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Abstract

I compare time series properties of relative and absolute Ginis to examine which one is better

suited for time dependent analyses. In particular, I model Gini trends as a fractionally integrated

process and find that there are more mean-reverting absolute Ginis than relative Ginis suggesting

that absolute Ginis may be better suited than relative Ginis for time-dependent analyses. I then

undertake an estimation of the inequality-growth relationship using popular panel regression

methods and find that the absolute Gini is negatively and significantly associated with growth

for most models estimated, but none for the relative Gini. I deduce that from an empirical point

of view, the absolute Gini may be a better choice when undertaking time dependent analyses.
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1 Introduction

In recent years an important literature has developed on the dynamics of global inequality over

time (Sala-i-Martin 2005, Durlauf et al. 2009). The Gini is widely used as a measure of inequality

for measuring trends in inequality. Despite the wide array of inequality measures available (see

Atkinson and Brandolini 2004), the social science literature still uses the Gini, which measures

income inequality relative to average income/GDP.

This paper will highlight that the absolute Gini may be a better choice as an inequality measure

compared with the popularly used relative Gini for time dependent analyses. The problem of using
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relative Ginis in time dependent analyses lies in that income inequality is measured relative to

average income. This implies that time trends of relative inequality measures are likely to follow

similar trends as that of the underlying income or GDP process which is used to generate them1.

The practice of using relative inequality measures to gauge inequality has also been criticised by

some recent studies (see Atkinson and Brandolini 2004, Bosmans et al. 2014) where they compare

the performances of relative, absolute and intermediate measures of inequality, although they do not

consider specific concerns about using time trends of relative and absolute inequality measures.

To illustrate this problem I model the time series properties of these measures as a fractionally

integrated process and find that there are more countries that have mean-reverting absolute Ginis

than relative Ginis. This suggests that absolute Ginis could be more appropriate for time dependent

studies. Thereafter I implement an application, where I estimate the inequality and growth relation-

ship using popular panel regression methods, with both relative and absolute Ginis. I find that the

models that use absolute Ginis reveal a stable negative relationship between inequality and growth,

but not the case for relative Ginis.

2 Data and trends

I use data from the World Income Inequality Database (WIID) database (version 3.3)2. There are a

few diffi culties posed by the database in that the Gini series are often not a continuous series based

on the same unit of measurement. The data has been carefully separated for each country’s estimate

of income inequality to ensure that the same unit of measurement applies for the series. While there

is data for over 200 countries in the data-base, I can only use data for 30 countries, where mostly

high quality data has been selected3.

Thereafter I have used real GDP per capita (in constant 2005 PPP-adjusted international dollars

from the Penn World Tables 8.1) to generate absolute Ginis using the relationships below. The

relative Gini coeffi cient, Gt is given by:

Gt = G(Yt) =
1

2n2µt

n∑
i=1

n∑
j=1

|yit − yjt| . (1)

1GDPs are well established in the macroeconomic literature to be highly trended (see Henry and Zaffaroni 2002),
and this is likely to be passed on to the relative inequality measure. As a result, relative inequality measures may be
reflecting the relatively uninteresting trends of the GDP process rather than the true underlying inequality.

2There are two estimates of relative Ginis in the database: relative Ginis estimated by United Nations University
World Institute for Development Economics Research (UNU WIDER), and those reported by country sources. Results
using the UNU WIDER estimates are reported only.

3The data available in WIID covers more than 200 countries, for a time range as early as 1890s for some countries,
to recent years. Developed countries, such as G20 countries, have reported units of measurement on several units of
income (such as gross, disposable, monetary etc.) and on consumption. The data provided is also classified as high or
low quality depending upon the country source. For the purposes of our study, we had to purge both countries and
units of measurement which were based on low quality sources, and those which had less than 30 years’data.
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where,

Yt = (y1t,y2t,...., ynt), (2)

µt =
1

n

n∑
i=1

yi. (3)

and yit is the income of individual i at time t; Yt represents the income distribution across individuals

in time period t and µt is the mean income of income distribution Yt. Equation (1) can be represented

as the ratio of two components:

Gt =
At
µt

(4)

where

At = A(Yt) :=
1

2n2

n∑
i=1

n∑
j=1

|yit − yjt| . (5)

is the absolute Gini and equals half the mean difference.

Trends of the absolute and relative Gini plotted in Figure 1 illustrate the problem. The dynamics

of inequality deduced from absolute or relative Ginis can be quite different. Not only can the slope

of the trends be different, but for cases of Germany, Estonia, Kyrgystan, Spain, Italy, Japan, and the

Netherlands the trends are completely reversed. This suggests that absolute and relative measures

can yield very different trends in inequality.

This is a concern as the economics and social science literature typically uses the relative Gini

index both as regressor and regressand, with mostly no concern about their time series properties.

Panel regression methods recommend that the regressors are stationary. I will therefore now examine

the time series properties of the relative and absolute Ginis using a fractionally integrated framework.

3 Modelling Ginis as a fractionally integrated process

I will now model Gini trends as a fractionally integrated (FI) process. I eschew the use of unit root

models, which have been strongly criticised due to their low power4. While there exists a developed

literature for unit root models, applied finance and macroeconomics prefer the identification of in-

termediate stages in between stationary and non-stationary processes. This has led to the notion

of fractional integration (FI), which allows for intermediate stages in between the two extremes of

non-stationarity and stationarity5.

4I have nevertheless estimated standard augmented Dickey Fuller tests, and most cases exhibit non-stationarity.
5There is abundant evidence that supports the empirical relevance of FI models in macroeconomics and finance,

justified from both a theoretical and applied perspective (Henry and Zaffaroni 2002, Durlauf et al. 2009). The
time series literature also notes that conventional procedures for detecting and dating structural changes tend to find
spurious breaks, usually in the middle of the sample, when in fact there is only fractional integration in the data
(Nunes et al. 1995). Recent empirical evidence also suggests that relative GDP data is well fitted by a fractionally
integrated process (Michellacci and Zaffaroni 2000, Mello 2011). Relative Ginis, are similar to relative GDPs, as they
are both deflated by the average income value.
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Relative Gini, left Y­axis, %
Absolute Gini, right Y­axis, % of country average.

Figure 1: Relative and Absolute Gini trends for 30 countries

4



I model Ginis as an Autoregressive Fractionally Integrated Moving Average (ARFIMA) process.

To fix ideas, let us define an ARFIMA(0, d, 0) process. Assume a stochastic process for the Gini, gt,

given by (1− L)dgt = ut, where ut is a zero-mean, constant-variance, and serially uncorrelated error

term, and d is the parameter of integration, which can assume non integer values. When d > −1,

the term (1−L)d can be expressed as a binomial expansion (1−L)d = 1−dL+d(d−1)L2/2!−d(d−
1)(d − 2)L3/3! + ..... Invertibility holds when −1/2 < d < 1/2. Assuming invertibility, the moving

average expression is obtained as yt =
∑∞

j=0
ψjut−j, where ψj = Γ(j + d)/Γ(d)Γ(j + 1), and Γ(.) is

the gamma function, given by Γ(α) =

∫ ∞
0

tα−1e−tdt.

If parameter d lies in the interval (−0.5, 0.5) then the above process is deemed stationary; for val-

ues (0.5, 1), the process is nonstationary, but mean-reverting. Mean reversion requires the cumulative

impulse response function cN =
∑N

j=0
ψj, N = 0, 1, 2, ..,to convergence zero at ∞.6

Likewise, it can be shown that if d < 1, then c∞ = 0, in other words, then the process is mean-

reverting. When d > 1, then c∞ =∞ and when d = 1, c∞ is constant and finite, and the process is

not mean-reverting.

Table 1 presents results of the estimates of the fractional integration parameter based on methods

of Geweke and Porter-Hudak (1983)7. For the relative Gini I find that the estimates of d lie in the

stationary region for 4 cases (Hungary, Lithuania, Macedonia and the Netherlands) and 6 cases in

mean-reverting region (Costa Rica, Denmark, Japan, Norway, Sweden and United Kingdom), out of

30 countries.

For the absolute Gini, estimates of d lie in the stationary region for 1 case (Czech Republic) and

11 cases in mean-reverting region (Argentina, Costa Rica, Denmark, El Salvador, France, Germany,

India, Italy, Kyrgystan, Spain and the United States), out of 30 countries.

The findings therefore suggest some mean-reversion in relative Ginis, but many more for the

absolute Ginis. This implies that while the absolute Ginis are not stationary, they may be the more

appropriate Gini to use for time- dependent analyses. It is, however, important to note that for some

cases, the relative Gini is mean reverting and the absolute Gini is not. Thus, the results suggest that

one should treat each country Gini case by case.

4 Application to the inequality and growth relationship

I will now compare the performance of the relative and absolute Gini using an application to the

inequality and growth relationship. The relationship between inequality and growth has been in-

tensively investigated (Banerjee and Duflo (2003), Herzer and Vollmer (2012)) and the findings are

6This means that the effect of a unit shock on the level of the series after N periods converges to zero at infinity,
i.e.limN→∞ cN = 0.

7I also used the Robinson (1995) multivariate semi-parametric method but the results were often unsatisfactory
due to the number of years available.
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not conclusive. All empirical analyses investigating the inequality-growth relationship have used the

relative Gini. Some studies reveal a positive relationship, some a negative relationship, while others

none. Until a stable relationship is identified, it is not possible to accurately advise governments on

policies on economic growth and inequality. Thus it will be useful to ascertain if a stable relation-

ship results with the absolute Gini. To observe whether the absolute Gini presents itself as a better

candidate compared with the relative Gini for time dependent analyses, I estimate a standard panel

regression model that is used in Banerjee and Duflo (B&D) (2003) and many other papers, with

two sets of control variables. To increase the number of countries WIID version (2.2) is used which

gives us 45 countries. The B&D (2003) regressions are estimated with two sets of controls8, inspired

by the political economy mechanisms as discussed in Perotti (1993) and macro-political economy

mechanisms proposed by Barro (1992). The model estimated in this paper is:

grit = α + βGiniit + Zitγ + eit (6)

where grit is the growth rate of country i in year t, Giniit is the inequality measure in country

i in year t, Zit is a vector of controls and eit is an error term assumed to be normally distributed

N(0, σit).The models are estimated using four standard panel regression methods: random effects,

first differences in growth and inequality, fixed effects and the Arellano and Bond (1992) estimator9.

The estimates are presented in Table 210. For both sets of controls used, and estimation technique,

there are more instances of a significant and negative relationship between absolute inequality and

growth. There is however no significant relationship between relative Gini and growth. These results

suggest that the absolute measure can be a more reliable measure of inequality for time dependent

analyses, as suggested by the results in Section 3.

5 Conclusion

In this paper I have highlighted several problems of using time trends of Ginis. First, trends of

the relative Gini performs quite differently from its absolute version and thus the choice of which

one to use depends upon the nature of the analysis involved. Second, I have modelled relative and

8Controls used by Perotti (1993) are logged GDP at constant 2000 US dollars, investment share of GDP at constant
2000 US dollars, male years in education, female years in education. Controls used by Barro (1992) are logged GDP
squared in (t-1), which in our case is 5 years, logged GDP in (t-1), government share of GDP excluding spending on
defence and education in (t-1), percentage of workers with secondary education, percentage of workers with tertiary
education, logged fertility, rule of law, Spanish/Portugese colony, other colony, investment share of GDP in (t-1).
These variables have been downloaded from the World Bank WDI database.

9I have not presented the Blundell-Bond GMM estimates as the empirical literature on inequality and growth has
not used it widely. The results however are similar.
10In Table 2 I use 2 types of relative Gini variables: Gini as obtained directly from the database, and Gini, filled,

where the missing gaps have been filled via linear interpolation. Absolute Gini is the variable directly from the
dataset. Absolute Gini, estimated, are own estimates using Gini, filled, and constant 2000 US dollars, and Absolute
Gini, estimated PPP, are estimated using constant 2000 PPP-adjusted dollars.
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absolute Ginis as a fractionally integrated process to observe their trend properties. I find that each

country’s relative Gini has a different model compared to its absolute version and that there are more

mean-reverting absolute Ginis than relative. This suggests that the absolute Gini (being closer to

stationarity) are a better choice for time dependent analyses. To further test for this, I run several

panel regression models estimating the inequality and growth relationship as an application, and I

find a stable negative relationship between absolute Gini and growth, but not with the relative Gini.

The analysis suggests that one should use relative Ginis with caution and that the absolute Gini

may be more suited for time dependent analyses. It may also be one of the underlying reasons for

inconclusive results with estimating the inequality and growth relationship, for which further research

is required.
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Notes: Figures in parentheses are standard errors 

Table 1. Fractionalizing Differencing Parameters for Relative and Absolute Gini processes 



 
   Perotti Controls    Barro Controls 
 
  RE FD FE AB  RE FD FE AB 
_______________________________________________________________________________________________________________________ 
Gini 0.021 -0.10168 -0.00704 -0.131  0.069 0.009 0.061 0.286 
Standard error  0.035 0.095 0.073 0.154  0.057 0.124 0.101 0.188 
N  212 155 212 140  150 104 150 45 
          
Gini, filled 0.000 -0.109 -0.007 0.114  0.069 0.033 0.033 0.013 
Standard error 0.032 0.105 0.07 0.235  0.065 0.095 0.095 0.214 
N  292 247 292 206  191 151 191 78 
          
Absolute Gini 0.000** -9.50E-10*** 6.92E-16 -5.30E-10*** 7.09E-17 1.10E-06 4.71E-07 -4.29E-10*** 
Standard error 3.53E-16 3.52E-10 4.50E-16 1.20E-10 -6.81E-16 1.44E-05 6.30E-06 1.11E-10 
N  66 48 66 43  38 26 38 22 
          
Absolute Gini,  
estimated -0.000** -8.30E-07 -2.35E-08 5.17E-06 2.44E-07 9.75E-06 3.80E-06 5.53E-06 
Standard error 1.50E-06 6.71E-06 2.60E-06 5.92E-06 2.92E-06 1.05E-05 5.41E-06 9.29E-06 
N  292 247 292 206  191 150 191 78 
          
Absolute Gini,  
estimated PPP -0.000*** -8.50E-06*** -2.58E-06* 4.60E-06 -3.11E-06** -7.20E-06*** -4.05E-06** 8.82E-06 
Standard error 1.01E-06 2.25E-06 1.40E-06 3.60E-06 1.56E-06 2.17E-06 2.00E-06 1.14E-05 
N  292 247 292 206  191 151 191 78 
_______________________________________________________________________________________________________________________ 
 
Notes: * 10% level of significance, ** 5% level of significance, *** 1% level of significance. See footnote 7 and 9 for controls and variable definitions. 
 

 
Table 2: Panel regressions: dependent variable, growth 

 




