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Abstract

We test the accuracy of four methodologies to estimate the global distribution of inasing
within-country data from the United States, AustegalCanada and Turkey éstimate the country

level Gini coefficient, and using different levels of detail about quantile income shares of European
countries.The two-parameter distributiorand the Lorenzurve regression methodse the most
accurate while the identical quantile income share and the Kernel density metlaoel less robust

We propose a new techniqui estimate the standard error of the global Gini coefficigdur

results show that lpbal income inequality among the citizens of 128moies gradually declined in
19892013, largely due to convergence of income per capita, which was offset by a small degree the
increase in withircountry inequalitiesln Asia, regional inequality has increased recent years, while

it declined in othemain world regions The standard error of the global Gini coefficient is very small.
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1. Introduction

Indicators of income distribution, such as quantile income sharestan@inicoefficient are
available for individual countries, bfrom official statistical sourcasey arenot available for the
world as a whol@r for variouscountry groups The averageof the Ginicoefficiens of individual
countries does not correspond the Ginicoefficientof the combined populatiof thosecountries
partly because of the differences in average incamdifferentcountries and partly becausef

differences in withircountry income distribution's

The straightforward way to calculatke globaldistribution of incomewnould be to pool togethr
income datarom all households in all countrige obtain the income distributionofall he wor | d’ s
households. This pooled distribution could be useddtrulate theGinicoefficient and other

indicators of income inequality. Unfortunately, suttouseholdlevel income data is not available.

A number ofacademic workfiaveestimatedthe global distribution of incomerhese works
approximatemore detailed data points on the countspecific income distribution®(g.the 100
percentiles) than whais published by statistical officgs.g.the five quintileg. Thenusing a
measure of average inconand population sizghey combinethe approximatedcountry-specific

income distributions into globaldistribution of income

Two major data types werased in he literaturefor the estimation of more detailed information on

country-specific income distributions.

Severahuthors, such as Bourguignon and Morrisson (2002), Bhalla (2002), Milanovic (2002)

Morrisson and Murtin (20043nd Sald-Martin (2006) use quantile data from household surveys,

such as deciles, quintiles or whatever quantile information is avail@ule.of the biggest problems

with such an approach is the lack of comparability between national sur8esequentlythe

missing dta has to be approximatedavhich can present other significant problerirs Europe,
guantile data from the Eur opvwhamalowsférorassosntryst at i st

comparisons, iavailable foronly arather short period for all (or wst) EU countriesOne may look

LA simple 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 cougtm 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

for the two countries together (which is nexero) is not the aerage of the Gini coefficients of the two

countries (which is zero).



to other sources for earliedata, butavailability anccomparability of such data is not ensured,

say nothing of the time&onsuming process it requires to obtain this data.

In contrast,Chotikapaich, Valenzuela and Rét097)assume that withircountry distributions
follow the lognormal distribution (with different parameters in differenbuntrie§ anduseonlythe
country-specificGinicoefficient and mean income to estimate the parametershig distribution
Therefore, a key advantage of this method is that it does not require detailed data on income
distribution, but only theGinicoefficient.A possible problem with this approach is thia¢ log-

normal distributionmightnot describe the distribution of ingoe in all countriesery well

With the exception of Bhalla (2002), who tested the particular methodology he used, none of the
above cited works tested the accuracy of the method ud&d are not aware of other studies
assessing these methods. this pagr wefill this gap andanalyzethe accuracy ofariousmethods

in the particular caseof four countries:the United StatesAustralia Canadaand TurkeyThe

national statistical offices dhesefour countriesmakeboth territorial (e.g. state-level) and country
wide income distribution datavailable Thus using data from th&€0 US statesand Washington DC
the 8 Australian states and territoried0 Canadian provincesnd 12 Turkish regionsve can
calculate exactlyrow accurate the various methodse in estimating thecountry-wide Gini

coefficient by comparing our estimate witthe countrywide Gini coefficient published by the
national statistical officeThe estimation of the global Gini coefficient from country data is done in
exactly the same way as the estimation of the coumttgle Gini coefficient from the territorial data
of that country.We also assess thebustnessof various methods using quamitlatausingEurostat
datafor European countriedVe find that method based on twparameter distributions is among
the most accurate methods, followed by the method of Bhalla (2002). However, the maikeds
by Bourguignon and Morrisson (2002), Milanoy2002), Morrisson and Murtin (2004) and Sala

Martin (2006) are sensitive to the level of detail about income shares.

We develop tle two-parameter distributiormethod furtherusing a stochastic simulation technique,
which allows the calculation of a ciidence band for the glob&inicoefficient.In essenceour

method involves simulatingrtificial samples of household income in each country so that the
expected value of th&inicoefficient equals th&inicoefficient observed in the actual data arftet
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 cotsptegificGinicoefficientsfrom

the StandardizedVorld Income Inequalitipatabase(SWIIDpf Solt £015,2016). This dataset

includes information on the uncertainty of (countspecific)Ginicoefficients that we use to

estimate the uncertainty of the glob&inicoefficient For the simulations we use random numbers

generated from stastical distributions which were found to describe income distributions well: the



log-normal distribution the Pareto distributiorand the Weibull distribution. @ce artificial samples
of household incomes are simulated for each countrg,tihhen pool thesesimulated household
incomes data for all countries into a single sampie obtain the income distribution ajlobalcitizens

and calculate thglobalGini coefficienandits standard error

Section 2 reviews existing methodologiesdstimating the glbal distribution of incomefollowed

by our proposal to extend the twparameter based methoih section 3Section 4 compares the

ability of various methods testimate the overall UR\ustralian Canadiarand TurkishGini

coefficiens from territorial data of these countriesThis section also anagathe robustness of the
methods based on quantile incomes shares to the level of data detail, and compares the similarity of
the estimates by various methodSection5 presents ourglobal and regionabinicoefficient

estimates forl28 countriesand five mén regiongAsia, Africa, Commonwealth of Independent

States the EiropeanUnionand Latin Americgor the 19892013 periodfor the world and most
regions,and for19892015 for the EUThis section also decomposes the change in the global and
regionalGinicoefficients to withincountry inequality changes and other fact@sd presents our

estimates for the standard error of global and regional Gini coeffici&#stioné concludes

2. Ealier methods for estimating theworld distribution of income

A number ofattempts have been made to approximate the world distribution of income and to
calculate statistics ajlobalincome inequalitySince housetid-level data is not availabl@orldwide
and nationalstatistical offices publish only a few aggregate indicators of witbumtry inequality,
thefirst challengeis how to approximatemore detailed data ofincome distribution within each

countrybeyondwhat is available

Chotikapanichyalenzuela and Rao (1997) highleghsome of theproblems with surveypaseddata.
They argud that the lognormal distributiondescribeswithin-country income distributions
accuratelyandrecognizedhat the two parameters of this distribution can be iddied with the
Ginicoefficient and mean income. They estimate the parameters of thetwmal distribution for

each country.

Many otherpapers use quantile datan income shares



1 Identical quantile income methodourguignon and Morrisson (2002)d Milanovic (2002)
assume that each quantile in a country is made up of individuals with identical intdfoes
example all people belonging to the bottom Yercentof the income distribution in a
given country are assumed to have the same inco@mntries differ in terms of the
availabledetail on quantile income shares,g.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 uiee most detailed quantile data.

9 Lorenzcurve regression method®halla (2002)building onKakwani (1980adoptsa
regression method to approximate the Loretirvein each countrjpased on the limited
number of quantile income share data avail&blEhe estimated regressioproposed by
Kakwani (1980is the following:

big on 1 1 dliact 1Tign  -h
In whichn represents the bottom percent of the populationd ) is the corresponding
share in incomei . the value of the Lorenzurve atry ), whilef i andf are parameters
to be estimatedand- is the error term Bhalla (2002)hen usesthe estimated regression to
projectthe Lorenzcurve at thel00 percentiles ofthe income distribution foeach country,
plus makes some adjustments to ensure that timal se of the 100 percentiles used are
consistent with available data on income sharegthe sum of the first 20 percentiles is
the same as the data on income share of the lowest quirgiie).

1 Kernel density methodsalai-Martin (2006)first assumes that individuals belonging to each
quintile have identical incomes, which allows hindtaw the histogram of incomeass five
equatheight bars at the estimated mean income of people belngdo each of the five
quintiles After taking logs, & then uses nonparametric kernel functioo estimate the
100 percentiles of the mp i r i c al density function. of each

i Beta distribution: Chotikapanich, Griffiths, Rao afadencia (2012) estimate the three
parameters of the beta distribution (for each country) using a methbthoments

estimator based omlata of income shares

Once the 100 percentiles of the income distribution are estimatetheasure of mean income is
used to estimatethe incomes ohouseholds corresponding the 100 percentiles of the income

distribution. Two main measures of mean income were used:

ZMilanovic (2002) acknowledges that the same method has been used by several previous works during the
preceding two decades.
*Bhalla (2002) calls thisouagiegsPoncmduhed {(BAP) Si m

‘Lofcaumrzvy e regression method’ more accurate.



1 GDP per capita at purchasing power pa(R¥P (e.g.Chotikapanich, Valenzuela and Rao
1997 Bourguignon and Morrissg2002 Bhallg 2002 and Sald-Martin, 2006
Chotikapanich, Griffiths, Rao and Valen2izl2);

1 Mean incomeor mean expenditurdrom surveys conveeddto a common numeraire by

using PPP exchange ratesg(Milanovig 2002).

Theadvantags of GDP per capita are its comparability across countries and its availability for a wide
range of countries and historical period4owever, GDP per capita is iamperfectproxyof mean
household incomehecause of the inclusion ebn-househotl incomes in GDM principle, data on

mean household income should be used. Unfortunately, it is not available for all countries, since in
the surveys ofeveralcountries only mean expeiitdres (and not mean inconggareavailable. The
definition of income and expenditure also variagifferentcountries. Chotikapanich, Griffiths, Rao

and Valencia (2012) collected data both on GDP per capita and on mean gexpeaditures and
decided to use GDP per capita. Their naiguments for thishoicewere (a) comparability

problems with mean income and expenditure dataoss countriegb) GDP per capita is a widely

used broad measure of standard of living, and (c) GDP per capita is easily af@ilabtrge

number of counties.

Finally by using theopulationsizeof each countrythe approximatal incomes of individuals in
each countnare pooled together togetthe world distribution of incom& Ths world income

distribution is then used to calculate various indicatorénequality, including th&inicoefficient.

Theabovementioned six works all estimate t@inicoefficient to be near 6around 199(QTablel),
despite the differences in approximating withiountry income distributioaand mean incomeand
differences in the composition and number of countries considekéabt likely, global ineggality is
primarily driven by betweerountry inequalityandthus within-country inequality (and the way
within-country income distribution is approximateid)less relevantWe test this hypothesis in

sectionb.

* Some of the papers adopt slightly different steps to calculate the world distribution of income, yet the

essence of all approaches is the same.



Tablel: Some earlier estimates of the global Gini coeffici@ftincome inequality

Method for

e Income Global Ginicoefficient
within-country o Income
Study income distribution measure around
1970 1980 2000
distribution data 1990
Chotikapanich,
Valenzuela and I&;?r?t?&?cﬂ Gini GCE;Pit[;er 65.8 64.8
Rao (1997) P
Chotikapanich, Beta
Griffiths, Rao distribution Income  GDP per 648  64.0
and Valencia based shares capita
(2012)
Lorenzcurve Income GDP per
Bhalla (2002) regression P 68.7 68.6 67.5 65.2
shares capita
method
Bourguignon Identical
and Morrisson quantile Igﬁgg: Gc[a)lpitzer 65.0 65.7 65.7
(2002) income method P
. . Identical Income
Milanovic Lantile Income from 65.9
(2002) 4 shares '
income method surveys
Salai-Martin Kernel density Income GDP per
(2006) method shares capita 653 660 652 63.7

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 1l 8&lai-Martin (2006).

Note: the country coverage in each of these works was different. Since Bhalla (2002) does not report the extract
numbers, we read his estimated from his Figure 11.1. All other works report the exact values. Around 1990
data: 1990 forChotikapanich, Valenzuela and Rao (1997), Bhalla (2002) andt@atéin (2006); 1992 for
Bourguignon and Morrisson (2002); 1993 for Chotikapanich, Griffiths, Rao and Valencia (2012) and Milanovic
(2002).

3. Extending the methd based on tweparameter distributions

Chotikapanich, Valenzuela and Rao (1997) usévbeparameterlog-normal distributionto
approximate withincountry income distributiorin 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 ofparametricstatistical distrilutions. Nice summaries of this literature are presented in
Cowell 2009 and Lubrano (2015). These authors conclude thatpaameter distributionsand

their mixtures,are the most useful for modelling incomes, while they skepticalabout the useof



more complicagd distributionswith three or four parametersThus weusethree two-parameter
distributions: the lognormal distribution the Pareto distributiorand the Weibull distributionThe
probability density function, meaand theGinicoefficient cerived from these distributions are

included inTable2.

Table2: Probability density function, mean and the derived Gini coefficient of three distributions

we use
Probability density function Mean Gini coefficient
Lo _(Inx-my* @ o
J f=— Tt & 28 x>0 m+> G=2F&> 81
normal X /2,052 m=e gﬁ+
a b
Pareto f(x)= ab ,X>h,a>0 mza—,a>1 G=L,a>1/2
xa+l a-1 2a-1
Weibull 28 k(;(l+h-1) _1_>1/h
f6)=hk "x"le ¢k= hk>00<x<a % G=1-2

Source: Lubrano (2015) ahttp://mathworld.wolfram.com/.

Note: F () in expression for the Gini coefficient of the-fogymal distribution is the cumulative distribution
function of the standard normal distributiorG(.) in the expression for the mean of the Weibull distribution is

the gamma function.

Data on theGinicoefficient allowghe calculation ofone parameter of thalistribution (sfor log-
normal,afor Pareto anch for Weibull), while this parameter and data on mdaanomeallowsa
calculation othe secom parameter of the distributiorim for log-normal, b for Paretoandk for

Weibull), for ead country and for each year

After obtaining the parameters, these distributiocan be used to describe withtountry income
distribution. In a deterministic setting, the cumulative distribution funct{onconjunction with

population sizetan be usedo 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
samplefrom these distribuionswould be equally likely. Second, we wish to estimate the standard
error of the globalGinicoefficient Qur data source for the Gini coefficiethe StandardizedVorld

Income Inequality Database (SWIID) of L@, includes information about thencertainty of the


http://mathworld.wolfram.com/

(cauntry-specific)Ginicoefficients We incorporate this uncertainty into the talation of the global

Ginicoefficient.

Ourstochastic approacts based omandom number generators frome parametric distributions

We userandom numlers tosimulate artificial samples of household income in each country so that:

1 the expected valuef the Ginicoefficient equals th&inicoefficient observed in the actual
data, and
1 theexpected value of the mean income equals the mean income observed in the actual

data.

For each country and year, we simulate artificial household income data proportional to the
population. For example, for China, the country with the largest populati@bout 1.36 billion in

2013, we simulate 136,072 artificial income data points in 2013. For Barbados, the country with the
smallest population in our sample, we simulate 28. We then pool the simulated household income
data from all countries into a singkample to approximate the global (or regional) distribution of
income. For the aggregate of the 128 countries considey we simulate 654,323 data points for

2013 (corresponding to the approximately 6.54 billion inhabitants of these countries). We then
calculate the Gini coefficient from this set of combined income distribution of households of the

countries considered.

We use two versions of the stochastic method, depending on whethaot information about the

uncertainty of the Gini coefficient isdorporated:

1 Simple version: we just use the publish@ahicoefficient(or the mean of the Q0 iterations
included in the SWIIDY calibrate the parameters of the distribution.

9 Fullversion: ve incorporate the uncertainty in countigpecificGinicoeffidentsusing the
SWIID This dataseihcludes 100 iterations for th&inicoefficient of each country, reflecting
the uncertainty in theGinicoefficient estimateAccording to Solt (2@), the iterationsfor
the different countries are independent from each other. Therefave sample without
replacement from the 100 iterationfer each countryto obtain a particularealizationof the
Ginicoefficient For different countries, we draw from the 100 counsecifc iterations
independently from each other. For example, we may draw théeation for country A,
the 87" for country B, the 58 for country C, and so on. For a particular drawing of country
specificGinicoefficients, we calculate the correspondigipbalGinicoefficient using a two
parameter distribution method. Next, we draw again a new set of cousplcific Gini
coefficiensand calculate again the corresponding global Gini. And swemlo altogether

100 drawing and thereby we use all countspecificGinicoefficient iterations included in



the SWIID database but most likely in a different order across counites obtaining 100
estimates for the global Gini coefficient, we report timeanand the standard deviation
across the 100 estimtas. We note, however, that this procedure can capture the
uncertainty of the global Gini coefficient related to the courspecific Gini coefficients, yet

we cannot incorporate the uncertainty related to the mean income of the countries.

In Section 4 weise the simple version (because the data source for our calculations in this section is

not the SWIID), while in Section 5 we use both the simple and the full versions.

The method based on twparameter distributionss simple, easy to implemerdand is based on an

easily accessible and internationally comparableadat d (country-specific)Ginicoefficients.

According to Solt (2015, 201éhe StandardizedVorld Income Inequality Database is the mos
comprehensive datasetf@inicoefficients @amed atmaximizingcomparabilityand providing the

broadest possible coverage across countries and ydarmeludesmore than twice as many

observations as in theext largest datasetanditisde si gned to avoid ‘breaks
occurwhemser i es are drawn from different wthources and
changes of methodology within the same souSelt, 2015)The use of this dataset also allows

rather long sample period® be studied This dataset includes data for 17duntries in 1962014,

but there are some missing values. In our calculations, we use data from 128 countries-201339

4. Testing the methodologies

Bhalla (2002)eported some accuracy test results of the Loreneve regression method using data
from India, Malaysia and the United States. He concluded that this method is rather precise. In
contrast, the other papera/e reviewed in Section, 2vhich used differentnethods to calculate the
global Gini coefficientlid nottest the accuracy of the method used eviire not aware of other
studies assessirand comparinghe variousmethodsto calculate the global Gini coefficier.
particularmethod could be used onlyf there is sufficient evidence that the method works properly.

Therefore, we test and compare four methodologies to calculate the global Gini coefficient.

4.1 The perfect aggregation testseémating the L8, AustralianCanadiarand TurkistGini

coefficients from territorial data

There is a perfect tegor the accuracy othe various methodologies in the particular casestafse
countries for whictdata on income distribution (quantile income shares &idicoefficient), mean

income and population are available &grritorial level(e.g. US stateg)s well as for theountryas a

10



whole. Thereby, weanperfectly checkhe accuracy of the methodologies in estimating the
country-wide Ginicoefficient fromterritorial dataand comparethe estimates to the countrwide
data published by the statistical officéhe estimation of the global andgionalGinicoefficient
from country data is don& exactly the same way as the estimation of gwintry-wide Gini

coefficient fromthe territorial data ofa country

We therefore collectederritorial and countrywide data for four countriedJnited States50 states
andWashingtorDQ, Australia 8 states and territories Canada0 provinced and Turkey {2

regiong.

Beyond the Gini coefficientiata onthe following quantile income shares are availadi¢he

territorial level (as well as at the country levédy the four countries(see data sources in tranney:

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

Canada: decile income shares

= =4 =4 =4

Turkey: decile income shares

For better comparability of the resulfer the four countries we report resultghat are based on
guintile income shares onfgr allfour countries For the USCanadaand Turkeywe also report

results using the additiongjuantile shares data available.

® Canada consts of 10 provinces and three territories. Income distribution data is not available for the three
territories, but since these three territories account for only about1.B percent of total Canadian

population, their omission in our calculation is aai issue.
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Table3: Average absolute difference between the countwyide Gini coefficient published by the

national statistical office and our estimate fronmetritorial data

United States  Australia Canada Turkey
score rank score rank score rank score rank

11 methods available for all countries

Loghormaldistribution (stochastic) 003 2 036 5 011 3 010 3
Weibull distribution (stochastic) 005 5 032 3 0.16 4 011 5
Weibull distribution (deterministic) 004 4 033 4 0.16 5 010 4
Lognormaldistribution 004 3 039 7 010 2 013 6
(deterministic)

Pareto distribution (deterministic) 085 11 059 8 0.08 1 0.08 2
Lor_en;curve regression method 003 1 039 6 020 7 024 7
(quintile shares)

Pareto distribution (stochastic) 0.16 8 026 1 021 8 0.74 11
Kernel density method (quintile 020 9 029 2 039 10 062 8
shares)

Weightedaverage state Gini 0.63 10 074 9 058 11 284 13
Identicalquantile income method 238 13 1.86 11 120 12 199 12
(quintile shares)

Unweightedaverage state Gini 1.60 12 153 10 1.28 13 3.15 14

Additional methods not available for all countries
Lorenzcurve regression method

(quintile and top 5%hares) 008 6
Identical quantile income method 014 7
(quintile and top 5% shares) '

Kernel density method (quintile and 257 14

top 5% shares)
Lorenzcurve regression method
(decile shares)
Identical quantile incomenethod
(decile shares)
Kernel density method (decile share: 148 14 071 9

020 6 007 1

025 9 0.71 10

b2GSay WaoO2NBQ AYRAOIFIGSa GKS | @Sk etBnate and Acdantly RA FF SN
$ARS RIFGl LlzfAaKSR o0& (KS ylIdA2ylt adlaArAadaAolrt 2FFA
methods which are available for all couesiare ordered according to the average rank of the four countries

(the stochastic and deterministic versions of the Weibull distribution have the same average rank; Pareto

distribution (deterministic) and Loreqtrrve regression method (quintile sharelspehave identical ranks). US

data: 50 states and Washington DC, 2008 Australian data: 8 states and territories, 198%14; Canadian

data: 10 provinces, 1982013; Turkish data: 12 regions, 202U14.

Source: Author calculation.
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Table3 summarize®ur results by presentinthe average absolute deviatidretween our estimate
based on territorial data anthe countrywide dataas published by national statistical offices
through the year$ Thedeviation of the published countryide data from theunweighted and
populationweighted averages of territorial dataalso includedA number of interesting

conclusions can be dravout.

First, both the weighted and the unweigltt@verages of territorial Gini coefficients are well below
the actual data for the country as a whole for all four countries. This finding suggests that when
considering global income inequality, an average of couspacific Gini coefficients is likely t

underestimate the true Gini coefficient féthe combined population of countries.

Second, everal methods are surprisingliyppodat estimating the countrywide Ginicoefficient from
territorial data. AsTable3 indicates for the UShe average absolute error of the best methoids
2006-2014isa mere0.03, verysmall compared to the typical Gini values of 47 in theTh®
estimation erroe of the best methodsare also quite small at aboufi.1 in Canada an@l.3 in
Australia,against their neaaverageGinicoefficients around 30and also about 0.1 in Turkey, where

the Gini coefficient is about 40

Third, methods based on twparameter distributiorappear towork verywell. These methods are
among the most accurate methods does not seem tonatter much whether we use thedr
normal, the Paretmr the Weibull distributionIn the cases of the US and Austrahawever, the
deterministic methodbased Pareto distribution has led to somewhat higher estimation errors,
althoughthisis themost accurate methodbr Canada and Turkeit also does not seem to matter
much whether we use a deterministic or stochastic approatdieast for the lognormaland Weibull

distributions, while for the Pareto distribution there were some differedces

Fourth, among the methods using quantile data, the Lotamnxe regression meth@bf Kakwani
(1980) andBhalla (2002) seems tme the most robust In the cases ddill four countriesthis method

is rather precise irrespective of whether only quintile incosh@res or more detailed inconghares

® Our results for each year are reported on Figuresdf theannex

" For the stochastic method, we use the simple version described in the previous séa@ause the full

version is based on 100 iterations of the Gini coefficientctviig not available at the territorial level of the

four countries.

® 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 availableatatacome 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).
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data areused. In contrast, the identical quantile income method of Bourguignon and Morrisson
(2002) and Milanovic (2002)arks poorly for all countriesvhen only quintile income shares are
used it severely undegstimates the countrywide Ginicoefficient. Ths method works much better
when data on the top percentincome share is also used for the ©&d the top 1Qpercentincome
share for Canadand Turkeyunderliningthat the distribution within the top 2@ercenthas a major
impact on theGinicoefficient The Kernel density method of Sadslartin (2006) works quite well
when only quintile data is used (as in Sialdartin, 2006), but this method performs much worse
when additional quantile information is add&dt may sound puzzling that a methpebduces
worseresultswhen moredetaileddata is usedSnce the Kernelunction smooths out income shares
both up and downwhen information on top percent(US) or top 1@ercent(Canadand Turkey

income sharsis added this method may smooth upwatdo much.

Certainly, while our calculations for the US, Austr&imnadaand Turkeyare reassuring, they do not

prove tha these methodwork well for other countries or for grogmf countries.

4.2 Robustness to the level of detail about quantile income share&U and 5 neBU European

countries

We cannot carry out the aggregation test employedeaation4.1 for the entire EU because the
correct overall Elvide Ginicoefficient is not availabléds noted earlierandaswill be proved in
section4.3, while Eurostat publish&sinicoefficients for 28 EU members and for various groups of
countries within theEU®, theseGinicoefficients are populationveighted averages of country
specificGinicoefficients, which are not th&inicoefficiensthat correspond to the combined

incomedistribution of the countries.

? Like Sala-Martin (2006), we estimate the Kerntlnction on logarithmicricome. Interestingly, the method is
less accurate when the Kernel function is estimated on actual (not log) data-/8atéin (2006) used the

same bandwidth for all countries and years, which he calibrated on the basis of the standard formuled

* s* %2 wherew is the bandwidth for the Kernek is the standard deviation of legcome anch is the

number of observations. He calibrated the bandwidth by assuming an average value for the standard
deviation. Instead, we select the bandwidth for Bamountry and year with the standard formula, because

there were major differences in the standard deviation of-logomes across the countries.

%1 April 2017, Eurostat published Gini coefficients for the following EU aggregates: EU (actual composition)

EU28, EU27, EU25, EU15, Euro area (actual composition), Euro area 19 and Euro area 18.
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However, detailed quantile income share datavsilable for recent year®We thereforestudy the
robustness of the method®lying on income share datar different levels of detail on quantile

income shares used. We study four levels of detail:

1. Quintile income shares only,

2. Quintile plus top Hercert income shares only,

3. Deciles income shares only,

4. All available income shares®, 2", 3¢, 4" and 8" percentiles, deciles, quartiles, and™5
96", 97", 98", 99" and 100" percentiles.

Unfortunately, suctananalysis can only baoonefor a relatively short period. Eurostat publishes

guantile income shares data for Croatia only from 2010, Romania from 2007, Bulgaria from 2006 and
most other newer EU member states from 2005. A continuous datasétddirst 15EU member

states is avadble also from 2005as data for all of these countries is missing for a few or all earlier
years. Therefore, calculations for the 28 members of the EU could only be made fet 2000

EU27 (not including Croatia) for 2003, and for EU25 (not includinCroatia, Bulgaria and Romania)

for 200515. Since Croatia is rather small and accounts for less theencentof EU28 population

while Bulgaria and Romania have a combined population share of abopé£&nt,we decided to

do the calculations for EUZid the 200715 period.

Eurostat also publishes detailed data for five #fld countries: Iceland, Macedonia, Norway, Serbia
and Switzerland. For this group of countries the same analysis can be conducted fdr20ha
results for these five countries,hich are included in thannex are qualitatively the same as our

results for the EU27.
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Figurel: EU27 Gini coefficient estimates by the methods based on quantile income shares, using

different levels of detail about income shares, 2045
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— Quintile shares

—— Quintile and top 5% shares

------ Decile shares

—— All available shares (1,2,3,4,5,deciles, quartiles, 95, 96, 97, 98, 99, 100)

Source: Author calculations.
Note: ELR7 =the current members of the European Union except Croh2a3,4,5,996,97,98,99 and 100

refer to percentiles in the legend.

Figurel clearly highlighé the robustness of the Lorerurve regression method of Bhalla (&) and
Kakwani (1980): the estimates are very close to each other, independent of the level of detalil

regarding quantile income shares.

In contrast, the identical quantile income method of Bourguignon and Morrisson (2002) and
Milanovic (2002) and the Keel density method of SalaMartin (2002) depend heavily on the level

of data input detail. The identical quantile income method leads to relatively low estimates when
only the quintile income share dataused— mirroring our findings for the United S, Australia,
Canada and Turkeyhere the use of quintile shares only led to an underestimation otthentry-

wide Ginicoefficient. The use of decile data also leads to a somewhat lower estimate than the other
estimates, while the other two data inpufguintile plus top Sercentshare and all possible

guantile shares) led to very similar results to each other asasédl the results of thd.orenzcurve
regression method. This finding suggests that information about the jogréentincome share is
essential for this method, while further details may not improve the precision of this method much

maore.

The Kernel density method also ledgbstantiallydifferent results depending on the level of detail

about quantile income shares. Our results foe tEU27 aggregatndthe five norEU countries
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mirror the findings of theprevious section for the United States, Australia, Canada and Tuwken

only the quintile income shares are used, the results are broadly similar to the resultslajrérez

curve regression method and the supposedly two more accurate versions of the identical quantile
income method. But when further details are used for the Kernel density method, the estimates are
much higher than the results of the other methgdsiggestinggain thatusing more detailed

incomeshare data actually madthe estimateof this methodworse

4.3 Comparing the similarities of the estimates across the methods: 27 EU andEd ifaropean

countries

Figure2 comparesthe estimates across the methods. For each method we use only one version
which we found in the previous sections to work welbr the Lorenzurve regression method and

the identical quantile incom share method we report the results based on the most detailed data
input on quantile income shares. For the Kernel density method, we use the results when only the
quintile income shares are used. For the tparameter distribution method we report theesults
based on the deterministic version. We also include the unweighted and populatahted

average of thesinicoefficients of the countries, as well as the EU27 data published by Eurostat on

Figure2.
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Figure2: Estimates of the EU27 Gini coefficient from data of 27 countries, 2097
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O EU27 data published by Eurostat
—— Population-weighted average of Gini-coefficients of 27 countries
—— Unweighted average of Gini-coefficients of 27 countries
Lorenz-curve regression method (all available shares)
------- Identical quantile income method (all available shares)
- = = = Kernel density method (quintile shares)

A Log-normal distribution: deterministic

*  Pareto distribution: deterministic

o Weibull distribution: deterministic

Source Author calculations.

Note: the 27 countries correspond to the currev@mbers of the European Union except Croatia.

Figure2 allows us to arrive aln number of key conclusions.

First, all methods suggest that ti@&nicoefficient of the citizens ithe union ofvarious countries is
higher than the average of countgpecificGinicoefficients, thereby corroborating our conclusions
from the US, AustraljgCanadaand Turkeyn section4.1, where we found that the countrwide Gini

coefficient is higher than the avage ofterritorial Ginicoefficients.

Second, for the EU27, the data published by Eurostat is the popudasayhted average of th&ini
coefficients of the 27 countries and is not t@nicoefficient corresponding to theitizensliving in

the union o the 27 countries. We found the same results for otherdduntry groups(28, 25 and 15
countries) and eurareaGinicoefficients published by EurostMi/e therefore recommend that
Eurostat stop publishing these misleadi@micoefficients forthe EU anl the eurc-area aggregates
and instead calculate the Bhide and eurearea wide indicators of income distribution, either by
combininghouseholdlevel datafrom all countries, or by using one of the estimates presented in our

paper.
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Third, the results oftte six methods used to calculate the EW&ETicoefficient are very close to

each other: the range of the six estimates is 0.8 Gini points on average for the EU27 and 0.9 for the
five nonEU countrieswhich are quite narrow range$he Pareto distributiohas always led to the
highest result: when we exclude it, the average range of the remaining five methods is only 0.3 Gini

points for the EU27 and 0.4 for the five non EU countries

While these findings are based only on the calculations for two groups of countries, we hypothesize
that these are general results that could also apply to other groups of countries, not least because
these findings are fully in line withur results obtaned when calculating the countnyide Gini

coefficient fromterritorial datafor the United States, Australia, Canada and Tunkesgction 4.1As

a result, we conclude that the way withagountry income distribution is approximated is less
important, providedthat the right level of detail is used for the methoolased on quantile income

shares

Thisfindingalso implies that many criticisms formulated in the literature rest on weak grounds. For

example:

1 Milanovic (2002kriticizedthe lognormal distribdion approximation of Chotikapanich,
Val enzuel a anudsatRfacory (( 1 DY7)arguing t hat 1 ncome
be well predicted from th&inicoefficient and that it is unacceptable to assume timziome
distributions follow a parametridistribution. Yet as we demonstrated using the estimation
of US, AustraligrCanadiarand TurkistGinicoefficients fronterritorial data of these
countries, the methods based on twgarameter distributions work better than the identical
guantile distributon method of Milanovic (2002). For Eurostat data we found that the
method of Milanovic (2002) depends a lot on the level of detail on income shares, and when
(correctly) sufficiently detailed data is used, the results of his method are almost identical to
the result of the tweparameter distribution methods.

1 Milanovic (2003kriticizedthe Kernel density method of Saldartin (2006) and his results
a svery dubious", yet when the correct level of detail on the income distribution is used
(at least the tp 5percentincome share for the identical quantile income method, only
quintile shares for the Kernel based method as in-B&lartin, 2006), the methods of

Milanovic (2003) and SalaVartin (2006) lead to almost identical results.

" The working paper version of Saiartin (2006) was published in 2002 and Milanovic (2003) criticized this

earlier version, which has used practically the samehmoéblogy as the 2006 journal article.
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1 ChotikapanichGriffiths, Rao and Valencia (20t&}icizedboth their earlier work using the
log-normal distribution in Chotikapanich, Valenzuela and Rao (1997) by being restrictive, as
well as the works of Milanovic (2002) and Salda r t i n  ( 2 Quitelagblef or t he “
FaadzYLWiAz2y X OGKFG LISNE2Ya gAGKAY" . BIwWOK Ay 02 YS
found that the lognormal distribution works extremely well in estimating US, Australian
Canadiarand TurkisiGinicoefficiens from territorial data, while the methodsfaMlilanovic
(2002) and SalaMartin (2006) also workeasonablywell when the right level of detail on

income shares is us&d

5. Global and regionalicome inequality

Having concluded in the previous section that the fparameter distribution method is hidy
reliablefor estimating theGinicoefficient of income inequality for a group of countri@ge use this

method to calculate global and regiortainicoefficients of income inequality.

5.1 Data

The 5.1 version of the SWIID dataset incluthesket (before taxes and transfers) and net (after

taxes and transfergpinicoefficients for 174 countries (some of which, such as the USSR, Yugoslavia
or Czechoslovakia, do not exist anymoné)e sample period is 196iD14, but there are some

missing oBervations Of the 174 countries, therare 59 countries with data aviaible for each year

from 19892013 while for70 countries the number of missing observations vi@ser than 10 in

this period.From these 70 countries, wexcludePuerto Ricdecause dmissing GDP per capita

data, while for the remaining countries we approximatéhe missing observations by assuming

that the change in th&inicoefficient in the yearfor whichdatais missing was the same as the

change in the simple average @icoefficients of countries in their regibh Thereby, we have a
sample of 18 countriesfor 19892013. These 128 countries account for about 92 percent of global

population.Annex 2 lists these countries and their classification into regional country groups

2\We note that the criticism of the Kernel density method of Salartin (2006) by Chotikapanich, Griffiths,

Rao and Valencia (2012) is not correct at least in one aspect, becausé/Batim (2006) did not assunihat
persons within each income group receive the same income, but he used a Kernel density method to
approximate the income shares of the 100 percentiles.

3 For this extrapolation, we grouped all developed countries into one group, while for emerging and
developing countries we differentiated five groups: Asia, Africa, Central and Eastern Europe, Commonwealth

of independent States and Latin America.
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Furthermore, net Gini coefficients are available from Eurostat up to 2015 for EU countries: for these
countries we use SWIID data for 1983 and for 201415 we chain Eurostat data to SWIID data.
Thereby, for EU countries we calculate the net Gini cdefit for 19892015. Eurostat does not

publish data on market Gini coefficients and therefore we use only SWIID data for the EU for market

inequality estimates in 19892013,

Population and GDP per capita at purchasing power parity are froriMR&/orld Economic

Outlook database.

We keep the composition of all country groups constant throughout the sample period to avoid the
impact of compositional changes giobal and regiondahcome distributiors. For example, for EU28
we consider the union of the cuent 28 members in the full sampler 19892015, even though in

1989 the European Communitieghe predecessor of the Ebhad only 12 members.

Further details about our data sources are provided inahaex

5.2 GlobalGinicoefficient estimates usg nineversions of the twgarameter distribution method

Table4 reportsour global Gini coefficient estimates using nine versions ®tio-parameter

distribution method. The key methodological conclusions are the following:

1 While there are some differences in the levef the globalGinicoefficients depending on
the statistical distribution we use, the differences are relatively saradl the dynamics are
the samé>. As regards the level, the estimates from the-tagymal and Weibull
distributions are very close to each other, while the use of the Pareto distribution leads to
slightly higher estimates, echoing the result obtainededion 4.3.

1 The mean of estimatederived fromthe simple and full versions of the stochastic versions
are practically identicdbr each year when the Lagormal distribution is used (the largest
yearly difference is a mere 0.02, while the average of yearly differdnmes19892013 is
0.01). For the Pareto and Weibull distributiotize average differencbom 19892013 is

similarlysmall (0.01 and 0.02, respectively), while the largest yearly difference is 0.20 for

*In addition to net (after taxes and transfers) Gini coefficient, Eurostat also publishes Gini coeféifients
taxes but before transfers.
*We also note that our estimates are broadly similar to the estimates of other works in the overlapping

period as summarized ifiablel of Section 2.
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the Weibull distribution and 0.16 for the Pareto distribution, which are still relatively
smalf®.

1 Similarly to all evidence presented in earlier parts of our paper, the gleinatoefficient is
greaterthan the average of countrgpecificGinicoefficients Most likely, large differences
in average income among the 128 countries play an importaetirothis result.

1 The dynamics of the global and the couratyerageGinicoefficients can be different. The
populationweighted averag&sinicoefficients of the 128 countries increasdm 1989

2009, while the globaGinicoefficient actually declineiom 19912013
The key findings regarding the level and dynamigfaifalincome inequality:

f In most years, global inequality was higher than withinintry inequality in any countty;
1 There was alow but steadydecline in global inequalitirom 19892002, since wherthe
decline has accelerated. The recent global financial and economic crisis has not changed this

trend.

Because othe similarities in the results of thaine versions of the tweparameter distribution
methods weconsidered for the rest ofour calculations we report only the result of the
deterministic version based on the logrmal distribution(except in Section 5.4 where we study the
standard error of global and regional Gini coefficien®)r full results, including the 100 iterations

from all stochastic versions of method, can be downloaded from the article page.

'® Note that these numerical results hold for the particular realizations of the 100 simulations we run for each
version. Another set of 100 simulations might lead to different results.

" Namibia is the most unequal cougtamong the 128 countries we consider. The Gini coefficient for Namibia
was larger than the global Gini coefficient in 8 years of the 28838 period when using the Lamprmal
distribution, in 2 years when using the Pareto distribution, and 7 years whigrg the Weibull distribution. In

all other years the global Gini coefficient was higher than wittdantry inequality in any country.
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Table4: Gini coefficient of net income inequality for 128 countries, using nine versions of the-pacameter distribution method, 1982013

Lognormal Pareto Weibull Average country Gini
Deterministic _StOChaS“C Deterministic .StOChaStIC Deterministic .StOChaStIC Unweighted POD.UIaUOH
Simple | Full Simple | Full Simple | Full weighted

1989 66.82 66.86 66.87 67.56 68.10 67.94 67.36 67.36 67.39 35.79 36.33
1990 66.91 66.93 66.95 67.67 68.08 68.12 66.81 66.82 66.89 35.91 36.78
1991 66.96 66.99 67.00 67.78 68.19 68.16 67.13 67.13 67.16 36.79 37.70
1992 66.92 66.96 66.97 67.79 68.22 68.18 67.54 67.54 67.53 37.34 38.68
199 66.66 66.70 66.71 67.57 67.98 68.01 66.94 66.95 66.96 37.78 39.39
1994 66.50 66.53 66.54 67.43 67.90 67.86 67.18 67.20 67.04 38.01 39.68
19% 66.21 66.24 66.25 67.16 67.60 67.60 66.14 66.15 66.26 38.31 39.96
1996 65.69 65.72 65.73 66.63 67.09 67.09 66.05 66.07 65.97 38.45 39.54
1997 65.56 65.60 65.60 66.54 66.98 66.99 65.40 65.41 65.47 38.50 39.69
1998 65.56 65.60 65.60 66.50 66.96 66.94 65.55 65.56 65.59 38.65 39.66
199 65.41 65.44 65.45 66.36 66.83 66.85 65.64 65.65 65.66 38.59 39.66
2000 65.50 65.54 65.54 66.49 66.96 67.01 65.34 65.36 65.56 38.59 40.23
2001 65.24 65.27 65.28 66.32 66.75 66.75 65.35 65.37 65.39 38.49 40.86
2002 65.20 65.24 65.24 66.39 66.86 66.96 65.43 65.44 65.45 38.43 41.92
2003 64.65 64.69 64.69 65.88 66.33 66.37 64.97 64.98 64.99 38.31 42.00
2004 64.33 64.37 64.37 65.63 66.09 66.11 64.51 64.53 64.69 38.29 42.46
2006 63.75 63.78 63.79 65.08 65.59 65.56 63.82 63.84 63.78 38.19 42.50
2006 63.21 63.25 63.26 64.58 65.05 65.10 63.46 63.47 63.39 38.05 42.65
2007 62.51 62.54 62.56 63.91 64.43 64.38 62.49 62.50 62.54 37.93 42.70
2008 61.88 61.92 61.92 63.33 63.83 63.82 61.95 61.96 61.97 37.75 42.73
2009 60.75 60.79 60.79 62.24 62.74 62.86 60.73 60.74 60.76 37.60 42.69
2010 60.22 60.25 60.27 61.72 62.21 62.22 60.34 60.36 60.37 37.51 42.68
2011 59.70 59.73 59.75 61.21 61.69 61.70 59.71 59.72 59.71 37.26 42.45
2012 59.29 59.32 59.34 60.80 61.30 61.40 59.29 59.31 59.38 37.13 42.35
2013 58.81 58.84 58.86 60.29 60.87 60.92 59.01 59.02 59.04 36.97 42.18

Source: Author calculations. Note: the mean of the 100 estimates are reported for the stochastic versions.
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5.3 Regional Gini coefficients

Figure3 compares the level and dynamics of global amgional irtome inequality.

9 The most striking messagefigure3i s t o hi ghl i ght t hewhieU s spe
market income inequality in the EU is similar to market inequality in other parts of the world
and has not decline(panel A), net inequality (after taxes and transfers) is at a much lower
level in the EU than in other regiofisNet inequalityin the EUdeclined from 19942008,
since wherit hasremained relatively stable (panel B). Clearly, the impact of redistribution
on income inequality is muajreaterin Europe than in other parts of the world, as
confirmed by panel C

9 Starting from much higheevVels, regiorwide income inequality has also declined in Africa,
Latin America and the Commonwealth of Independent States{(€8iposed of most
former Soviet Union countries).

1 Asiais the only main part of the world where regional income inequalitabaglly
increased, most likelgecause oflevelopments in China, where with@ountry income
inequality increased very significantly.

1 The impact of redistribution on inequalitylgastin Asia: it reduces market inequality by a
mere 1Ginipoint (Panel ©f Figure3). Redistribution hasmallimpacts (by about &ini
points) in Africa and Latin America. Interestingly, there was a sudden shift in the impact of
redistribution from close to zero to about& Gini points in CIS countries in the late 1990s.
Redistribution has clearly the strongest impact in the &hich steadily increaseduring
19892015 to about 1&inipoints.

®We note the estimated level of net income inequality in the EU is slightly low&anel B oFigure3 (and
also o Figure4) than on Figurel and Figure2 of Sectiord. In Sectiom we use Eurostat data on Gini

coefficient and meamousehold income, while in this section we use SWIID data on Gini coefficient and IMF

data on GDP per capita.
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Figure3: Global and regional Gini coefficients income inequality, 1982015

Gini market Gini net Effect of redistribution
70 70 70 4 4

65 65 65 0 0
60 60 WO 60 2 f < :. 2 ;

55 55 5y — = [
50 50 [& 50 -8 -8
45 45 45 ., i3
40 40 40
35 35 m 35 b i
30 30 305 30 -20 ‘ -20
90 95 00 05 10 15 9 95 00 05 10 15 9 95 00 05 10 15
e (Global 128 —— Africa 29 —— Asia 18
—CIS 12 —— EU.28  ~rmer Latin America 12

Source: Author calculations.
Note:we use the deterministic version of the tparameterdistribution method based on the lawrmal

distribution See the country composition of the groimpsheannex

In order to obtain further insights into EWlide inequality developments, we report results for two
groups within the E\0Figured): the first 15 EU membetsand the 13 Elewermembers that
joined between 200413, of which 11 countries are fro@entral and EasternEurope (CEE)

1 There was a sharp increase in-&lde inequalitypetween198993, reflecting anoderate
increase in inequality among the first 15 EU member statesasstthrp increasérom a
very low levelamong the 13 newer member states. TREE countries in tHatter group
suffered from massive output declinasising fran their transition from socialist to market
based economies during this time.

1 In 19952008 there was a sizeable decline imEide net inequality, even though within

country inequality increased in many EU member states. The convergence of CEE countries

(in terms of average GDP per capita) has likely played an important role in the dedhee of
EW8 netinequality, becausithin-EU15 and withifEU13 inequality remained broadly
stable in this periodWe will assess the role of income convergence on regimcome
inequality in the next section. On the other hand, sintR&market inequality hardly

changedrom 19952013, redistribution has played a role too.

Y EU15 results of Morrisson and Murtin (2004) deviate from our results by less than 1 Gini point.
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1 The decline in Edide netinequality stopped in 2008 argince then it remained broadly
stable,even though withiREU15 and withifEU13net inequality has slightly increased in
200915.

Figure4: Gini coefficientof income inequality in the BropeanUnion, 19892015
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Note:we use the deterministic version of the tparameter distribution method based on the fogrmal
distribution.ELR8 =the current members of the European Uni&t15 = the first 15 members of the European
Union; EU13 = the 13 countrigmat joined the European Union in 202913

5.4 Decomposition of the change in global and regidiali coefficients

We decompose the changes in global and regional@irtcoefficients to changes in withicountry
inequality and other factors. Unfortunately, thglobal andregionalGinicoefficiens cannot be
decomposed intgurelywithin-country and betweercountry inequality, unlike other indicators, like
the Theilstatistics(seee.g.Chotikapanich, Valenzuela and Rao, 19%¢refore using a numerical

method, wedecompose the change in global and regio@alicoefficients into four components:

Within-country inequality,
Meanincome,

Relativepopulation size, and

= =4 =4 =

A nintéraction factor, which arises from the nelmear interaction of the other three

components.
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To this end, first we fix the national Gini coefficients at their 1989 $arad calculate global and
regional Gini coefficients using these constant national Gini coafits and the actual valudsr

income and population in 1982013. The difference between this artificial estimate and the
estimate using actual data for all three key variables indgtite impact of changes in within

country inequality on changes itodpal and regional Gini coefficients. Second, we fix mean incomes
at their 1989 levedand calculate global and regional Gini coefficients using these constant national
mean incomes and the actual values of Gini coefficients and population in2l380 Agin, the
difference between this artificial estimate and the estimate using actual data for all three key
variables indicatethe impact of changes in mean incomes on changes in global and regional Gini
coefficients. Third, we do the same analysis withydapion. Finally, the difference between the
actual change in global and regional Gini coefficients and the sum of the changes due to changes in

within-country inequality, mean income and population indicates the interaction factor.
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Figure5: Decomposition of the change in global and regional net Gini coefficients of income
inequality, 19892015
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Source: Author calculations.

Note: we use the deterministic version of the {parameter distribution method based on the {ogrmal
distribution. See the country composition of the groups iraetireex ELR8 =the current members of the
European UniognEU15 = the first 15 membeaybthe European Union; EU13 = the 13 countries that joined the

European Union in 2062013 CIS = Commonwealth of Independent States.

28



Figureb shows that at the global level, convergence in mean incomes was the main drivingnforce
the reduction in global inequality and its impact accelerated in the early 2000s. While global
inequdity decreased by &inipoints (from 67 in 1989 to 59 in 2013), the convergence of mean
incomes would have resulted in a-p@int decline in this period. The offsetting factors were the
increase in withircountry inequality, which pushed up the gloltzih coefficient by about 3 points,
and the change in relative population size, which increased the global Gini by about 1 point. The

interactions among the three valies caused a 2 points decline.
However, in various regions of the world the relative intpace of these factors varies

1 Inthe EU28, the-point increase in inequalitirom 198993 was about halhalf the
conseguence of income divergence (collapse of CEE economies) and increases-in within
country inequality. The ensuing decline in EU28 indtyuid 19942008 was mainly the
result of income convergence (minus 3 Gini points), while the increase in sethimtry
inequality increased EU28 Gini by about 0.5 pxiimthis period. Since 2008 the combined
impact of various factors was close to zero.

1 Within the two main EU groupgcome convergence played a minor role and most of the
change irinequality in theEU15 and EU13 was the result of witiimuntry inequality
changesYet in 200915, income divergence within the EU15 group (major economic
contraction and weak recovery in some Mediterranean countriif&d the Gini coefficient
of this country group by about 0.6 Gini points.

1 InAfrica, the three main components hadoady the same impact.

1 In Asia, the Commonwealth of Independent States and Latin America, the main driving force

was withincountry inequality.

5.5 Uncertainty of global and regional Gini coefficient estimates

Using the full version of the stochastic typarameter distributiormethod, we calculate the

standard deviation of the 100 estimates for the global and regional Gini coeffickégtse6 shows
that there are large differences in thestimated standard deviation depending on which distribution
is used, even though the mean estimates were rather similar for all three distributiosbpas by
Table4. Theuse of the Pareto distribution leads to the largest standard deviation, most likely

because this distribution has a fatter right tail than the other two distributions and thereby
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simulations from this distribution can lead to moggtreme values than simulations from the other

two distributions.

Figure6 suggests that the global Gini coefficient is measured very precisely. Its estimated standard
deviation has increased from about 0.1 in 1989 to about 0.3 in 2013 when using thertogl and
Weibull distributions, while it increased from about 0.3 to @6en using the Pareto distribution.

Such levels of standard deviation are rather small compared to the level of global Gini coefficient,
which declined from about 67 in 1989 to 59 in 2013. A possible reason for the low standard
deviation of the global Gimioefficient is that mean income is its key determinant and there are
major differences in mean incomes in the 128 countries. Thereby the uncertainty in the country

specific Gini coefficients (which is very large in the case of some developing counaiessess.

Among the five regions we consider, the standard deviation is lowest for EU countries, reflecting
both the sizeable differences in mean incomes between the 28 member states and the more precise
measurement of national Gini coefficients thamiany developing countries. When using the-log
normal and the Weibull distributions, the standard deviation of the Gini coefficient estimates for
Latin America has declined to levels similar to the EU in-280Dn the other hand, the standard

deviation d the estimated Gini coefficient is much higher in Asia and Africa.

Figure6: Standard deviation of global and regional net Gini coefficients, 12893
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Source: Athor calculations.
Note: we use the full stochastic version of the fpamameter distribution method. See the country composition

of the groups in theannex
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6. Conclusions

Various methodologies have been usedhe literatureto estimate global distribution of income
However the accuracy of thesmethodologieshas not yet been tested to our knowledge, with the
exception of the Lorengurve regression method of Kakwani (1980) and Bhalla (2002). We therefore
comparedfour methodologies. We adopted gerfect aggregation tedty estimatngthe country

wide Gini coefficientsingterritorial data fromfour countriesthe United Sates(using data fronb0
states and Washington DC), Australia (8 states and territofl@s)ada (10 provinceahd Turkey (12
regions) Wethen compared these estimates with the counimjde data published by national
statistical officesWe also assessed the sensitivity of the quantile income shares methods to
different degrees of detail abawuantile income shares, using territorial data from the US, Canada

and Turkey, and countryide data from the EU.

We found that the method based on twparameter distributions igenerallymore accurate than
three other methodswhichuse information abou quantile income sharegimong these three
methods, # of our calculations led to the same rankitige Lorenzcurve regression method of
Kakwani (1980) anBhalla (2002) is the most robuabd providesatheraccurate estimates
irrespective of the avaible level of detail of quantile income shardse identical quantile income
method of Bourguignon and Morrisson (2002) and Milanovic (2002) works well only if relatively
detailed information is available on quantile income shabes,is unprecise whenrdy quintile
income shares are available. contrast, he Kernel density method of SakMartin (2006) works
well only ifquintile incomesharedata is used, but this method is less accurate when applied to more
detailed income share dat&.et when theright level of detail about gantile income shares is used,
all methods work reasonably well and lead to similar results, suggesting that the way-edgtlritry

income distribution is approximated is less important.

We therefore proposd the use of tweparameter distributions to approximate withinountry

income distributions. This approximation is simpler, easier to implement, and relies on a more
internationallycomparable dataset of national income distributions than other approaches used in
the literature to calculate the global distribution of incom&e found that three tweparameter
distributions—the Lognormal, the Pareto and the Weibull distributionsll work well. We also
proposeda simulatiorbased extension of the twparameter distribution nethod to estimate the

uncertainty in the globabinicoefficient.

We found that there was a slight decline in gloin&@lomeinequality among the citizens of 128
countriesfrom 19892002,since wherthe decline has accelerated. TB807/2009global financia

and economic crisis has not changed this trend. The main reason for the decline in global inequality

31



wasconvergence oincome per capita, which was offsieta small degredy the increase in within

country inequalitiesThe standard error of the globélini coefficient is very small.

The current 28 members of the European Urdéwaunique interms ofincomeinequality
developmentsThere was a sharp increase in-lde market and net inequality from 1988,
largely due to the collapse of the econom@Sormer saialistcountries.After 1994 market income
inequality in the EU28 was at a level similar to market inequality in other parts of the woritl and
hasremained relatively stable since then. Howewvegt inequality is at a much lower level iretlieU
than in other regionsNet inequality in the Eldeclined from 1994008, after which it remained
relatively stable. Redistributiowithin countriesand income convergendeetween countrieplayed

major roles in the decline of EU28 net income ineqgyalit

Regionalncomeinequality 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

hasdeclined in other parts of the world.

We also highlighted thahe Ginicoefficients for 28 EU members and for various-gutups within
the EUpublished by Eurostaire populationweighted averages of countgpecificGinicoefficients,
which are not theGinicoefficients corresponding to theombined income distribution of the
countries. Weecommendthat Eurostat stop publishing these misleadi@&upicoefficients for the EU
and theeuro area and instead calculate the &lide and eurearea wide indicators of income
distribution either by comiming household level datiaom all countriesor by using one of the

estimates presented in our paper.
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Annex

Data sources
Data used in section 4.1 for the United States, Australia, Canada and Turkey are from the statistical

officesof these countries:

1 United States: Census Bureau,

http://factfinder.census.gov/faces/nav/jsf/pages/searchresults.xhtml

i Australia: Australian Bureau of Statistics,

http://www.abs.gov.au/AUSSTATS/abs@.nsf/DetailsPage/6523.6028020penDocument

I Canada: Statistics Canada; income shares:

http://wwwh5.statcan.gc.ca/cansim/a26?lang=eng&retrLang=eng&id=2060032&tabMode=da

taTable&srchLan%&pl=1&p2=9 Gini:http://wwwb5.statcan.gc.ca/cansim/pick

choisir?lang=eng&p2=33&id=206003Bopulation:

http://www5.statcan.gc.ca/cansim/a26?lang=eng&retrLang=eng&id=0510001&&pattern=&

stByVal=1&p1=1&p2=50&tabMode=dataTable&ssianean income:

http://www5.statcan.gc.ca/casim/pickchoisir?lang=eng&p2=33&id=2060011

9 Turkey: Turkish Statistical Institute; Gini, income shares and mean incomes:

http://www.turkstat.gov.tr/PreTablo.do?alt_id=101population:

https://biruni.tuik.gov.tr/medas/?kn=95&locale=en

Data used in sections 4.2 and 4.3 are from the following Eurostat datasets

(http://ec.europa.eu/eurosta): Quantile shares* Di st ri buti on of income by
[ilc_diO0Ol1l]"” +" i mi coeffffiiciemtt of equivalised di
[T c_dil1l2]"; Mean equi v aweistarddrd (RRS)* Mieramo rmaen da tmemu ra

i ncome by age and s eRopuason April@lé verSionlofCNIF Woildl ¢ _ di 0 3]
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http://factfinder.census.gov/faces/nav/jsf/pages/searchresults.xhtml
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http://www5.statcan.gc.ca/cansim/a26?lang=eng&retrLang=eng&id=2060032&tabMode=dataTable&srchLan=-1&p1=-1&p2=9
http://www5.statcan.gc.ca/cansim/a26?lang=eng&retrLang=eng&id=2060032&tabMode=dataTable&srchLan=-1&p1=-1&p2=9
http://www5.statcan.gc.ca/cansim/pick-choisir?lang=eng&p2=33&id=2060033
http://www5.statcan.gc.ca/cansim/pick-choisir?lang=eng&p2=33&id=2060033
http://www5.statcan.gc.ca/cansim/a26?lang=eng&retrLang=eng&id=0510001&&pattern=&stByVal=1&p1=1&p2=50&tabMode=dataTable&csid
http://www5.statcan.gc.ca/cansim/a26?lang=eng&retrLang=eng&id=0510001&&pattern=&stByVal=1&p1=1&p2=50&tabMode=dataTable&csid
http://www5.statcan.gc.ca/cansim/pick-choisir?lang=eng&p2=33&id=2060011
http://www.turkstat.gov.tr/PreTablo.do?alt_id=1011
https://biruni.tuik.gov.tr/medas/?kn=95&locale=en
http://ec.europa.eu/eurostat

Economic Outlook database:

https://www.i mf.org/external/pubs/ft/weo/2016/01/weodata/index.aspx

Data sources for our calculations for global and European Gini coefficients in sections 5 are the

following:

1 Gini coefficient (before taxes and transfers and after taxes and transfers): source: the
Version 5.1 of the Standardized World Income Inequality Database (SWIID) of Solt (2016):

http://fsolt.org/swiid/ . Since data is typically available till 2013 and 2014 irbtheersion of

the SWIID dataset, for ounlculations for EU countries in the case of the Gini coefficient
after taxes and transfers, we chain Eurostat data for 20840 the SWIID data (i.e. we add
to the 2013 SWIID data the change in the Gini in 2014 and 2015 as calculated from Eurostat
data).
1 Population: the April 2016 version of the IMF World Economic Outlook database:

https://www.imf.org/external/pubs/ft/weo/2016/01/weodata/index.aspx

1 Mean income: similar tgeveral other papers, and considering the arguments put forward
by Chotikapanich, Griffiths, Rao and Valencia (2012), we approximate mean income with
GDP per capita at purchasing power parity (PPP). Source: IMF World Economic Outlook
database; we use thepiil 2016 version of the database (see weblink above). Some missing
values for some countries at the beginning of our sample period were chained backwards to
the IMF WEO data using data from World Bank World Development Indicators, European
Commi ssIiE€CO slaAMDbase, EBRD’' s Selected Economi
Maddison Project. We note that the IMF data is at current prices, while many researchers
calculating global Gini coefficients used constant price GDP per capita from the Penn World
TablesWhen the goal of the analysis is, for example, the calculation of absolute poverty,

such as estimating the number of people living below $2 per day, then constant price data is
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preferred. When the goal of the analysis is the calculation of inequality mesiike the
Gini coefficient or the share of population belonging to a certain quantile (as in our paper),
current price data is also appropriate. Statistical offices also use current price data when

calculatingncomeinequalty and income share indicats.
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Table Al List of the 128 countries included

country region country region country region
Argentina Latam22 Greece EU28, EU15 Niger Africa29
Armenia CIS12 Guatemala Latam22 Nigeria Africa29
Australia Guinea Africa29 Norway

Austria EU28, EU15 GuineaBissau  Africa29 Pakistan Asial8
Azerbaijan CIS12 Guyana Latam22 Panama Latam22
Bangladesh Asial8 Honduras Latam22 Paraguay Latam22
Barbados Latam22 Hong Kong SAR Peru Latam22
Belarus CIS12 Hungary EU28, EU13 Philippines Asial8
Belgium EU28, EU15 Iceland Poland EU28, EU13
Bolivia Latam22 India Asial8 Portugal EU28, EU15
Bosnia and Herzegovina Indonesia Asial8 Romania EU28, EU13
Botswana Africa29 Iran Russia CIs12
Brazil Latam22 Ireland EU28, EU15 Rwanda Africa29
Bulgaria EU28, EU13 Israel Senegal Africa29
Burkina Faso Africa29 Italy EU28, EU15 Sierra Leone Africa29
Burundi Africa29 Jamaica Latam?22 Singapore Asial8
Cabo Verde Africa29 Japan Slovak Republic EU28, EU13
Cambodia Asial8 Jordan Slovenia EU28, EU13
Cameroon Africa29 Kazakhstan CIs12 South Africa Africa29
Canada Kenya Africa29 Spain EU28, EU15
Central African Republic  Africa29 Korea Asial8 Sri Lanka Asial8
Chile Latam22 Kyrgyz Republic CIS12 Swaziland Africa29
China Asial8 Lao P.D.R. Asial8 Sweden EU28, EU15
Colombia Latam22 Latvia EU28, EU13 Switzerland

Costa Rica Latam22 Lesotho Africa29 Taiwan Asial8

Cote d'lvoire Africa29 Lithuania EU28, EU13 Tajikistan CIS12
Croatia EU28, EU13 Luxembourg EU28, EU15 Tanzania Africa29
Cyprus EU28, EU13 Madagascar Africa29 Thailand Asial8
Czech Republic EU28, EU13 Malawi Africa29 Trinidad and Tobago Latam22
Denmark EU28, EU15 Malaysia Asial8 Tunisia

Dominican Republic Latam22 Mali Africa29 Turkey

Ecuador Latam22 Malta EU28, EU13 Turkmenistan CISs12
Egypt Mauritania Uganda Africa29

El Salvador Latam22 Mauritius Africa29 Ukraine CIs12
Estonia EU28, EU13 Mexico Latam22 United Kingdom EU28, EU15
Ethiopia Africa29 Moldova CIs12 United States

Fiji Asial8 Mongolia Asial8 Uruguay Latam22
Finland EU28, EU15 Morocco Uzbekistan CISs12
France EU28, EU15 Namibia Africa29 Venezuela Latam22
FYR Macedonia Nepal Asial8 Vietnam Asial8
Georgia CIS12 Netherlands EU28, EU15 Zambia Africa29
Germany EU28, EU15 New Zealand Zimbabwe Africa29
Ghana Africa29 Nicaragua Latam22

Note: CIS = Commonwealth of Independent States; EU = European Union; Latam = Latin America.
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Figures AJA4 belowshowthe yearly countrywide Gini coefficient estimates based on territorial
data of the United States, Australia, Canada and Tusgerived from the various method3he
actual countrywide data as published by the statistical offices of these courdridshe
unweighted and populatiofweighted averages of territorial data are also includgable3 of the

main text summarizes the average annual deviation of the estimates from the published county

wide data through the years.
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Figure A1 The overall U&ini coefficient and its estimates from data of 50 states and DC, 2006
2014

(A) Methods based on income share data
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(B) Methods based on two-parameter distributions
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Source: Author calculation and Census Bureau.
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Figure A2 The overall Australian Gini coefficient and its estimates from data of 8 states and
territori es, 19952014

(A) Methods based on income share data
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Kernel density method (quintile shares)

(B) Methods based on two-parameter distributions
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Note: several surveys were conducted-year periods that we report at the second years. We connect all lines
(except for the actual Gini coefficient) for better readability.

Source: Author calculation afustralian Bureau of Statistics.
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Figure A3The overall Canadian Gini coefficient and its estimates from data of 10 provinces,-1984
2013

(A) Methods based on income share data
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(B) Methods based on two-parameter distributions
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Source: Author calculation and Statistics Canada.
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Figure A4 The overall Turkish Gini cfficient and its estimates from data of 12 regions, 2004

(A) Methods based on income share data
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(B) Methods based on two-parameter distributions
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Source: Author calculation and Turkish Statistical Institute.

Figures A5 and A6 belasthowSection 4.2and Section 4.8esults for the union of five countries.
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Figure A5The union of fivenor® !  O2dzy i NASaQ DAYA O2STFFTFAOASY
guantile income shares, using different levels of detail about income shares, 2[8.3
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Source: Author calculations.

Note: the fie countries are Iceland, Macedonia, Norway, Serbia and Switzerland. Eurostat publishes detailed
data on quantile income shares for these countries.

43

Sai



Figure A6 Estimates of the union offveno@ | O2dzy i NA SAQ DAYA O2SFFAOAS
countries, 201315
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Source: Author calculations.

Note: the five countries are Iceland, Macedonia, Norway, Serbia and Switzerland. Eurostat publishes detailed
data on quantile income shares for these countries.
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