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ZSOLT DARVAS

ABSTRACT

We compare four methodologies to estimate the global distribution of
income and find that many methods work well, but the method based
on two-parameter distributions is more accurate than other methods.
This method is simpler, easier to implement and relies on a more
internationally-comparable dataset of national income distributions
than other approaches used in the literature to calculate the global
distribution of income. We suggest a simulation-based technique

to estimate the standard error of the global Gini coefficient. Global
income inequality among the citizens of 128 countries gradually
declined in 1989-2013, largely due to convergence of income per
capita, which was offset by a small degree the increase in within-
country inequalities. The standard error of the global Gini coefficient
is very small. After 1994, market income inequality in the EU28 was

at a level similar to market inequality in other parts of the world, but
net inequality (after taxes and transfers) is at a much lower level and
it declined between 1994 and 2008, since when it remained relatively
stable. Regional income inequality is much higher in Asia, Africa, the
Commonwealth of Independent states and Latin America than in the
EU28. In Asia, regional inequality has increased recent years, while it
declined in the other three non-European regions.
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2. Introduction

Indicators of income distribution, such as quantile income shares and the Gini coefficient, are
available for individual countries, but from official statistical sources they are not available for
the world as a whole or for various country groups, such as the European Union (EU). While
Eurostat publishes Gini coefficients for 28 EU countries and for various groups of countries
within the EU, these Gini coefficients are population-weighted averages of country-specific Gini
coefficients. However, the average of the Gini coefficients of individual countries does not
correspond to the Gini coefficient of the combined population of those countries, partly because
of the differences in average income in different countries, and partly because of differences in
within-country income distributions®.

The straightforward way to calculate the global distribution of income would be to pool together
income data from all households in all countries to obtain the income distribution of all the
world’s households. This pooled distribution could be used to calculate the Gini coefficient and
other indicators of income inequality. Unfortunately, such household-level income data is not
available.

A number of academic works have estimated the global distribution of income. These works
approximate more detailed data points on the country-specific income distributions (eg the 100
percentiles) than what is published by statistical offices (eg the five quintiles). Then, using a
measure of average income and population size, they combine the detailed country-specific
income distributions into a global distribution of income.

Two major data types were used in the literature for the estimation of more detailed information
on country-specific income distributions.

Several authors, such as Bourguignon and Morrisson (2002), Bhalla (2002), Milanovic (2002),
Morrisson and Murtin (2004) and Sala-i-Martin (2006), use quantile data from household
surveys, such as deciles, quintiles or whatever quantile information is available. One of the
biggest problems with such an approach is the lack of comparability between national surveys.
Subsequently, the missing data has to be approximated, which can present other significant
problems. In Europe, Eurostat quantile data, which allows for cross-country comparisons, is
available for only a rather short period for all (or most) EU countries. Data for all current 28 EU
members is available only from 2010, while data for all the first 15 EU members is only available
from 2005. One may look to other sources for earlier data, but availability and comparability of
such data is not ensured, to say nothing of the time-consuming process it requires to obtain this
data.

In contrast, Chotikapanich, Valenzuela and Rao (1997) assume that within-country distributions
follow the log-normal distribution (with different parameters in different countries) and use only

t Asimple example illustrates the importance of differences in average income across countries. Suppose there is a country in which
everyone earns the same and therefore there is no inequality (the Gini coefficient is zero). Suppose there is another country in which
there is also no inequality. There is inequality if the two countries are considered jointly if the average income is different in the two
countries and thereby the Gini coefficient (non-zero) for the two countries together is not the average of the Gini coefficients of the
two countries (which are both zero).



the country-specific Gini coefficient and mean income to estimate the parameters of this
distribution. Therefore, a key advantage of this method is that it does not require detailed data
on income distribution, but only the Gini coefficient. A possible problem with this approach is
that log-normal distributions might not describe the distribution of income in all countries very
well.

In this paper we analyse the accuracy of various methods in the particular cases of four
countries: the United States, Australia, Canada and Turkey. The national statistical offices of all
four countries make both territorial (ie state-level) and country-wide income distribution data
available. Thus, using data from the 50 US states and Washington DC, the 8 Australian states and
territories, 10 Canadian provinces and 12 Turkish regions, we can calculate exactly how accurate
the various methods are in estimating the country-wide Gini coefficient. We also assess the
accuracy of various methods using quantile data from Eurostat for European countries. We find
that many methods work quite well if the right level of detail is used about quantile income
shares. In the end, however, we find that methods based on two-parameter distributions are
among the most accurate.

We develop this method further using a stochastic simulation technique, which allows the
calculation of a confidence band for the global Gini coefficient. In essence, our method involves
simulating artificial samples of household income in each country so that the expected value of
the Gini coefficient equals the Gini coefficient observed in the actual data and the expected
value of the mean income equals the mean income observed in the actual data. We rely on the
easily accessible and internationally comparable data on country-specific Gini coefficients from
the Standardised World Income Inequality Database (SWIID) of Solt (2016). This dataset
includes information on the uncertainty of (country-specific) Gini coefficients that we use to
estimate the uncertainty of the global Gini coefficient. For the simulations we use random
numbers generated from statistical distributions which were found to describe income
distributions well: the log-normal distribution, the Pareto distribution and the Weibull
distribution. Once artificial samples of household incomes are simulated for each country, we
then pool these simulated household incomes data for all countries into a single sample to
obtain the income distribution of global citizens and calculate the global Gini coefficient and
other indicators of inequality and poverty.

Section 2 reviews existing methodologies for calculating the Gini coefficient for world citizens,
followed by our proposal to extend the two-parameter based method in section 3. Section 4
compares the ability of various methods to estimate the overall US, Australian, Canadian and
Turkish Gini coefficients from territorial (ie state-level) data of these countries, analyses the
robustness of the methods based on quantile incomes shares to the level of data detail, and
compares the similarity of the estimates by various methods. Section 5 presents our global and
regional Gini coefficient estimates for 128 countries and five main regions (Asia, Africa,
Commonwealth of Independent States, the EU and Latin America) for the 1989-2013 period for
the world and most regions, and for 1989-2015 for the EU. This section also decomposes the
change in the global and regional Gini coefficients to within-country inequality changes and
other factors. Section 6 concludes.

Our global and regional Gini coefficient estimates are downloadable from:
http://bruegel.org/publications/datasets/global-and-regional-gini-coefficients/. We plan to
update our estimates when updated data on country-specific Gini coefficients becomes
available.
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3. Earlier methods for estimating the world distribution of income

A number of attempts have been made to approximate the world distribution of income and to
calculate statistics of global income inequality. Since household-level data is not available
worldwide and national statistical offices publish only a few aggregate indicators of within-
country inequality, the first challenge is how to approximate more detailed data on income
distribution within each country beyond what is available.

Chotikapanich, Valenzuela and Rao (1997) highlighted some of the problems with survey-based
data. They argued that the log-normal distribution describes within-country income
distributions accurately and recognised that the two parameters of this distribution can be
identified with the Gini coefficient and mean income. They estimate the parameters of the log-
normal distribution for each country.

Many other papers use quantile data on income shares:

e Identical quantile income method: Bourguignon and Morrisson (2002) and Milanovic
(2002) assume that each quantile in a country is made up of individuals with identical
incomes?. For example, all people belonging to the bottom 10 percent of the income
distribution in a given country are assumed to have the same income. Countries differ in
terms of the available detail on quantile income shares, eg for some countries only
quintile shares are available, while for others data on deciles, or even more detailed
information is available. Ideally, this methodology should use the most detailed quantile
data.

e Lorenz-curve regression method: Bhalla (2002), building on Kakwani (1980), adopts a
regression method to approximate the Lorenz-curve in each country based on the
limited number of quantile income share data available®. The estimated regression
proposed by Kakwani (1980) is the following:

log[p — L(p)] = B1 + B2 logp + B3 log(1 — p),
In which p represents the bottom p percent of the population, L(p) is the corresponding
share in income (ie the value of the Lorenz-curve at p), while g;, 8, and 5 are
parameters to be estimated. Bhalla (2002) then uses the estimated regression to project
the Lorenz-curve at the 100 percentiles of the income distribution for each country, plus
makes some adjustments to ensure that the final set of the 100 percentiles used are
consistent with available data on income shares (eg the sum of the first 20 percentiles is
the same as the data on income share of the lowest quintile, etc).

¢ Kernel density method: Sala-i-Martin (2006) first assumes that individuals belonging to
each quintile have identical incomes, which allows him to draw the histogram of
incomes as five equal-height bars at the estimated mean income of people belonging to
each of the five quintiles. After taking logs, he then uses a non-parametric kernel

2 Milanovic (2002) acknowledges that the same method has been used by several previous works during the preceding two decades.
3 Bhalla (2002) calls this regression method the ‘Simple Accounting Procedure’ (SAP), yet we find the name ‘Lorenz-curve regression
method’ more accurate.



function to estimate the 100 percentiles of the empirical density function of each
country’s income distribution.

e Betadistribution: Chotikapanich, Griffiths, Rao and Valencia (2012) estimate the three
parameters of the beta distribution (for each country) using a method-of-moments
estimator based on data of income shares.

Once the 100 percentiles of the income distribution are estimated, a measure of mean income is
used to estimate the incomes of households corresponding to the 100 percentiles of the income
distribution. Two main measures of mean income were used:

e GDP per capita at purchasing power parity (PPP) (eg Chotikapanich, Valenzuela and
Rao, 1997; Bourguignon and Morrisson, 2002; Bhalla, 2002; and Sala-i-Martin, 2006;
Chotikapanich, Griffiths, Rao and Valencia, 2012);

e Mean income or mean expenditure from surveys converted to a common numeraire by
using PPP exchange rates (eg Milanovic, 2002).

The advantages of GDP per capita are its comparability across countries and its availability for a
wide range of countries and historical periods. However, GDP per capita is an imperfect proxy of
mean household income, because of the inclusion of non-household incomes in GDP. In
principle, data on mean household income should be used. Unfortunately, it is not available for
all countries, since in the surveys of several countries only mean expenditures (and not mean
incomes) are available. The definition of income and expenditure also varies in different
countries. Chotikapanich, Griffiths, Rao and Valencia (2012) collected data both on GDP per
capita and on mean incomes/expenditures and decided to use GDP per capita. Their main
arguments for this choice were (a) comparability problems with mean income and expenditure
data across countries, (b) GDP per capita is a widely-used broad measure of standard of living,
and (c) GDP per capita is easily available for a large number of countries.

Finally, by using the population size of each country, the approximated incomes of individuals
in each country are pooled together to get the world distribution of income*. This world income
distribution is then used to calculate various indicators of inequality, including the Gini
coefficient.

The above-mentioned six works all estimate the Gini coefficient in 1970-2000 to be near 65, with
asmall decline in the 1990s (Table 1), despite the differences in approximating within-country
income distributions and mean incomes and differences in the composition and number of
countries considered®. Most likely, global inequality is primarily driven by between-country
inequality, and thus within-country inequality (and the way within-country income distribution
is approximated) is less relevant. We test this hypothesis in section 5.

4 Some of the papers adopt slightly different steps to calculate the world distribution of income, yet the essence of all approaches is
the same.

5 The results of these studies are broadly comparable, because they are based on data that was available around 2000. Since then,
major revisions to purchasing power exchange rates have occurred, which alter the results. Chotikapanich, Griffiths, Rao and
Valencia (2012) note that the use of the new PPP exchange rates increases the estimated global Gini coefficient by about several
points.



Table 1: Some earlier estimates of the global Gini coefficient

Met_ho_d for Global Gini coefficient
within- Income Income
Authors country distribution

income data Measureé 1970 1980 1988 1990 1992 1993 2000
distribution

Chotikapanich,

Valenzuela and Ia?s%;rbourtrroa;: Gini GCE;Pi?aer 65.8 64.8

Rao (1997) P

Chotikapanich, Beta

Griffiths, Rao T Income GDP per

and Valencia dlsgg;'é'gon shares capita 648 640

(2012)
Lorenz-
curve Income GDPper - - - 3 . .

Bhalla (2002) regression shares capita =68.7 =68.6 =67.2 =675 =672 =67.0 =65.2
method

. Identical
Bourguignon :
- quantile Income GDP per

?Zn(;jogorrlsson income shares capita 65.0 65.7 65.7
method
Identical Income

Milanovic quantile Income

(2002) income shares from 62.5 65.9
method surveys

. . Kernel
Sala-i-Martin : Income GDP per
(2006) %Z?ﬁ% shares capita 653 66.0 649 652 645 640 637

Sources: Table 1 of Chotikapanich, Valenzuela and Rao (1997), Table 8 of Chotikapanich,
Griffiths, Rao and Valencia (2012), Figure 11.1 of Bhalla (2002), Table 1 of Bourguignon and
Morrisson (2002), Table 16 of Milanovic (2002) and Table 111 of Sala-i-Martin (2006). Note: the
country coverage in each of these works was different.

4. Extending the method based on two-parameter distributions

Chotikapanich, Valenzuela and Rao (1997) use the two-parameter log-normal distribution to
approximate within-country income distribution in a deterministic setting. We extend this
method by considering other distributions and a stochastic setting too.

Various articles have found that income distribution within a country can be well approximated
by a number of parametric statistical distributions. Nice summaries of this literature are
presented in Cowell (2009) and Lubrano (2015). These authors conclude that two-parameter
distributions, and their mixtures, are the most useful for modelling incomes, while they are
sceptical about the use of more complicated distributions with three or four parameters. Thus
we use three two-parameter distributions: the log-normal distribution, the Pareto distribution
and the Weibull distribution. Two-parameter distributions are especially appropriate for our
study, given that we wish to use two indicators (mean income and the Gini coefficient) to set the
parameters of the distribution. The probability density function, mean and the Gini coefficient
derived from these distributions are included in Table 2.



Table 2: Probability density function, mean and the derived Gini coefficient of three
distributions we use

Probability density function Mean Gini coefficient
L 1 (Inx=m) & s

0g- _ T2s? m+— G=20| — |-1

normal fix)= € x>0 = 2
X\ 2752 H=¢ V2
a ab 1
Pareto f(x)=ﬂ,x>b,a>0 H=——mo.,a>1 G= ,a>1/2
xat1 a-1 2a-1
x h
Weibull —[f) —kr{t+hnt) _q_p1/h
f(x)=hk_hxh_1e k)  hk>0,0<x<o H=KIL+h G=1-2

Source: Lubrano (2015) and http://mathworld.wolfram.com/.

Note: ®(.) in expression for the Gini coefficient of the log-normal distribution is the cumulative
distribution function of the standard normal distribution. T'(.) in the expression for the mean of
the Weibull distribution is the gamma function.

Data on the Gini coefficient allows the calculation of one parameter of the distribution (s for log-
normal, a for Pareto and h for Weibull), while this parameter and data on mean income allows a
calculation of the second parameter of the distribution (m for log-normal, b for Pareto and k for
Weibull), for each country and for each year.

After obtaining the parameters, these distributions can be used to describe within-country
income distribution. In a deterministic setting, the cumulative distribution function (in
conjunction with population size) can be used to approximate individual incomes.

A stochastic approach based on random number generators can also be useful, for two reasons.
First, these distributions may not describe income distributions perfectly, in which case any
random sample from these distributions would be equally likely. Second, we wish to estimate
the standard error of the global Gini coefficient. Our data source for the Gini coefficient, the
Standardised World Income Inequality Database (SWIID) of Solt (2016), includes information
about the uncertainty of the (country-specific) Gini coefficients. We can incorporate this
uncertainty into the calculation of the global Gini coefficient.

Our stochastic approach is based on random number generators from the parametric
distributions. We use random numbers to simulate artificial samples of household income in
each country so that:

e The expected value of the Gini coefficient equals the Gini coefficient observed in the
actual data in each country, and

e The expected value of the mean income equals the mean income observed in the actual
data in each country.

For each country and year, we simulate artificial household income data proportional to the
population. For example, for Germany, the EU country with the largest population of about 82
million in 2010, we simulate about 82,000 artificial income data points in 2010. For Malta, the EU
country with the smallest population, we simulate about 400. We then pool the simulated
household income data from all countries into a single sample to approximate the global (or
regional) distribution of income. For example, for the EU, we simulate approximately 501,000
data points (corresponding to the 501 million inhabitants in the 28 EU countries) for 2010. We
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then calculate the Gini coefficient from this set of combined income distributions of households
of the countries considered.

We use two versions of the stochastic method, depending on whether or not information about
the uncertainty of the Gini coefficient is incorporated:

¢ Simple version: we just use the published Gini coefficient (or the mean of the 100
iterations included in the SWIID) to calibrate the parameters of the distribution.

e Full version: we incorporate the uncertainty in country-specific Gini coefficients using
the SWIID. This dataset includes 100 iterations for the Gini coefficient of each country,
reflecting the uncertainty in the Gini coefficient estimate. According to Solt (2016), the
100 iterations for the different countries are independent from each other. Therefore, we
sample without replacement from the 100 iterations for each country to obtain a
particular realisation of the Gini coefficient. For different countries, we draw from the
100 country-specific iterations independently from each other. For example, we may
draw the 6™ iteration for country A, the 87" for country B, the 55" for country C, and so
on. For a particular drawing of country-specific Gini coefficients, we calculate the
corresponding global Gini coefficient using a two-parameter distribution method. Next,
we draw again a new set of country-specific Gini coefficients and calculate again the
corresponding global Gini. And so on: we do altogether 100 drawings and thereby we use
all country-specific Gini coefficient iterations included in the SWIID database but most
likely in a different order across countries. This procedure can capture the uncertainty of
the global Gini coefficient related to the country-specific Gini coefficients, yet we cannot
incorporate the uncertainty related to the mean income of the countries. After obtaining
100 estimates for the global Gini coefficient, we report the mean and the standard
deviation across the 100 estimates. The 100 estimates are available in the dataset that
can be downloaded from Bruegel’s website.

The method based on two-parameter distributions is simple, easy to implement, and is based on
an easily accessible and internationally comparable dataset of (country-specific) Gini
coefficients. To our knowledge, the Standardised World Income Inequality Database is the most
comprehensive dataset of Gini coefficients aimed at maximising comparability and providing
the broadest possible coverage across countries and years. The use of this dataset also allows
rather long sample periods to be studied. For example, we calculate global and regional Gini
coefficients for the 1989-2013 period®. In contrast, Eurostat data on quantile income shares of
the current 28 member of the European Union is available only starting in 2010, for 27 countries
(not including Croatia) from 2007, and for 25 countries (not including Croatia, Romania and
Bulgaria) from 2005. Therefore, consistent data on quantile income shares, which is needed for
the other the methods reviewed in the previous section, is available from Eurostat for a much
shorter period.

6 For the EU, we use the 1989-2015 period.



5. Testing the methodologies

4.1 The perfect aggregation test: estimating the US, Australian, Canadian and Turkish Gini
coefficients from territorial data

There is a perfect test for the accuracy of the various methodologies in the particular cases of
those countries for which data on income distribution (quantile income shares and Gini
coefficient), mean income, and population are available at territorial level as well as for the
country as a whole. Thereby, we can perfectly check the accuracy of the methodologies in
estimating the country-wide Gini coefficient from territorial data and compare the estimates to
the country-wide data published by the statistical offices. The estimation of the global and
European Gini coefficients from country data is done in exactly the same way as the estimation
of the country-wide Gini coefficient from the territorial data of the four countries.

We therefore collected territorial (sub-federal and regional) and country-wide data for four
countries: United States (50 US states and DC), Australia (8 states and territories), Canada (10
provinces’) and Turkey (12 regions).

The following quantile income shares are available at the territorial level (as well as at the
country level) for the four countries (see data sources in the Annex):

e USA: quintile income shares and the top 5% income share;
e Australia: quintile income shares;

e Canada; decile income shares;

e Turkey: decile income shares.

For better comparability of the results for the four countries, we report results that are based on
quintile income shares only for all four countries. For the US, Canada and Turkey, we also report
results using the additional quantile shares data available.

Figure 1, Figure 2, Figure 3 and Figure 4 show, based on territorial data, the estimated country-
wide Gini coefficients derived from the various methods in each year, as well as the actual
country-wide data as published by the statistical offices of these countries. Table 3, Table 4,
Table 5 and Table 6 summarise the results by presenting the average absolute deviation of the
estimates from the known country-wide data through the years. A number of interesting
conclusions can be drawn out.

First, both the weighted and the unweighted average of territorial Gini coefficients are well
below the actual data for the country as a whole for all four countries. This finding suggests that
the Eurostat Gini coefficient data for EU and euro-area aggregates, which are population
weighted averages of country-specific Gini coefficients, are likely to underestimate the true Gini
coefficient for EU and euro-area citizens.

7 Canada consists of 10 provinces and three territories. Income distribution data is not available for the three territories, but since
these three territories account for only about 1.0-1.5 percent of total Canadian population, their omission in our calculation is a
minor issue.

10



Second, several methods are surprisingly good at estimating the country-wide Gini coefficient
from territorial data. As Table 3 indicates for the US, the average absolute error of the best
methods in 2006-2014 is a mere 0.03, very small compared to the typical Gini values of 47 in the
US. The estimation errors of the best methods are also quite small at about 0.1 in Canada and 0.3
in Australia, against their near-average Gini coefficients around 30, and also about 0.1 in Turkey,
where the Gini coefficient is about 40.

Third, methods based on two-parameter distribution appear to work very well. These methods
are among the most accurate methods. Even the best method for the US, Australia and Canada is
based on a two-parameter distribution, while for Turkey it is the second best. It does not seem to
matter much whether we use the log-normal, the Pareto or the Weibull distribution. In the cases
of the US and Australia, however, the deterministic method-based Pareto distribution has led to
somewhat higher estimation errors, although this is the most accurate method for Canada and
Turkey. It also does not seem to matter much whether we use a deterministic or stochastic
approach at least for the log-normal and Weibull distributions, while for the Pareto distribution
there were some differences®.

Fourth, among the methods using quantile data, the Lorenz-curve regression methods of
Kakwani (1980) and Bhalla (2002) seems to be the most robust®. In the cases of all four countries
this method is rather precise irrespective of whether only quintile income shares or more
detailed income shares data are used. In contrast, the identical quantile income method of
Bourguignon and Morrisson (2002) and Milanovic (2002) works poorly for all countries when
only quintile income shares are used: it severely underestimates the country-wide Gini
coefficient. This method works much better when data on the top 5 percent income share is also
used for the US and the top 10 percent income share for Canada and Turkey, underlining that
the distribution within the top 20 percent has a major impact on the Gini coefficient. The Kernel
density method of Sala-i-Martin (2006) works quite well when only quintile data is used (as in
Sala-i-Martin, 2006), but this method performs much worse when additional quantile
information is added™. It may sound puzzling that a method produces worse results when more
detailed data is used. Since the Kernel function smooths out income shares both up and down,
when information on top 5 percent (US) or top 10 percent (Canada and Turkey) income shares is
added, this method may smooth upward too much.

Certainly, while our calculations for the US, Australia, Canada and Turkey are reassuring, they
do not prove that these methods work well for other countries or for groups of countries.

8 For the stochastic method, we use the simple version described in the previous section due to data availability issues.

9 As we noted in Section 2, after estimating the regressions, Bhalla (2002) made some adjustments to ensure that the final set of the
100 percentiles used is consistent with available data on income shares. We did not incorporate these adjustments, because the
method without the adjustment already works well. Thus, we essentially used the method of Kakwani (1980).

10 Like Sala-i-Martin (2006), we estimate the Kernel-function on logarithmic income. Interestingly, the method is less accurate when
the Kernel function is estimated on actual (not log) data. Sala-i-Martin (2006) used the same bandwidth for all countries and years,
which he calibrated on the basis of the standard formula: w = 0.9 * o* 2, where w is the bandwidth for the Kernel, ois the standard
deviation of log-income and n is the number of observations. He calibrated the bandwidth by assuming an average value for the
standard deviation. Instead, we select the bandwidth for each country and year with the standard formula, because there were major
differences in the standard deviation of log-incomes across the countries.
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Figure 1: The overall US Gini coefficient and its estimates from data of 50 states and DC,
2006-2014

(A) Methods based on income share data
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Figure 2: The overall Australian Gini coefficient and its estimates from data of 8 states and

territories, 1995-2014

(A) Methods based on income share data

34 34
33- 33
32- 32
31- 31
30- -30
29- - 29
28- - 28
227

10 12 14

O Gini-coefficient for Australia as a whole (Australi