlier, the truncation points determined by our methodology

are upper bounds, in the sense that tax data is left truncated and hence the top income shares of

the whole society are expected to be higher. For that particular reason, we estimate truncation

12



Table 2: Global income inequality and estimated bias due to the omission of top income shares

1990-2000 2000-2010

1990 1995 2000 2005 2010 Change (%) Change (%)

Total 1.0869 1.0458 1.0488 0.9275 0.7423 -3.5% -11.4%

Between 0.7399 0.6392 0.6013 0.5297 0.4115 -18.7% -17.1%

Within 0.3470 0.4066 0.4475 0.3978 0.3308 29.0% -2.5%

MLD Bias 0.995 -15.0% -18.9% -17.8% -16.8% -17.4% -0.3% -13.7%

Bias 0.99 -24.1% -28.6% -27.2% -29.5% -27.8% 0.6% -10.3%

Bias 0.985 -31.4% -35.9% -36.6% -36.0% -32.7% 4.4% -11.2%

Bias 0.98 -38.7% -40.8% -41.9% -42.3% -38.1% 1.8% -9.1%

Total 0.9338 0.9341 0.9089 0.8138 0.6577 -3.1% -11.5%

Between 0.6915 0.6522 0.6276 0.5429 0.4118 -9.6% -13.4%

Within 0.2424 0.2819 0.2813 0.2709 0.2460 12.0% -7.8%

Theil Bias 0.995 -5.1% -6.6% -6.6% -6.8% -7.2% -1.6% -11.2%

Bias 0.99 -8.8% -11.1% -11.0% -11.8% -12.3% -0.7% -10.8%

Bias 0.985 -12.3% -15.2% -15.3% -16.1% -16.2% 0.2% -10.6%

Bias 0.98 -16.0% -18.6% -19.0% -19.2% -19.8% 0.5% -10.8%

Source: Authors’ estimates using data from WIID.

points at a 98 per cent levels. We note that our estimates are built upon the hypothesis that

all countries have similar truncation points, an assumption that can be inconsistent with the

heterogeneity observed in Table 1. Given the rigidity of this assumption,18 our results can be

interpreted as lower bounds of global income inequality in the sense that it is the minimum level

of inequality that would exist if survey data represented that proportion of population or less

in all countries.19 Consequently, we opt for presenting global inequality estimates at relatively

conservative rates of non-response among the rich: 0.5, 1, 1.5 and 2 per cent. We take such

conservative approach even when we observe higher (actual) truncation points in some developed

countries.

The results in Table 2 suggest that the bias in conventional global inequality estimates is sub-

stantially high even for the most conservative levels of truncation, which assume that household

surveys represent 99.5 per cent of the population. Indeed, we find an underestimation of global

inequality levels in the order of 15 and 19 percent using the MLD, and 5 and 7 per cent using

the Theil index, depending on the year in question. The MLD shows a higher bias than the

Theil index because it is more sensitive to the bottom of the distribution. As expected, the size

18Our methodology allows us to vary the truncation point across countries and years. However, due to the

absence of information on the optimal truncation point for every country in the world, we are forced to assume

similar truncation points for all countries.
19If some countries exhibited higher rates of non-response among the richest, than that assumed, their within-

country inequality would be necessarily higher given that distributions with lower truncations points (i.e. with

less proportion of population represented by the survey), Lorenz dominates the distributions with higher levels of

truncation. This would imply that within-country inequality would be underestimated, thus characterizing our

results as a lower bound of global inequality.
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Figure 3: Global income inequality estimates based on MLD for different truncation points

Source: Authors’ estimates based on data from WIID.

of the bias increases as the truncation point decreases, because distributions that represent a

higher proportion of the population, Lorenz dominates those with lower truncation points. For a

level of truncation similar to that observed in developed countries (98 per cent), global inequality

estimates would be underestimated by 40 per cent using the MLD, and by 19 per cent using the

Theil index.

The argument that previous estimates of global inequality are lower bounds has been repeatedly

indicated in the literature. However, our results also show that omitted top incomes can not only

change the level of global inequality, but also the direction of trends. This is illustrated in the last

two columns of Table 1, which show the growth rate of inequality under different assumptions

about the truncation level. The decreasing trend observed during the 1990s becomes positive

when a truncation point of 99 per cent is considered for the MLD and 98.5 per cent for the Theil

index.

In Figures 3 and 4 we illustrate graphically the recent evolution of global inequality adopting dif-

ferent assumptions about the proportion of omitted top incomes. Notwithstanding the decreasing

trend in global inequality of the truncated sample, the MLD shows fairly different evolutions over

the 1990s, depending on the level of truncation. Global inequality increased from 1990 to 1995

under all truncation points, except at 98 per cent, for which disparities remained constant. For

the next five years, global inequality began to fall under the assumption of high representative

coverage —at 99.5 and 99 per cent— of household surveys, whereas it increased if we assumed

a high level of truncation. Similarly, the Theil index shows parallel trends of global inequality,

except for the period 1990-95, which shows a modest reduction of global inequality, whereas

an upward trend is observed once we impute omitted top incomes, no matter at what level of

truncation.

The effect of top incomes can nonetheless vary across world regions, depending on the shape

of the truncated distribution, and also the welfare institutions, fiscal policies and overall, the
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Figure 4: Global income inequality estimates based on the Theil index for different truncation

points

Source: Authors’ estimates based on data from WIID.

social contracts that may dominate each of the world regions. In Table 3 we present inequality

estimates based on the MLD for eight world regions based on the UNDP classification.20 We

compute the MLD assuming the following truncation points for the regional populations: 98.5,

99, 99.5 and 100 per cent. The results show that in contrast to what we observe at the global level,

within-country inequality is the predominant driver of regional inequality. This indicates that

world regions tend to be, on average, more homogenous in terms of per capita income. Only East

Asia and the Pacific exhibited a higher between-country inequality in the 1990s although with a

decreasing rate, relative to within-country inequality, during the 2000s. This is largely explained

by market oriented structural reforms, technological change, trade liberalization and the rapid

convergence process that countries such as China, India, Indonesia and Vietnam experienced over

the past 30 years vis-à-vis the most advanced economies in the region (see Fujita et al. (2001),

Monfort and Nicolini (2000), Zeng and Zhao (2010), and also Krugman and Venables (1995)

and Behrens et al. (2007) for a theoretical discussion). Furthermore, East Asia and the Pacific,

together with the Middle East and North Africa are the world regions that have seen changes in

the trends of inequality due to the imputation of top incomes. In East Asia and the Pacific, for

instance, conventional inequality estimates, which suffer from undersampling bias of top incomes,

show a reduction in inequality during the period 1990-95, but then an stagnation in inequality

when we consider a truncation point at 99.5 per cent, and even an upward trend is observed when

adopting higher truncation levels. Similar patterns are exhibited by South Asia, the Middle East

and North Africa for the period 1995-2000.

In contrast, Europe, Latin America and the Caribbean and Transition Economies show parallel

evolutions of regional inequality, with growing trends during the first half of the 1990s but then

a decreasing one thereafter. This pattern is not sensitive to the inclusion of top incomes for

20See Table A4 in the Appendix for regional inequality estimates based on the Theil index.
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any level of truncation. Interestingly, whereas North America displays an ascending trend in

income inequality under conventional estimates for the period 2000-10, this trend is reversed in

the period 2005-10 after adjusting for top incomes bias. Our findings confirm previous analyses

on the effect of the financial crisis of 2008-09, particularly in the US, which indicate that the

richest top 1 per cent families experienced the largest loss in income during, and immediately

after the crisis, which in turn had a short-term ’equalizing effect’ in the income distribution of

the country (Alvaredo et al. 2013; Piketty and Saez 2013).21

Our analysis has so far indicated that the effect of omitted top incomes on regional inequality

is heterogeneous across regions, with a particularly marked effect in sub-Saharan Africa, the

region with the lowest per capita income in the world. This suggests that the levels of inequality

may be affected differently by the richest individuals, depending on the stage of development and

income convergence of countries. In Table 4 we present the evolution of inequality under different

assumptions on the truncation level of the distribution, based on the World Bank classification

of countries by income groups.22 Based on this classification, we observe that within-country

inequalities drive predominately overall inequality in all income groups, with one exception: low-

income countries. This is the only group whose between-country component dominates overall

inequality, and also the only group that has not experienced convergence in income, but in fact

divergence, during the period of analysis. Our results underpin the findings of earlier studies

that show that in a era of rapid globalization, the growing adscription to South-South free trade

agreements, and the resulting trade diversion instigated by changes in the comparative advantage

of these nations, are key factors behind the absence of convergence between low-income countries

(Baldwin et al. 2001, Venables 1999).

Turning our attention to the effect of omitted top incomes on overall inequality by income groups,

we find a heterogeneous process, depending upon the level of income and also in some groups,

the expected truncation point. For example, inequality in high-income countries increased from

1990 to 1995, remained constant in the second half of the 1990s and decreased steadily from

2000 to 2010. This trend is robust for any truncation point of the distribution. In contrast, for

upper- and middle-income countries, inequality levels and trends vary considerably, depending

on the selected truncation point. To illustrate, if we assume a truncation point of 99.5 per cent,

inequality displays a decreasing trend from 1990 to 1995, while at higher levels of truncation, it

increased over the same period. In contrast, for lower- and middle-income countries, inequality

shows an upward trend between 1990 and 1995 assuming a truncation point of 99.5 per cent while

it shows a downward trend at higher truncation levels. Thereafter, inequality remained constant

until 2005, when it began to decrease. Finally, low-income countries experienced a reduction in

inequality between 1990 and 2010 under relatively conservative assumptions about the truncation

of the distribution, 100 per cent and 99.5 per cent, but reversed its trends between 2005 and 2010

21It is important to highlight the fact that the declining trend in income inequality in the US rebounded after

2010, largely driven by a quick recovery in growth of top incomes; see Saez (2015) for more details.
22Low-income countries are defined by the World Bank as those with a gross national income (GNI) per capita,

calculated using the Atlas method, of US$1,025 or less in 2015; lower middle-income countries are those with

a GNI per capita between $1,026 and $4,035; upper middle-income countries are those with a GNI per capita

between $4,036 and $12,475; and high-income countries are those with a GNI per capita of $12,476 or more.
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Table 3: Regional income inequality and estimated bias due to omitted top incomes

1990 1995 2000 2005 2010

MLD between 0.6359 0.4483 0.3446 0.2239 0.1374

MLD within 0.2435 0.3422 0.4800 0.3392 0.2353

East Asia MLD 0.8794 0.7905 0.8246 0.5631 0.3728

and the MLD (Truncation 0.995) 0.9417 0.9415 0.9663 0.6580 0.4423

Pacific MLD (Truncation 0.99) 1.0007 1.0923 1.0994 0.7621 0.5060

MLD (Truncation 0.985) 1.0655 1.2230 1.3558 0.8466 0.5833

MLD between 0.0799 0.0887 0.0812 0.0633 0.0510

MLD within 0.2050 0.2093 0.1963 0.1927 0.1797

MLD 0.2849 0.2981 0.2775 0.2560 0.2307

Europe MLD (Truncation 0.995) 0.3404 0.3540 0.3239 0.3067 0.2717

MLD (Truncation 0.99) 0.3918 0.4057 0.3639 0.3414 0.3044

MLD (Truncation 0.985) 0.4430 0.4596 0.4069 0.3784 0.3403

MLD between 0.0595 0.0528 0.0760 0.0734 0.0401

MLD within 0.6503 0.6708 0.6443 0.5953 0.5358

MLD 0.7098 0.7236 0.7203 0.6687 0.5758

Latin America MLD (Truncation 0.995) 1.2260 1.3314 1.2808 1.0898 0.9182

and the MLD (Truncation 0.99) 1.5311 1.6689 1.6351 1.4359 1.1726

Caribbean MLD (Truncation 0.985) 1.9211 2.1814 2.0876 1.5903 1.1834

MLD between 0.0843 0.0915 0.0842 0.0944 0.0909

MLD within 0.3445 0.3435 0.3593 0.2596 0.2602

MLD 0.4288 0.4350 0.4434 0.3540 0.3511

Middle East MLD (Truncation 0.995) 0.5598 0.5589 0.5703 0.4284 0.4545

and North MLD (Truncation 0.99) 0.6393 0.6172 0.6516 0.4909 0.4971

Africa MLD (Truncation 0.985) 0.7255 0.6838 0.7227 0.5356 0.5435

MLD between 0.0223 0.0208 0.0158 0.0220 0.0223

MLD within 0.3578 0.4097 0.4198 0.5310 0.3941

MLD 0.3801 0.4304 0.4356 0.5530 0.4164

South Asia MLD (Truncation 0.995) 0.5528 0.6816 0.6526 0.7863 0.6469

MLD (Truncation 0.99) 0.6706 0.8251 0.8885 1.2153 0.7904

MLD (Truncation 0.985) 0.7487 0.9170 1.0744 1.4315 0.8157

MLD between 0.3449 0.3531 0.3342 0.3303 0.3185

MLD within 0.8650 0.7545 0.7038 0.4763 0.5348

MLD 1.2099 1.1075 1.0380 0.8066 0.8533

Sub-Saharan MLD (Truncation 0.995) 2.1655 1.8107 1.6811 1.2533 1.1560

Africa MLD (Truncation 0.99) 3.0378 2.2936 1.9124 1.4459 1.5638

MLD (Truncation 0.985) 3.8983 2.7929 2.2256 1.7064 1.8702

MLD between 0.0013 0.0018 0.0018 0.0019 0.0016

MLD within 0.2919 0.3333 0.2689 0.2902 0.2988

MLD 0.2932 0.3352 0.2708 0.2920 0.3004

North MLD (Truncation 0.995) 0.3253 0.3899 0.3383 0.3797 0.3640

America MLD (Truncation 0.99) 0.3556 0.4442 0.4010 0.4615 0.4213

MLD (Truncation 0.985) 0.3875 0.5003 0.4777 0.5473 0.4978

MLD between 0.1194 0.1728 0.1836 0.1822 0.1369

MLD within 0.0996 0.3705 0.2926 0.2220 0.2405

MLD 0.2190 0.5433 0.4761 0.4043 0.3774

Economies MLD (Truncation 0.995) 0.2278 0.7058 0.5820 0.4549 0.4509

in transition MLD (Truncation 0.99) 0.2370 0.9012 0.6268 0.4987 0.5032

MLD (Truncation 0.985) 0.2436 0.9319 0.6708 0.5369 0.5708

Source: Authors’ estimates using data from WIID.
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Table 4: Income inequality by development levels and estimated bias due to omitted top incomes

1990 1995 2000 2005 2010

MLD between 0.1885 0.2179 0.2155 0.1942 0.1407

MLD within 0.2081 0.2544 0.2497 0.2282 0.2334

MLD 0.3966 0.4723 0.4651 0.4224 0.3741

High income MLD (Truncation 0.995) 0.4383 0.5354 0.5444 0.4835 0.4328

MLD (Truncation 0.99) 0.4727 0.5852 0.5913 0.5352 0.4764

MLD (Truncation 0.985) 0.5030 0.6352 0.6326 0.5866 0.5270

MLD between 0.4372 0.2522 0.1721 0.0989 0.0297

MLD within 0.3216 0.4044 0.5332 0.4099 0.2750

MLD 0.7589 0.6565 0.7053 0.5088 0.3047

Upper and middle income MLD (Truncation 0.995) 0.9036 0.8904 0.9350 0.7426 0.4174

MLD (Truncation 0.99) 0.9986 1.0680 1.1340 0.8981 0.5643

MLD (Truncation 0.985) 1.1361 1.3040 1.4422 1.0312 0.6242

MLD between 0.1287 0.1314 0.0992 0.0833 0.0736

MLD within 0.4476 0.4744 0.4881 0.4830 0.4222

MLD 0.5763 0.6057 0.5874 0.5663 0.4958

Lower and middle income MLD (Truncation 0.995) 0.9013 0.9288 0.8985 0.7751 0.7322

MLD (Truncation 0.99) 1.1735 1.1503 1.1125 1.1164 0.8875

MLD (Truncation 0.985) 1.4071 1.3351 1.3390 1.3109 0.9767

MLD between 0.5896 0.6168 0.5445 0.5999 0.5823

MLD within 0.4909 0.6531 0.4453 0.3815 0.3847

MLD 1.0805 1.2699 0.9898 0.9813 0.9669

Low income MLD (Truncation 0.995) 1.4089 1.8301 1.2295 1.1973 1.1716

MLD (Truncation 0.99) 1.6964 2.2428 1.3517 1.3117 1.3379

MLD (Truncation 0.985) 1.9557 2.3231 1.5663 1.3586 1.4929

Source: Authors’ estimates using data from WIID.

Note: Theil index estimates by income groups are presented in Table A5 of the Appendix.
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when considering higher levels of omitted top incomes.

6 Goodness-of-fit

How robust are our results? The validity of our estimates relies on the assumption that the income

variable follows a GB2 distribution. Assessing the goodness-of-fit (GOF) of our model is therefore

fundamental. We note though that due to the data structure of our sample, conventional tests of

GOF cannot be performed.23 We can, however, estimate the parameters of the GB2 distribution

without considering the undersampling of top incomes. In particular, we use the income shares

from household surveys available in the WIID to estimate (Eq.4). We then use these parameters

to compute the Gini index, which we compare with the observed Gini index from household

surveys. If the GB2 distribution is a good candidate to model income dynamics within income

shares, the observed and the estimated Gini indices should be similar.

Our study focuses on the estimation of Eq.(6) to approximate the actual income distribution

instead of the truncated one. However, it is not possible to assess the performance of the non-

truncated version of the model because there is no available data to validate it. Despite this

limitation, we argue that if the GB2 family performs well for truncated data, there is no reason

to suspect that it would fail to do so for the entire distribution.

We estimate Eq.(4) for all country-year observations included in the sample. The left panel

of Figure 4 shows the non-parametric density for the (observed) survey Gini index and the

estimated Gini index using the GB2 distribution. The distribution of the survey Gini index and

the estimated one is very similar, although we do not include nested observations in this figure.

It might be possible that, while presenting very similar distributions, some particular countries

exhibit a large gap between the observed and the estimated Gini index.

To analyse the deviance between the observed and the estimated Gini index for each country,

we computed the absolute differences between these two, which are presented in the right panel

of Figure 4. In 75% of the cases the gap between the survey Gini index and the estimate one

is lower than 0.01 points. Absolute differences between 0.01 and 0.02 are found in 10% of the

sample, whereas 11% of our estimates show divergences ranging between 0.02 and 0.05 points.

Finally, about 3% of the estimates show differences greater than 0.05 points.24 This confirms the

robustness of our results and support previous studies that highlight the excellent performance

of the GB2 distribution to model income data (McDonald 1984, Butler and McDonald 1986,

Hajargasht et al. 2012).

23Bootstrapping techniques cannot be used in a context of limited information because we do not know the size

of the sample, which has a strong impact on the bootstrap p-values.
24In some cases we find differences greater than 0.1: Kyrgyzstan (1996), Micronesia (2005), Singapore(2003),

Zambia (2004).
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Figure 4: Goodness-of-fit: density of the empirical and the estimated Gini index (left panel) and

density of the absolute difference (right panel)
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Source: Authors’ estimates using data from WIID.
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7 Conclusions

In this paper we have analysed the levels and evolution of income inequality over the period

1990-2010 with the aim of providing more accurate results than those found in previous studies.

Most of the existing work on global inequality has used grouped data, and adopted empirical

approaches, which implicitly assume equality of incomes within each income shares. Their results

can be, therefore, characterized as lower bound estimates of global inequality. We overcome this

limitation by using a flexible parametric functional form, the GB2 distribution, that allows us to

estimate the income distribution for each country, and to model the differences in income within

each income share. The GB2 includes, as particular cases, all the parametric functional forms

that have been used in the past to model global income distribution, thus letting us to generate

more reliable results with regard to trends and the levels of global inequality.

Another limitation of previous studies is the omission of top incomes in the estimation of global

inequality. The resulting analysis from such truncated distributions at the upper tail can be

regarded as providing lower bound (or downward biased) estimates of global inequality. In order

to overcome this constraint, we propose a method to estimate the effect of undersampling of top

incomes on the income distribution. Given the limited information about the truncation points

of household surveys, which is expected to vary across countries, our method allows us to infer

intuitively optimal truncation points based on tax data from a sample of countries, to correct

for bias in global inequality estimates. Our results indicate that survey-based analyses of global

inequality suffer from downward bias, which is in an order of magnitude of 15 and 42 per cent,

depending on the period of analysis, and the assumed level of truncation at the upper tail of the

income distribution. Furthermore, we find that omitted top incomes not only affect significantly

the estimated levels of global inequality, but they can also change the direction of trends.

Disaggregating the analysis by world regions, we find that the effect of top incomes on the

overall distribution varies significantly across regions, being sub-Saharan Africa, and the poorest

countries in particular, the most affected by the imputation of top incomes on the levels and

trends of inequality.

Given the relative small number of countries with available tax records, upon which our analysis

has been based, and the uncertainly about the actual truncation points of the income distribution

of countries, our results should be interpreted as the lowest level upon which global (or regional)

inequality would lay if all countries were subject to a particular truncation level or higher in

their income distribution due to undersampling problems in household surveys. As imperfect

as it may be, our study is a step forward towards improving our understanding of the impact

of the richest on the evolution of global inequality, and it also highlights the significance of our

results for redistributive policy and also the titanic work that as Atkinson et al. (2011) have

rightly pointed out, is still needed to improve the coverage and accessibility to tax data for future

research.
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8 Appendix

Table A1: Regional income/consumption indices used to correct consumption shares (10 data

points)

Region D1 D2 D3 D4 D5 D6 D7 D8 D9 D10

Developed 0.9382 1.0133 1.0284 1.0303 1.0270 1.0223 1.0260 1.0246 1.0074 0.9604

EAP 0.5566 0.6921 0.7464 0.7968 0.8399 0.8865 0.9303 0.9844 1.0591 1.2093

ECA 0.7791 0.8648 0.8940 0.9146 0.9337 0.9496 0.9661 0.9808 1.0035 1.1415

LAC 0.4461 0.6189 0.7040 0.7606 0.8078 0.8432 0.8819 0.9192 0.9811 1.2602

MENA 0.5493 0.7922 0.8346 0.8906 0.8928 0.8718 0.9211 0.8897 0.8967 1.2374

SA 0.5928 0.7275 0.7807 0.8214 0.8522 0.8857 0.9203 0.9586 1.0242 1.3011

SSA 0.4783 0.5717 0.6556 0.6897 0.7451 0.7802 0.8382 0.8861 1.0059 1.2609

Source: Authors’ calculations based on data from WIID.

Table A2: Regional income/consumption indices used to correct consumption shares (5 data

points)

Region Q1 Q2 Q3 Q4 Q5

Developed 0.9833 1.0294 1.0245 1.0252 0.9777

EAP 0.6342 0.7736 0.8650 0.9601 1.1590

ECA 0.8525 0.9307 0.9513 0.9803 1.0747

LAC 0.5530 0.7355 0.8273 0.9028 1.1730

MENA 0.7000 0.8651 0.8811 0.9033 1.1297

SA 0.6713 0.8025 0.8700 0.9410 1.2048

SSA 0.5350 0.6744 0.7643 0.8650 1.1860

Source: Authors’ calculations based on data from WIID.
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Table A3: Summary statistics by region

1990 1995 2000 2005 2010

Number of surveys 117 129 148 146 127

Years between the survey year and the benchmark year(%)

0 26 46 43 47 52

+/- 1 28 28 21 22 20

+/- 2 26 13 14 18 9

+/- 3 9 7 9 5 7

+/- 4 5 3 6 5 5

+/- 5 5 3 7 1 7

Income/ Consumption Sources(%)

Income 57 53 45 45 50

Consumption 31 30 23 12 18

Income/Consumption 12 16 32 42 32

Population covered(%)

World 93 94 96 95 92

East Asia and the Pacific 96 96 99 96 96

Europe and Central Asia 94 95 96 96 96

Latin America and the Caribbean 96 96 97 97 95

Middle East and North Africa 75 75 87 77 68

South Asia 97 97 97 99 99

Sub-Saharan Africa 75 81 85 88 73

North America 100 100 100 100 100

Economies in transition 88 93 96 98 89

High income 97 97 98 94 91

Upper and middle income 95 96 97 96 94

Lower and middle income 93 94 97 98 95

Low income 69 71 77 81 68

Source: Authors’ calculations based on data from WIID.
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Table A4: Regional Theil index and estimated bias due to omitted top incomes

1990 1995 2000 2005 2010

1990 1995 2000 2005 2010

Theil between 0.6359 0.4483 0.3446 0.2239 0.1374

Theil within 0.2435 0.3422 0.4800 0.3392 0.2353

East Asia Theil 0.8794 0.7905 0.8246 0.5631 0.3728

and the Theil (Truncation 0.995) 0.9417 0.9415 0.9663 0.6580 0.4423

Pacific Theil (Truncation 0.99) 1.0007 1.0923 1.0994 0.7621 0.5060

Theil (Truncation 0.985) 1.0655 1.2230 1.3558 0.8466 0.5833

Theil between 0.0799 0.0887 0.0812 0.0633 0.0510

Theil within 0.2050 0.2093 0.1963 0.1927 0.1797

Theil 0.2849 0.2981 0.2775 0.2560 0.2307

Europe MLD (Truncation 0.995) 0.3404 0.3540 0.3239 0.3067 0.2717

Theil (Truncation 0.99) 0.3918 0.4057 0.3639 0.3414 0.3044

Theil (Truncation 0.985) 0.4430 0.4596 0.4069 0.3784 0.3403

Theil between 0.0595 0.0528 0.0760 0.0734 0.0401

Theil within 0.6503 0.6708 0.6443 0.5953 0.5358

Theil 0.7098 0.7236 0.7203 0.6687 0.5758

Latin America MLD (Truncation 0.995) 1.2260 1.3314 1.2808 1.0898 0.9182

and the Theil (Truncation 0.99) 1.5311 1.6689 1.6351 1.4359 1.1726

Caribbean Theil (Truncation 0.985) 1.9211 2.1814 2.0876 1.5903 1.1834

Theil between 0.0843 0.0915 0.0842 0.0944 0.0909

Theil within 0.3445 0.3435 0.3593 0.2596 0.2602

Theil 0.4288 0.4350 0.4434 0.3540 0.3511

Middle East Theil (Truncation 0.995) 0.5598 0.5589 0.5703 0.4284 0.4545

and North Theil (Truncation 0.99) 0.6393 0.6172 0.6516 0.4909 0.4971

Africa Theil (Truncation 0.985) 0.7255 0.6838 0.7227 0.5356 0.5435

Theil between 0.0223 0.0208 0.0158 0.0220 0.0223

Theil within 0.3578 0.4097 0.4198 0.5310 0.3941

Theil 0.3801 0.4304 0.4356 0.5530 0.4164

South Asia Theil (Truncation 0.995) 0.5528 0.6816 0.6526 0.7863 0.6469

Theil (Truncation 0.99) 0.6706 0.8251 0.8885 1.2153 0.7904

Theil (Truncation 0.985) 0.7487 0.9170 1.0744 1.4315 0.8157

Theil between 0.3449 0.3531 0.3342 0.3303 0.3185

Theil within 0.8650 0.7545 0.7038 0.4763 0.5348

Theil 1.2099 1.1075 1.0380 0.8066 0.8533

Sub-Saharan Theil (Truncation 0.995) 2.1655 1.8107 1.6811 1.2533 1.1560

Africa Theil (Truncation 0.99) 3.0378 2.2936 1.9124 1.4459 1.5638

Theil (Truncation 0.985) 3.8983 2.7929 2.2256 1.7064 1.8702

Theil between 0.0013 0.0018 0.0018 0.0019 0.0016

Theil within 0.2919 0.3333 0.2689 0.2902 0.2988

Theil 0.2932 0.3352 0.2708 0.2920 0.3004

North Theil (Truncation 0.995) 0.3253 0.3899 0.3383 0.3797 0.3640

America Theil (Truncation 0.99) 0.3556 0.4442 0.4010 0.4615 0.4213

Theil (Truncation 0.985) 0.3875 0.5003 0.4777 0.5473 0.4978

Theil between 0.1194 0.1728 0.1836 0.1822 0.1369

Theil within 0.0996 0.3705 0.2926 0.2220 0.2405

Theil 0.2190 0.5433 0.4761 0.4043 0.3774

Economies Theil (Truncation 0.995) 0.2278 0.7058 0.5820 0.4549 0.4509

in transition Theil (Truncation 0.99) 0.2370 0.9012 0.6268 0.4987 0.5032

Theil (Truncation 0.985) 0.2436 0.9319 0.6708 0.5369 0.5708

Source: Authors’ estimates using data from WIID.
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Table A5: Theil index by development levels and estimated bias due to omitted top incomes

1990 1995 2000 2005 2010

Theil between 0.1075 0.1354 0.1355 0.1218 0.0926

Theil within 0.2217 0.2609 0.2297 0.2234 0.2352

Theil 0.3292 0.3964 0.3653 0.3452 0.3277

High income Theil (Truncation 0.995) 0.3498 0.4264 0.3985 0.3795 0.3593

Theil (Truncation 0.99) 0.3665 0.4507 0.4233 0.4067 0.3837

Theil (Truncation 0.985) 0.3831 0.4745 0.4484 0.4329 0.4097

Theil between 0.4159 0.2555 0.1766 0.0995 0.0316

Theil within 0.4211 0.4264 0.4950 0.3834 0.2643

Theil 0.8370 0.6818 0.6716 0.4829 0.2960

Upper and middle income Theil (Truncation 0.995) 0.9533 0.8158 0.7910 0.5889 0.3559

Theil (Truncation 0.99) 1.0431 0.9198 0.8892 0.6620 0.4124

Theil (Truncation 0.985) 1.1455 1.0447 0.9917 0.7410 0.4508

Theil between 0.1526 0.1561 0.1168 0.0937 0.0794

Theil within 0.3749 0.3826 0.3862 0.4157 0.3503

Theil 0.5275 0.5387 0.5030 0.5094 0.4296

Lower and middle income Theil (Truncation 0.995) 0.6535 0.6663 0.6239 0.5989 0.5302

Theil (Truncation 0.99) 0.7536 0.7552 0.7100 0.7029 0.6007

Theil (Truncation 0.985) 0.8421 0.8393 0.7955 0.7872 0.6548

Theil between 0.4514 0.5076 0.4940 0.5570 0.5448

Theil within 0.3204 0.5110 0.4029 0.2730 0.2664

Theil 0.7719 1.0186 0.8970 0.8300 0.8112

Low income Theil (Truncation 0.995) 0.8488 1.1599 0.9775 0.8890 0.8798

Theil (Truncation 0.99) 0.9325 1.3034 1.0189 0.9429 0.9346

Theil (Truncation 0.985) 1.0028 1.3095 1.1272 0.9574 0.9890

Source: Authors’ estimates using data from WIID.
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