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Synopsis 

  

The Gini index is the most widely accepted inequality measure across the Globe, with 

almost all governmental and international agencies using it to summarise income or 

wealth inequality in a nation or the world. Although originally developed to be a 

standardised measure of statistical dispersion intended to understand income distribution, 

the Gini index has evolved into quantifying inequity in all kinds of distributions of wealth, 

gender parity, access to education and health services, and environmental policies, among 

others. In this work, we present the original Gini index, as well as some of the various 

existent alternative Gini formulations, while also exploring various traditional and 

modern applications of the index in different settings, at national and international levels. 

We further discuss the implications of the traditional Gini index for international 

diplomacy and policymaking and conclude with some future directions on the topic. 
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1. Introduction 

 

Inequality among people has always been a problem but has become more salient in 

recent years. Indeed, data and research show that the degree of inequality has increased 

in most countries around the world, which in turn, has generated concerns both from the 

perspective of the sustainability of economic growth, as well as from the perspective of 

social cohesion and well-being. 

 

In economics, the Gini index or coefficient (also known as the Gini ratio), is a measure 

of statistical dispersion intended to denote the income inequality or the wealth inequality 

within a nation or a social group. Figure 1 shows the world map of the Gini indices by 

country, as of 2021, with higher values indicating greater inequality.  

 

To be noted that income distribution can vary greatly from wealth distribution in a given 

country; by all accounts, in practice, income and wealth are two distinct concepts. For 

example, the income originating from the black-market economic activity, a subject of 

current economic research, is not included.  

 

 
 

Figure 1. Gini indices by country 2021. Source: 

https://worldpopulationreview.com/country-rankings/gini-coefficient-by-country 

 

The Gini index has been most widely used in the field of economics. However, fields as 

diverse as sociology, health science, ecology, engineering, and agriculture have also 

benefited from the same (Sadras & Bongiovanni, 2004). The existing literature 

demonstrates the breadth of applications of the Gini index. As with any other index, the 

Gini index has been used by a range of actors, from governments to national and 

international organisations and businesses alike, to monitor income inequality within a 

given country or across countries.  
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For policymakers, the Gini index plays a vital role, as it can assist in determining where 

resources and support are most needed. For example, the Pan American Health 

Organization (PAHO) uses a Sustainable Health Index (SHI), which contains the Gini 

index as one of its components, in order to allocate its budget among its member states. 

It is worth mentioning that this budget policy formula is composed by a floor component 

(core staff and general operating expenses), a needs-based component (SHI), a resource 

mobilisation component (ability to raise resources by a country), and a variable 

component (to address emergent situations that may not be reflected in the needs-based 

calculation, for example, natural disasters, epidemics, and so on) (PAHO, 2019). 

 

In view of the above, the Gini index is more relevant today than ever before, being a 

powerful inequality measure and the most popular of all to help understand the economic 

diversity of an area, especially when used along with additional data on income, 

education, and poverty, among others. In this work, our aim is to present the original Gini 

index, as well as some of the various existent alternative Gini formulations, while also 

exploring various traditional and modern applications of the index in different settings, at 

national and international levels. We further discuss the implications of the traditional 

Gini index for international diplomacy and policymaking and conclude with some future 

directions on the topic. 

 

2. History of the GINI Index 

 

The Gini index is a commonly used objective measure of inequality (Wu & Chang, 2019), 

which was first introduced by the Italian statistician Corrado Gini (Gini, 1912, cited in 

Luebker, 2010). It can theoretically take any value between zero (perfect equality, i.e., 

everybody has the same income) and one (perfect inequality, i.e., all income goes to a 

single person) (Luebker, 2010, p. 1). In other words, the Gini index measures the degree 

of wealth concentration among citizens on a 0-1 scale, wherein a Gini index of 1 indicates 

the most unequal situation, in which all income is owned by a single person and all others 

have nothing (Wu & Chang, 2019, p. 1479). 

 

2.1. Uses and Purposes of the Gini Index 

 

It is widely acknowledged that both growth and equity play a role in poverty reduction. 

Since economic and financial crises have undermined development prospects over time, 

many policymakers have revived their focus on greater equity as a means out of poverty 

(Luebker, 2010, p. 6). As a result, the Gini index becomes even more vital and relevant. 

 

Ceriani and Verme (2015) defined the Gini index as the sum of individual contributions 

where individual contributions are interpreted as the degree of diversity of each individual 

from all other members of society (p. 637). As the authors further elegantly highlighted, 

“one cannot talk of individual inequality but one can talk of individual diversity and it 

can be reasonably argued that the sum of individual income diversities in a given 

population is one possible measure of societal income inequality” (p. 638).  

 

The Gini index (just like the Bonferroni index and the De Vergotinni index) can be 

interpreted as a measure of social deprivation, as well as a measure of social satisfaction. 

The absolute Gini index is a measure of mean social deprivation or mean social 

satisfaction when an individual (a) considers the whole distribution when he compares 

his/her income with each and all of the incomes of others and (b) he/she does not identify 
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with any group (Imedio-Olmedo et al., 2012, pp. 479, 484). Imedio-Olmedo et al. (2012) 

argued that “the social deprivation and social satisfaction measures are the expected value 

of the functions that assign deprivation or satisfaction to each income level. However, 

when aggregating these two concepts along the income distribution, a policymaker may 

want to discriminate between different parts of the distribution by attaching different 

weights. This can be done by computing the mean social deprivation or the mean social 

satisfaction as weighted means using different weighting profiles” (p. 485). Because of 

the relationship between deprivation, satisfaction, and inequality, inequality indices in 

general can be thought of as aggregate measures of the feelings of people who perceive 

themselves to be disadvantaged or advantaged in terms of income (Temkin, 1986, 1993). 

 

2.1.1. Advantages of the Gini Index 

 

Among the advantages of the Gini index are: 

 

a. The Gini index is a prominent measure of income or wealth inequality, with 

relevancy at an international level. The Gini index is used by almost all governmental 

and international bodies to summarise income inequality in a country or the world 

(Liu & Gastwirth, 2020, p. 61). It will not be an overstatement to say that the Gini 

index is the most widely accepted across the Globe.  

 

b. Although originally developed to be a standardised measure of statistical dispersion 

intended to understand income distribution, the Gini index has evolved to quantify 

inequity in all kinds of wealth distributions, gender parity, access to education and 

health services, and environmental regulations, among others (Mukhopadhyay & 

Sengupta, 2021). 

 

c. Also, it is worth noting that the appeal of the Gini index comes from its simplicity, 

as it condenses a country’s total income distribution on a scale of 0 to 1; the higher 

the number, the higher the degree of inequality (Adeleye, 2018, cited in Osabohien 

et al., 2020, p. 581). It is, therefore, quite easy to interpret, helping in easily drawing 

conclusions. 

 

d. Its popularity also comes from the fact that as the amount and quality of inequality 

data have increased, the Gini index, in particular, has become a ‘cross-over statistic’, 

known and understood by non-specialists (Moran, 2003, p. 353). 

 

e. There are a variety of summary measures of inequality (please see Table 1 below, 

compiled by Kokko et al., 1999), each with its own set of assumptions and 

mathematical properties. Only two of these, however, the Gini index and Henri 

Theil’s (1967 cited in Moran, 2003, p. 373) entropy measure, satisfy the five most 

sought-after features or properties. In order to satisfy these properties, an inequality 

indicator must be: (1) symmetrical, (2) income scale invariant, (3) invariant to 

absolute population levels, (4) defined by upper and lower bounds, and (5) able to 

satisfy the Pigou-Dalton Principle of Transfers, which states that any redistribution 

from richer to poorer reduces inequality and vice versa. To satisfy the transfer 

principle, inequality measures must reflect any income transfer, regardless of where 

it occurs in the distribution. None of the other summary metrics have all of these 

properties (Moran, 2003, pp. 355, 373). 
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Table 1  

Measures of Inequality 

 

Measure Equation 

Sample variance, 𝑠𝑦
2 1

𝑛−1
∑ (𝑦𝑖−𝑦̅)2

𝑛

𝑖=1
 

Index of dispersion, 𝐼 𝑠𝑦
2

𝑦̅
 

Coefficient of variation, 𝐶𝑉 
𝑠𝑦

𝑦̅
 

Morisita coefficient, 𝐼𝛿  𝑛

(𝑛𝑦̅)2−𝑛𝑦̅
∑ 𝑦𝑖

2−𝑛𝑦̅
𝑛

𝑖=1
 

Standardized Morisita coefficient, 𝐼𝑝 See Krebs (1989) or Tsuji and Tsuji (1998) for 

adjustment procedure 

Herfindahl index, 𝐻 (or Simpson’s index, 𝑆) 
∑ 𝑝𝑖

2
𝑛

𝑖=1
 

Bradbury’s bounded skew index, 𝐵 

(originally: 𝐻) 

𝑛𝑠𝑝
2 

Keller’s weighted skew index, 𝑊 𝑛0+𝑛+𝐵+
𝑛0+𝑛+

, where 𝐵+ = {
𝑛+𝑠𝑝+

2    𝑖𝑓 𝑛+ > 1

1            𝑖𝑓 𝑛+ = 1
 

Keller’s corrected skew index, 𝑊̃ 𝑊−Ε[𝑊|𝐻0]

1−Ε[𝑊|𝐻0]
 

Kokko’s iterative skew, 𝐾𝑚𝑒𝑑  (originally: 𝜆) Iterative solution of 𝑦𝑖 ∼ 𝐾(1−𝐾)𝑖−1

1−(1−𝐾)𝑛  such that resampled 𝑠𝑦
2 

agrees with observed value 

Hovi’s mean error skew, 𝑀 𝑛

2
×

1

𝑛−1
∑ |𝑝𝑖−𝑝̅|

𝑛

𝑖=1
 

Pamilo’s linear skew, 𝐿 (originally: 𝑆3) 1

𝑛−1
[𝑛−(∑ 𝑝𝑖

2
𝑛

𝑖=1
)

−1

] 

Pietra ratio (“Robin Hood index”), 𝑃 
max

𝑗=1,…,𝑛
|∑ 𝑝𝑖

𝑗

𝑖=1
− 𝑗

𝑛
| 

Alatalo’s cumulative skew, 𝐶𝑡 
∑ 𝑦𝑖

𝑛𝑡
100
𝑖=1

, where 𝑡 is a threshold (0 < 𝑡 < 100) 

Poissonian deviance, 𝛿 𝑠𝑦
2 − 𝑦̅ 

Index of monopolization, 𝑄 (Green’s 

coefficient, 𝐹) 

𝑠𝑦
2 −𝑦

𝑛𝑦̅2−𝑦̅
 

Lloyd’s mean crowding index, 𝑚∗ 𝑦̅ +
𝑠𝑦

2

𝑦̅
− 1 

Gini coefficient, 𝐺 1

2𝑛2𝑦̅
∑ ∑ |𝑦𝑖−𝑦𝑗|

𝑛

𝑗=1

𝑛

𝑖=1
 

Theil index, 𝐼𝑣  
ln(𝑛) + ∑ 𝑝𝑖ln (𝑛𝑝𝑖)

𝑛

𝑖=1
 

Moment skewness, 𝑔1 𝑛

𝑠𝑦
3 (𝑛−1)(𝑛−2)

∑ (𝑦−𝑦̅)3
𝑛

𝑖=1
 

𝐿-moment skewness, 𝑔𝐿 2𝑤2−𝑦̅

6𝑤3−6𝑤2+𝑦̅
,  

where 𝑤2 = 1

𝑛(𝑛−1)
∑ (𝑖−1)𝑦𝑖

𝑛
𝑖=2  

and 𝑤3 = 1

𝑛(𝑛−1)(𝑛−2)
∑ (𝑖−1)(𝑖−2)𝑦𝑖

𝑛
𝑖=3  

with 𝑦𝑖  ordered: 𝑦1 ≤ 𝑦2 ≤ ⋯ ≤ 𝑦𝑛 

Source: Kokko et al. (1999, pp. 362-363). 
 

f. The Gini index satisfies the following four essential conditions which are frequently 

imposed on any good poverty index: (1) Continuity (Gini values for closed 

distributions are similar); (2) Anonymity (the invariance of the Gini index to a 
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permutation of the income values); (3) Invariance when the income measure scale is 

changed; and as aforementioned (4) the Dalton-Pigou transfer principle. However, it 

is noteworthy that these four essential requirements are insufficient for choosing an 

acceptable poverty indicator (Stefanescu, 2011, pp. 256-257). 

 

2.1.2. Disadvantages of the Gini Index 

 

Among the disadvantages of the Gini index are: 

 

a. The Gini index does not directly reflect people’s views on income distribution (Wu 

& Chang, 2019, p. 1479). Specifically, Gimpelson and Treisman (2018, cited in Wu 

& Chang, 2019, p. 1479) found that the Gini index is not related to people’s support 

for redistribution. Instead, as the perceived levels of inequality rise, so do the 

demands for redistribution (Wu & Chang, 2019, p. 1479). 

 

b. Mathematically, the Gini index is most sensitive to income transfers towards the 

middle of the distribution, whereas Theil's index, for example, becomes 

progressively receptive to transfers near the lower end of the income scale (Allison, 

1978, cited in Moran, 2003, p. 373). 
 

c. The Gini ratios’ absolute magnitudes are not consistent across surveys or in view of 

changes in measurement specifications within surveys (Moran, 2003, p. 364).  

 

d. The Gini index has often been chastised for yielding results that are equal when 

calculated from two different distributions (p. 61). However, Liu and Gastwirth 

(2020) showed that expecting a single measure to completely describe the entire 

income distribution is unrealistic. As a result, researchers may benefit from 

combining the Gini index with another measure that emphasises the section of the 

underlying distribution that is most important to the research problem. For instance, 

Foster and Wolfson (2010, cited in Liu & Gastwirth, 2020, p. 68) combined the Gini 

index with the relative median deviation, i.e., (𝜇𝑈 − 𝜇𝐿)/𝜇, where 𝜇𝑈 is the mean of 

those above the median and 𝜇𝐿 is the mean of those below the median, to measure 

the polarisation of an income distribution. 
 

e. Needless to say, on its own, the Gini index presents a narrow view of overall 

inequality prevailing in a society and does not measure the quality of life. 

 

2.2. Construction of the Gini Index to Measure Inequality 

 

2.2.1. Data and variables used in the index system 

 

Some authors utilise Gini indices that have been derived directly from a household survey 

to measure income distribution disparity, using household per capita income as a welfare 

indicator (Székely & Mendoza, 2015, p. 399). 

 

It should be noted that the sensitivity of all inequality measures to the measurement 

choices on which they are based is one of the most important yet ignored elements of all 

inequality measures.  
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The choice of income-receiving unit (e.g., households, person equivalents) is statistically 

as well as conceptually significant, yet it is a topic that is frequently disregarded in 

inequality studies. Adopting a larger unit should, on the surface, reduce the degree of 

assessed disparity because the incomes of the various members are essentially averaged 

(Moran, 2003, pp. 358-359). 

 

Different aggregations of the same distribution will return conflicting Gini ratio 

estimations, similar to discrepancies in receiving units. Even if the poorest population 

quintile has the same number of households as the highest quintile (e.g., both 20%), it 

may (and often does) contain fewer people of working age, and thus the quintile’s low 

overall income can be attributed in part to having comparatively fewer income-receiving 

people (Moran, 2003, p. 360). 

 

The next methodological concern is agreeing on a definition of ‘income’ after the 

receiving unit has been decided and the level of aggregation has been established. The 

more progressive and effective the national tax system is, the more crucial it is to quantify 

income in pre- or post-tax statistics for inequality measurements. Estimates of inequality 

based on gross income should, by definition, provide larger Gini indices than those based 

on income net of taxes, especially in developed countries with progressive tax systems. 

Significant discrepancies in inequality measurements could also be due to how non-

monetary expenditures are accounted for (such as in-kind government transfers and 

benefits) (Moran, 2003, p. 360). 

 

Although Gini indices are commonly employed to measure income disparity, some relate 

to market earnings (i.e., income before taxes and transfers) and others refer to disposable 

incomes (i.e., income after taxes and transfers). Calculating Gini indices for wages or 

earnings, while omitting income from other sources, can be useful at times. Furthermore, 

Gini indices can be calculated using consumption or expenditure data (rather than 

income), or taxable income can be calculated using tax records. They can also be 

computed for other types of distributions, such as wealth or land ownership (Luebker, 

2010, p. 1). 

 

Gini indices are reported exclusively by most major cross-national data aggregates, and 

they are regularly released by both national statistical agencies like the UK Government 

Office of National Statistics and the US Census Bureau, as well as international 

development organisations like the United Nations and the World Bank (Moran, 2003, p. 

353). 

 

The European Union’s statistical office, EUROSTAT, calculates a standard Gini index, 

which measures how far a country’s wealth distribution deviates from a fully equal wealth 

distribution, with 0 representing complete equality and 100 indicating complete 

inequality when expressed in percentages (Tammaru et al., 2019, p. 6; EUROSTAT, 

2021). 

 

As a particular case, there are some differences and similarities between the Gini index 

published by the Organisation for Economic Co-operation and Development (OECD) and 

the one published by the National Institute of Statistics and Informatics (INEI, for its 

acronym in Spanish) in Peru, a developing country in Latin America. In this sense, 

although the Gini index published by INEI showed a decreasing trend from 2007 to 2017 

(Castillo, 2020, p. 4), the level of inequality in Peru was higher than the levels of 
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inequality in countries from the European Union, members of OECD (Yamada et al., 

2016, p. 4). 

 

INEI measured inequality both for real household income and expenditure per capita 

using data from the National Household Survey of Peru (ENAHO, for its acronym in 

Spanish; Castillo, 2020, p. 3). Also, INEI (2018, cited in Castillo, 2020, p. 5) published 

the Gini estimates for real household income per capita at the regional level, using for its 

classification a geographical criterion. In Peru, there are three main geographical regions: 

the Coast, the Highlands, and the Jungle. According to INEI (2018, cited in Castillo, 2020, 

p. 5), the Coast appears to be the most equal, while there is no clear dominance between 

the Highlands and the Jungle. 

 

The measurement of per-capita income used by INEI to calculate the Gini index was 

obtained after adding the following income components at the household level 

(A+B+C+D), dividing this addition by the number of the household members, and 

deflating the result in order to express it in terms of prices from the Lima Metropolitan 

area in 2014 (Yamada et al., 2016, pp. 6-7): 

 

A. Income from Employment comprises salaries received from the main and secondary 

employment activities, including extra payments and commissions, whether the 

individual is an employee or involved in self-employment jobs. Also, it includes 

goods and services produced for own consumption (mainly, from agriculture), 

extraordinary payments (gratuities, bonuses, and termination pay), and payments 

made with free or subsidised goods. 

 

B. Property income includes interests from financial assets, royalties and income from 

properties, and payments received for the use of properties. 

 

C. Private Monetary Transfers include transfers from resident and non-resident private 

agents (specifically, remittances), but none of them includes employment pensions. 

 

D. Private Non-Monetary Transfers comprise transfers from private institutions 

including non-governmental organisations (NGOs). 

 

Nevertheless, OECD defined income and its components based on the principle of 

disposable income. Therefore, OECD considered the following sources of income, which 

were not considered by INEI (Yamada et al., 2016, p. 7):  

 

E. Public Monetary Transfers or Transfers received from Social Security refer to 

transfers delivered by the government in order to subsidise the population in poverty 

or the target population according to the type of programme. 

 

F. Public Employment Pensions received by retired workers. 

 

G. Workers’ Contributions paid through pension schemes to which the individual is 

affiliated when accessing the employment market. 

 

H. Direct Taxes paid proportionally to the individual income. 
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These differences and similarities regarding the sources of income considered by INEI 

and OECD are shown in Table 2 below (Yamada et al., 2016, p. 8). 

 

Table 2. Composition of income per capita by methodology of measurement 
 Sources of income INEI OECD 

A.  +Income from employment x x 

B.  +Property income x x 

C.  +Private monetary transfers x x 

D.  +Private non-monetary transfers  x  

E.  +Public monetary transfers  x 

F.  +Public employment pensions received  x 

G.  -Workers’ contributions paid  x 

H.  -Direct taxes paid  x 
Source: Yamada et al. (2016, p. 8). 

 

Furthermore, OECD used the following formula to calculate the disposable income 

adjusted per capita (Yamada et al., 2016, p. 8):  

 
𝑌𝑖

𝑆𝑖
𝜖 ,  

where 𝑌𝑖 is the total disposable income in household 𝑖, 𝑆𝑖 is the number of household 

members, and 𝜖 is defined as the equivalent elasticity. 

 

2.2.2. Methods to compute the Gini index 

 

The Gini index is conceptualised geometrically in terms of the quintile-quintile plot, often 

known as the Lorenz curve. The Gini index is defined as the ratio of the area between the 

Lorenz curve and the diagonal (area A) to the total area under the diagonal (area A + B), 

as shown in Figure 2. The Gini indices can range from 0 (complete equality, area A = 0 

and the Lorenz curve follows the 45° diagonal, so that 20% of the population receives 

20% of total income and so on) to 1 (total inequality, all of the area A + B). Greater 

differences between a given distribution and the criterion of complete equality are 

represented by higher Gini ratios (Moran, 2003, pp. 354-355). 

 

 
Figure 2. Lorenz curves. 
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The Gini index (G) is determined mathematically as the average of the absolute value of 

the relative mean difference in incomes between all possible pairs of individuals, as 

shown in the equation below (Osberg, 2017, p. 575): 

 

𝐺 =
1

2𝑦̅.𝑛.(𝑛−1)
. ∑ ∑ |𝑦𝑖 − 𝑦𝑗|

𝑛

𝑗

𝑛

𝑖≠𝑗
 

 

where 𝑦𝑖 , 𝑦𝑗 = 𝑖𝑛𝑐𝑜𝑚𝑒 𝑜𝑓 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠 𝑖 𝑎𝑛𝑑 𝑗, 𝑛 = 𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑠𝑖𝑧𝑒, and 𝑦̅ =

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑖𝑛𝑐𝑜𝑚𝑒 𝑜𝑓 𝑎𝑙𝑙 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠. 

 

Alternatively, if we let 𝑦𝑖 designate a random distribution such as income, let 𝜋 = 𝐹(𝑦𝑖) 

indicate the distribution for 𝑦𝑖, and let 𝜂 = 𝐹1(𝑦𝑖) represent the corresponding first 

moment distribution function, then the relation between 𝜂 and 𝜋, defined for 0 ≤𝑦𝑖 < ∞, 

is the Lorenz curve, and the relation can be denoted by 𝜂 = 𝐿(𝜋). Thus, the Gini index 

can be defined accordingly (Liao, 2006, pp. 203-204): 

 

𝐺 = 1 − 2 ∫ 𝐿(𝜋)𝑑𝜋
1

0

 

 

Outside of the economics field, the Gini index is significantly less well-known, and even 

within economics, different indices of inequality are frequently used to substitute the Gini 

index. The critiques regarding the Gini index’s computability are one explanation for this 

(Furman et al., 2019, p. 1). In their note, Furman et al. (2019) proposed an alternate 

expression and interpretation of the Gini index based on the concept of a size-biased 

distribution (p. 1). The authors demonstrated that the Gini index, as opposed to the 

distribution of the actual wealth (random variable X), measures the size-bias hidden in 

the random sample distribution (random variable Y*). The closer the Gini index value is 

to zero, the more accurate the sampling technique (in terms of size bias) is (p. 2). 

 

Since its inception, the Gini index has been reformulated in a variety of ways that can be 

stated as sums of individual observations throughout the population and that reflect 

various individual functions. These formulations are listed in Table 3, considering a 

population of N individuals, 𝑖 = 1, 2, … , 𝑛, 𝑛 ∈ ℕ, 𝑛 ≥ 3, and an income distribution 𝑌 =
(𝑦1, 𝑦2, … , 𝑦𝑖, … , 𝑦𝑛), where 𝑌 ∈ ℝ++

𝑛 , 𝑦1 ≤ 𝑦2 ≤ ⋯ ≤  𝑦𝑛, 𝜇𝑌 and 𝑦𝑀 are, respectively, 

the arithmetic mean and the median of distribution 𝑌, and 𝑀 is the rank of the individual 

with the median income (Ceriani & Verme, 2015, pp. 639-640): 

 

Table 3 

Alternative Gini Formulations 

 

Gini index Individual diversity 

Alleged 

original 

proponent 

Form 

𝐺𝐼 =
1

𝑛2𝜇𝑌
∑

(𝑛+1−2𝑖)(𝑦𝑛−𝑖+1−𝑦𝑖)

2

𝑛

𝑖=1
 𝑔𝑖

𝐼 =
(𝑛+1−2𝑖)(𝑦𝑛−𝑖+1−𝑦𝑖)

2
 Gini (1912, 

1914) 

Original 

𝐺𝐼𝐼 =
1

𝑛2𝜇𝑌
∑ 2(𝑖−𝑀)(𝑦𝑖−𝑦𝑀)

𝑛

𝑖=1
 𝑔𝑖

𝐼𝐼 = 2(𝑖 − 𝑀)(𝑦𝑖 − 𝑦𝑀) Gini (1912) In terms of 

distances 

from the 

median 
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𝐺𝐼𝐼𝐼 =
1

𝑛2𝜇𝑌
∑ ∑

|𝑦𝑖−𝑦𝑗|

2

𝑛

𝑗=1

𝑛

𝑖=1
 𝑔𝑖

𝐼𝐼𝐼 = ∑
|𝑦𝑖−𝑦𝑗|

2

𝑛

𝑗=1
 

Kendall and 

Stuart (1958) 

Adjusted 

Gini 

𝐺𝐼𝑉 =
1

𝑛2𝜇𝑌
∑ (𝑛+1)𝜇𝑌−2(𝑛+1−𝑖)𝑦𝑖

𝑛

𝑖=1
 𝑔𝑖

𝐼𝑉 = 𝜇𝑌 − 2(𝑛 + 1 − 𝑖)𝑦𝑖 Sen (1973) Geometric 

𝐺𝑉 =
1

𝑛2𝜇𝑌
∑ ∑ (𝑦𝑗−𝑦𝑖)

𝑗>𝑖

𝑛

𝑖=1
 𝑔𝑖

𝑉 = ∑ (𝑦𝑗 − 𝑦𝑖)
𝑗>𝑖

 
Yitzhaki 

(1979) 

Deprivation 

𝐺𝑉𝐼 =
1

𝑛2𝜇𝑌
∑ 2𝑖𝑦𝑖−(𝑛+1)𝜇𝑦

𝑛

𝑖=1
 𝑔𝑖

𝑉𝐼 = 2𝑖𝑦𝑖 − (𝑛 + 1)𝜇𝑌 Anand (1983) Covariance 

𝐺𝑉𝐼𝐼 =
1

𝑛2𝜇𝑌
∑ (2𝑖−𝑛−1)𝑦𝑖

𝑛

𝑖=1
 𝑔𝑖

𝑉𝐼𝐼 = (2𝑖 − 𝑛 − 1)𝑦𝑖  Silber (1989) Matrix 

𝐺𝑉𝐼𝐼𝐼 =
1

𝑛2𝜇𝑌
∑ 2𝑖(𝑦𝑖−𝜇𝑦)

𝑛

𝑖=1
 𝑔𝑖

𝑉𝐼𝐼𝐼 = 2𝑖(𝑦𝑖 − 𝜇𝑌) Shorrocks 

(2013) 

In terms of 

distances 

from the 

mean 

Source: Ceriani and Verme (2015, p. 640). 

 

Ceriani and Verme (2015) proved that, among these eight possible formulations of the 

Gini index, only the index of individual diversity 𝑔𝑖
𝐼𝐼𝐼 satisfies the desirable properties 

that a measure of individual diversity should have, which are the following: Continuity, 

Additivity, Linear homogeneity, Translation invariance, Symmetry, and Anonymity (pp. 

642-643). The definition of individual contribution to inequality proposed in the paper 

allows for a distinct type of additive Gini index decomposition by population subgroups. 

Individual contributions to the Gini index are seen as a measure of individual variety. We 

can simply sum up the individual values by group to get the Gini value when we aggregate 

these individual degrees of diversity across groups such as males and females. When we 

divide Gini’s share by group, we get an exact subgroup decomposition (p. 644).  

 

It is worth pointing out that there exists a long-standing stream of literature discussing 

how to decompose the Gini index, although such treatment is outside the scope of the 

present manuscript. For example, more recently, Sarntisart (2020) proposed a novel 

method that divides the Gini index into within-subgroup and across-subgroup 

components, which was then applied to the case of Thailand during the years 2009–2017. 

 

2.2.3. Limitations and difficulties related to the construction and interpretation of the 

Gini Index 

 

A relevant question that gets asked and over which there is still debate going on among 

specialists is: when is the Gini index big enough to represent a ‘high’ level of inequality? 

“Because summary measures of inequality are not associated mathematically with 

probability functions, or theoretically with sampling distributions, their magnitude and 

change can only be interpreted using subjectively defined criteria. Once we are satisfied 

that differences in Gini ratios can not be attributed to methodological choices, we are left 

with no objective, scientific method to assess whether these differences in measured 

inequality are ‘statistically significant’ – large enough to rule out measurement error, 

sampling error, or random chance – or whether they are ‘substantively meaningful’ – 

large enough to signal a material shift in the way society distributes income” (Moran, 

2003, p. 365). 

 

Moran (2003) goes on to state that “like other statistics involving subjective 

interpretation, the magnitude of inequality represented by Gini can only be assessed in 

relation to the Gini ratio of other units, and even in these situations, we can only 

imprecisely conclude which Gini ratios fall toward the ‘high’ or ‘low’ end historically. In 
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the presence of intersecting Lorenz curves, even this comparison can at times be 

problematic” (p. 365). 

 

3. Traditional Views and Applications of the Gini Index  

 

As previously stated, inequality measures have been used in the economics field ever 

since the seminal study conducted by Gini (1912), which proposed an income inequality 

index. A substantial part of the literature, therefore, is dedicated to what can be called the 

“traditional Gini index”. Below, we explore some of the most recent literature in this 

regard, across countries. 

 

For example, Chauhan et al. (2016) aimed to provide a comparable estimate of poverty 

and inequality in the regions of India over the past two decades. The unit data from three 

quinquennial rounds of consumption expenditure survey, i.e., 1993–1994, 2004–2005, 

and 2011–2012, were used in the analysis. Thus, the authors estimated the extent of 

money metric poverty and inequality in the regions of India, based on these three 

quinquennial rounds. The Gini index, rich–poor ratio, and regression analyses were used 

in the process to understand the extent of economic inequality in the regions of India (pp. 

1249, 1253). The comparable estimates were provided for 81 regions of India to the extent 

possible for rural and urban areas as well otherwise for overall areas (p. 1253). Results 

indicated that although the extent of poverty declined, economic inequality increased in 

the regions of India. By contrast to poverty estimates, the Gini index decreased in 20 

regions and increased in 61 regions. Based on these findings, the authors suggested that 

the regions with persistently high poverty be accorded priority in the poverty alleviation 

programme, while also exploring the factors leading to increasing economic inequality 

(pp. 1249-1250). 

 

The work by Osabohien et al. (2020) measured inequality using the Gini index and 

examined how social protection policies and programmes can help in poverty and 

inequality reduction in Africa (p. 575). The study covered 38 African countries and 

engaged the fixed and random effects models utilising data sourced from the World 

Development Indicators, International Country Risk Guide, and the Country Policy and 

Institutional Assessment, for the period 2005–2017 (pp. 575, 581, 585). Results showed 

that a 1% increase in the provision of social protection would decrease poverty and 

inequality by 58% and 26%, respectively. The authors also showed that the type of social 

protection policies may need to differ from one region to the other (p. 575). 

 

Zaborskis et al. (2019) aimed to compare socioeconomic inequality in adolescent life 

satisfaction across countries employing different measures, as well as to determine the 

correlations between outcomes of tested measures and country level socioeconomic 

indices (e.g., Gross National Income, Gini index, and so on; p. 1058). The paper 

introduced several methods for measuring family affluence inequality in adolescent life 

satisfaction and assessed its relationship with macro-level indices (p. 1055). The Gini 

index served as an indicator of country-level economic inequality. The data were 

collected in 2013/2014 in 39 European countries, Canada, and Israel, and were obtained 

from the Health Behavior in School-aged Children study, a cross-national survey with 

support from the World Health Organization (pp. 1055-1056, 1058). The 11-, 13-, and 

15-year olds were surveyed by means of self-report anonymous questionnaires. Fifteen 

methods controlling for confounders (family structure, gender, and age were regarded as 

confounders) were tested to measure social inequality in adolescent life satisfaction (pp. 
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1056, 1072). The study found that gender, age, and family structure all played a role in 

defining inequities in adolescent life satisfaction, though to a lesser extent than family 

affluence (p. 1072). All metrics in each country showed that adolescents from more 

affluent homes were happier with their lives than those from less affluent families.  

 

According to Poisson regression estimates, adolescents in Malta have the lowest level of 

life satisfaction inequality, whereas adolescents in Hungary have the highest level of life 

happiness disparity (p. 1056). The ratio between the mean values of the life satisfaction 

score at the extremes of family affluence (Relative Index of Inequality) derived from 

regression-based models is notable for its positive correlation with the Gini index and 

negative correlation with Gross National Income, Human Development Index, and the 

mean Overall Life Satisfaction score. From a cross-national viewpoint, the measure 

permitted the in-depth examination of the interplay between individual and macro-

socioeconomic determinants affecting adolescent well-being (p. 1056). 

 

In their paper, Panzera and Postigione (2020) introduced a new measure that facilitates 

the assessment of the relative contribution of spatial patterns to overall inequality. The 

proposed index is based on the Gini correlation measure, accounts for both inequality and 

spatial autocorrelation, and introduces regional importance weighting in the analysis, 

which distinguishes the regional contributions to overall inequality (p. 379). In the 

approach of this paper, the spatial Gini is based upon the correlation between the value 

that is observed for the reference unit and the values that are observed for the 

neighbouring regions (p. 384). The Gini correlation is a measure of association between 

two random variables, which is based on the covariance between one variable and its 

cumulative distribution function (p. 384). The Gini correlation between two variables is 

expressed as the ratio of two covariances. The covariance in the numerator is computed 

between one variable and the cumulative distribution function of the other, and it 

corresponds to the Gini covariance between the variables. The covariance in the 

denominator is computed between the variable and its cumulative distribution function 

and represents a measure of variability (p. 385). The paper introduces a measure that is 

defined as the Gini correlation between the variable Y and its spatial lag WY, where Y 

denotes the regional GDP per capita and W is a row-standardised spatial weight matrix 

that summarises the proximity relationship between regional units. The spatially lagged 

variable expresses a weighted average of the values of Y that are observed for 

neighbouring regions (p. 386). When the ranking of WY is identical to the original ranking 

of Y, the overall inequality is completely explained by the given pattern of spatial 

dependence. As the ranking of the regional GDPs (i.e., Y) becomes more dissimilar to the 

ranking of average GDPs in neighbour regions (i.e., WY), the spatial component of 

inequality decreases. When Y and WY are uncorrelated, the overall inequality is 

completely explained by its non-spatial component (p. 388). The proposed measure is 

demonstrated through empirical research of income inequality in Italian provinces that 

correspond to the NUTS 3 level of the official EU classification. The authors looked at 

regional GDP per capita data from the EUROSTAT database from 2000 to 2015 (p. 388).  

The spatial component of the Gini index is slightly greater than the non-spatial component 

for any specifications of the spatial weight matrix. This means that both of these factors 

account for nearly the same amount of global inequality in Italian provinces (p. 389).  

 

Moreover, these findings show that a positive spatial autocorrelation increases inequality 

by forming clusters of similar incomes (p. 390). The ability to determine the role of the 

spatial dependence relationship in generating income inequality at fine geographical 
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scales is critical for providing meaningful information for location-based policies targeted 

at lowering income inequality (Márquez et al., 2019, cited in Panzera & Postiglione, 

2020, p. 393). 

 

The above are certainly not the only examples, and interested readers may wish to explore 

other studies. 

 

4. Modern Views and Applications of the Gini Index 

 

Originally defined as a standardised measure of statistical dispersion intended to 

understand income distribution, it comes as no surprise that the Gini index has been most 

widely used in the field of economics. Interestingly enough, however, in time, the Gini 

index has evolved into quantifying inequity in all kinds of distributions of wealth, 

energies, masses, temperatures, city sizes, and pollution levels, gender parity, access to 

education and health services, environmental policies, and so on (Mukhopadhyay & 

Sengupta, 2021). This is because while the Gini index was devised in order to measure 

socioeconomic inequality, it is actually a “measure of statistical variability that is 

applicable to size distributions at large” (Eliazar, 2016, p. 67). As mentioned previously, 

fields as diverse as sociology, health science, ecology, engineering, and agriculture have 

thus also benefited from Gini’s work (Sadras & Bongiovanni, 2004). This has given birth 

to a plethora of modern views and applications of the Gini Index, some of which we 

explore below.  

 

For example, in engineering, the Gini index has been used to assess the fairness achieved 

by Internet routers in scheduling packet transmissions from different flows of traffic (Shi 

& Sethu, 2003). In health, the Gini index has been employed as a measure of health-

related quality of life inequality in a population (Asada, 2005). Using race as an example, 

the study dissected the overall Gini index into the between-group, within-group, and 

overlap Gini indices to reflect health inequality by group. In addition to the absolute mean 

differences across groups, the researchers looked at how much the overlap Gini index 

contributed to the overall Gini index. In chemistry, it has been used to describe the 

selectivity of protein kinase inhibitors against a panel of kinases (Graczyk, 2007). In 

education, it has been used as a measure of the inequality of universities (Halffman & 

Leydesdorff, 2010). The Gini index has even been applied to examine inequality on dating 

apps (worst-online-dater, 2015; Kopf, 2017).  

 

In ecology, it has been used as a measure of biodiversity, where the cumulative proportion 

of species is plotted against cumulative proportion of individuals (Wittebolle et al., 2009). 

In this sense, linear models have been used to evaluate the impacts of stress, the Gini 

index, the relative abundance of the dominant species, and that of their interactions on the 

ecosystem functionality.  

 

In China, the environmental Gini index is widely used for the allocation of regional water 

pollutant emissions and for the inequality analysis of urban water use. To build this 

environmental Gini index model, the cumulative proportion of various water pollutant 

emissions is generally used as the vertical axis and the cumulative proportion of the GDP 

or ecological capacity as the horizontal axis to establish the environmental Lorenz curve 

(Zhou et al., 2015, p. 1047). Specifically, Zhou et al. (2015, pp. 1049-1052, 1054) studied 

the application of an environmental Gini index optimisation model to the industrial 

wastewater chemical oxygen demand (COD) discharge in seven cities in the Taihu Lake 
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Basin, China, in order to improve the equality of water governance responsibility 

allocation and optimise water pollutant emissions and water governance inputs. The 

research found that three cities displayed inequality factors and were adjusted to reduce 

the water pollutant emissions and to increase the water governance inputs (Zhou et al., 

2015, p. 1047). 

 

More recently, the Gini index has been used to measure the inequality in greenspace 

exposure of a city, with an application to 303 major Chinese cities; interestingly enough, 

the study leveraged multi-source geospatial big data and a modified urban greenspace 

exposure inequality assessment framework (Song et al., 2021). 

  

In credit risk management, the Gini index is sometimes used to assess the discriminating 

power of rating systems (Christodoulakis & Satchell, 2007). The applications of the Gini 

methodology to financial theory are relevant whenever one is interested in decision-

making under risk (Yitzhaki & Schechtman, 2013, p. 365). Specifically, the Gini 

methodology has been applied to portfolio theory, which aims to find a combination of 

safe and risky assets that maximises the expected utility of the investor (Yitzhaki & 

Schechtman, 2013, p. 372). For instance, if we denote the absolute Lorenz curve (ALC) 

of a safe asset by LSA (the line of safe asset), then one can express same expected return) 

and its ALC: the farther the LSA from the ALC is, the greater the risk assumed by the 

portfolio. Thus, one possible measure of risk is the Gini mean difference of the portfolio 

which is obtained from the distance between the LSA and the ALC (Yitzhaki & 

Schechtman, 2013, p. 385). 

 

In agriculture, Sadras and Bongiovanni (2004) explored the applicability of Lorenz curves 

and Gini indices to characterise the magnitude of the variation in grain yield. The 

agronomic relevance of the Gini index was summarised in an inverse relationship with 

yield. Lorenz curves seemed particularly apt to present crop heterogeneity in terms of 

inequality, and to highlight the relative contribution of low- and high-yielding sections of 

the field to total paddock yield. As assessed by the authors, the Lorenz curves and Gini 

indices provide a potentially useful extension tool, a complement to yield maps and other 

statistical indices of yield variation, and further contact points between site-specific 

management, economics, and ecology. 

 

In business, Morais and Kakabadse (2014, pp. 393-394) considered that the Corporate 

Gini Index (CGI) is a valuable measure of corporate income inequality, urging regulators 

around the world to consider the CGI as a measure that should be disclosed in proxy 

statements, by introducing amendments to existing regulation. It is worth mentioning that 

Morais and Kakabadse (2014, p. 387) computed the CGI by collecting income 

distributions for six basic categories of pay for a company. These basic categories of pay 

were Executive Board, Top Management, Regional Directors/Deputy Directors, District 

Managers, Store Managers and Equivalent. 

 

The Gini index has further been used in genetics for assessing the inequality of the 

contribution of different marked effects to genetic variability (Gianola, Perez-Enciso, & 

Toro, 2003), and in astronomy for providing a quantitative measure of the inequality with 

which a galaxy’s light is distributed amongst its constituent pixels (Abraham, van den 

Bergh, & Nair, 2003). 
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Although, not exhaustive in nature, the above-mentioned studies demonstrate the breadth 

of applications of the Gini index, justifying its status as a modern measure of inequality. 

All in all, it is interesting to note how scientists and researchers across many fields have 

found occasions to apply the Gini index. 

 

5. Implications for Economic Diplomacy and Future Research Directions 

In this work, we have aimed to present the original Gini index, as well as the various 

existent alternative Gini formulations, while also exploring various traditional and 

modern applications of the index in different settings, at national and international levels. 

In this section, we briefly discuss the overall implications of the Gini index for 

international economic diplomacy and policymaking (therefore, taking the more 

traditional view of the index into account) and conclude with some future research 

directions. 

Without a doubt, the problem of inequality among people has become more salient in 

recent years. Indeed, data and research show that the degree of inequality has increased 

in most countries around the world, which in turn, has generated concerns both from the 

perspective of the sustainability of economic growth, as well as from the perspective of 

social cohesion and well-being.  

The Gini index is not without criticism. And some of it is justified, to some extent. For 

example, the fact that the Gini index, as a single statistical measure cannot capture the 

nature of inequality among people. Although nor should it be expected to do so in the first 

place. The Gini index is not a perfect measure and it is insufficient on its own, so much 

so that, if not properly understood in view of its limitations, it can turn out to be 

misleading. And that is exactly the point. One should never rely on a single summary 

statistic, be it the Gini index or any other index. To get a more comprehensive and 

accurate picture of any given socio-economic reality, any index needs to be 

complemented with insights obtained from other composite indices of well-being. In this 

sense, the Gini index remains a powerful inequality measure and the most popular of all 

to help understand the economic diversity of an area, especially when used along with 

additional data on income, education, and poverty, among others. For example, Pandey 

and Nathwani (1996) presented a new method for measuring the socio-economic 

inequality using a composite social indicator, Life-Quality Index, derived from two 

principal indicators of development, namely, the Real Gross Domestic Product per person 

and the life expectancy at birth. To account for the observed differences in life-quality of 

distinct quintiles of the population, income inequality and the accompanying life 

expectancy variations were combined into a quality adjusted income (QAI). The Gini 

coefficient of the distribution of QAI was introduced as a measure of socio-economic 

inequality (Pandey & Nathwani, 1996, p. 187). 

Preventing and reducing inequality is a multi-stakeholder effort, requiring an efficient 

social and civil dialogue between various interested groups (Charles, Gherman, & Paliza, 

2019), although it depends largely on the actions and reforms taken by the countries’ 

governments. In this sense, then, the role and responsibility of the governments is to 

support policies and initiatives in the field of social inclusion and social protection by 

providing policy guidelines and budgetary support for reform implementation. Of course, 

policy responses will be dependent on the careful interpretation of the factors that 

determine inequality in each country, as well as in view of country-specific factors such 
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as unemployment rate, economic sectoral composition, labour market institutions, and 

the design of the social protection system (European Commission, 2017).  

More recently, efforts have also been made to enhance the Gini index with insights from 

big data-driven approaches. Because the potential to exploit location to generate insights 

to understand relationships across different levels of geography is rising, geospatial 

analysis plays an essential role here. For example, Haithcoat et al. (2021) used big data 

geospatial analytics to examine ways that income inequality is associated with a range of 

health and health-related outcomes among individuals. In the authors’ words, “the 

development of spatially enabled big data that integrates sociodemographic, 

environmental, cultural, economic, and infrastructural variables within a common 

framework has the potential to transform social research. Using geostatistical approaches 

to create new information from data captured through topology, intersection, and complex 

queries among data sets allows researchers to more fully explore context. Quantifying 

this “context” is fundamental to understanding disparity and inequality” (p. 547). In turn, 

this has important implications for international economic diplomacy and policymaking, 

as such insights “may be used to inform state-level relationships underpinning social and 

structural variables that may associate with the Gini coefficient itself” (p. 547). 

The arrival of big data has indeed opened up new opportunities (Charles & Gherman, 

2013; Charles, Emrouznejad, & Gherman, 2021; Charles, Tavana, & Gherman, 2015). 

And it remains an important direction for future research, which calls for more cross- and 

inter-disciplinary empirically grounded research, more specifically, for new research 

approaches to study people and practice in truly insightful and impactful ways [for an 

example, please see Charles and Gherman (2018); Gherman (2018)], which can then 

translate into the creation of better, more comprehensive composite indices, in general 

(Charles, Gherman, & Emrouznejad, 2022). 

The Gini index can, thus, help governments in their efforts to track inequality and poverty 

levels, but this is not the only use for the index. Studies (e.g., Gurr, 1970) have shown 

that increased inequality increases the likelihood of violent conflict and violent social 

conflict. Therefore, another practical use of the Gini index is in policy support on conflict 

prevention by means of reducing economic inequality through various policy 

interventions. In other words, supporting socio-economic development through aid 

programmes and diplomacy. As Tadjoeddin et al. (2021) elegantly stated, “local 

governments at sub-national level must have a clear understanding of the taxonomy of 

collective violence (ethnic and routine) and inequality (vertical and horizontal), and more 

importantly, have an ability to closely monitor both variables and take necessary 

measures” (p. 566). 

6. Conclusions 

The Gini index is a prominent measure of income or wealth inequality, with relevancy at 

both national and international level. For policymakers, the Gini index plays a vital role, 

as it can assist in determining where resources and support are most needed. All in all, 

the Gini index is more relevant today than ever before, being a powerful inequality 

measure and the most popular of all to help understand the economic diversity of an area, 

especially when used along with additional data on income, education, and poverty, 

among others. 
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Although originally developed to be a standardised measure of statistical dispersion 

intended to understand income distribution, mainly used in the field of economics, the 

Gini index has evolved in time into a means of quantifying inequity in all kinds of 

distributions of wealth, gender parity, access to education and health services, and 

environmental policies, among others. Fields as diverse as sociology, health science, 

ecology, engineering, and agriculture have also benefited from Gini’s work, and the 

existing literature stands as evidence of the breadth of applications of the Gini index. 

Today, growing complexities of markets and states, enterprises and governments alike, 

coupled with technological developments, call for improved Gini indices. In this sense, it 

is necessary not only to make methodological improvements, but also to nurture an 

extended network of experts who can engage in constructive dialogue, with greater 

collaboration among a broader range of stakeholders, including scholars, data scientists, 

regulators and politicians, business leaders, and representatives of civil society, just to 

name a few. We, therefore, join calls for more cross- and inter-disciplinary research that 

can translate into more comprehensive, impactful Gini indices. 
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