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1. ABSTRACT

Income inequalities are a major societal challenge (Grusky 2018; Polacko 2021). Despite the criticism
that is being expressed, the Gini coefficient - especially income based - remains the most important in-
dicator for measuring the extent and development of income inequality within a country. Unfortunately,
Gini coefficients based on comparable methodologies are only available to a very limited extent. The
most comprehensive data set available with consistent definitions for net income is the WIID Gini. With
around 900 data points, this data set covers only 22% of the possible country-year combinations for
the selected sample of 160 countries between 1995 and 2019.

We pursue two obijectives: (1) to close existing data gaps through statistical imputation thereby creat-
ing a consistent and plausible dataset of Gini coefficients for 160 countries with over 1 Mio. inhabitants
from 1995 to 2019 and (2] to identify the socioeconomic and political indicators that most strongly influ-
ence these imputations. To achieve this, missing data are esfimated using a gradient boosting machine
(GBM) drawing on over 1.400 socioeconomic and political indicators from the WeSIS database.

With this novel dataset, we enable researchers to broaden their inquiry info causes and effects of
socio-economic inequality on a formerly unachievable scale.

Keywords: socio-economic inequality, gini coefficient, imputation, machine leamning, gradient boosting,
social policy
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INTRODUCTION

Income inequalities are a major societal challenge. Accordingly, research on their causes, consequenc-
es, and policy solutions has become central to social science (Dabla-Norris 2015; Grusky 2018; Pol-
acko 2021). Despite the criticism that is being expressed, the Gini coefficient remains the most important
indicator for measuring the extent and development of income inequality within a country (De Maio
2007). Common sources include the OECD, World Bank, Luxembourg Income Study (LIS), and World
Income Inequality Database (WIID). Unfortunately, Gini coefficients based on comparable method-
ologies are only available to a very limited extent. From geographical perspective, data gaps are espe-
cially prevalent for countries in the Global South. The data gaps increase with temporal distance. Even
for the Global North, pre-2005 data are often incomplete or missing. Therefore, the technical paper
pursues two objectives: (1) to close existing data gaps through statistical imputation and thereby create
a consistent and plausible dataset of Gini coefficients for 163 countries with over 1 mio. inhabitants
(1995-2019) and (2) to identify the socioeconomic and polifical indicators that most strongly influence
these imputations. Missing data are estimated using a gradient boosting machine (GBM) drawing on
over 1.400 socioeconomic and political indicators from the WeSIS database (www.wesis.org; Mossig
and Obinger 2023).

The paper is structured along & chapters. The first and second chapter introduce and discuss the Gini
coefficient as a concept, as well as already existing data. Chapter Three builds the theoretical founda-
fion for explaining and measuring inequalities within countries. In chapter Four, our method is described,
and the results are presented in Chapter Five. Chapter Six summarizes the results and concludes.

1. THE GINI COEFFICIENT

The Gini coefficient is the standard indicator to measure income inequality. It quantifies the deviation
between a perfectly equal income disfribution and the observed one, based on the Lorenz curve of cu-
mulafive income disfribution. On this curve, the cumulative share of income (y-axis) is plotted against the
cumulative share of the population (x-axis), ordered by income. The coefficient equals the ratio of the
area between the Lorenz curve and the 45-degree line of perfect equality to the total area under that
line. A value of O indicates perfect equality, whereas 1 represents maximum inequality. The coefficient
was infroduced in 1912 by Corrado Gini. A comprehensive discussion of its mathematical foundations,
variations, and potential applications can be found in Yitzhaki and Schechtman (2013).

2. CRrimicAL EvALUATION AND DATA (GAPS

When employing Gini coefficients, it is important fo be aware of their key limitations and to consider
alternative measures of inequality when appropriate (Blesch et al. 2022; Neves Costa and Pérez-
Duarte 2019). The Gini coefficients is not additively decomposable, meaning overall inequality cannot
be expressed as within- and between-group inequalities. For analyses requiring such decomposability,
the Theil index is preferable (Conceicao and Ferreira 2000). Moreover, the Gini coefficient is most
sensitive to changes in the middle of the income distribution: small redistributions among middle-income
groups affect it more strongly than larger shifts at the extremes (Gastwirth, 2017). To address this, al-
ternative indices such as the Atkinson index have been developed (Atkinson 1970). Finally, the Gini
coefficient does not account for the income levels. Identical values can mask substantial differences in
living conditions if average incomes diverge. Firebaugh (2006) highlighted general challenges in the
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use of income data, such as purchasing power disparities and the problematic assumption that income
directly reflects productivity.

Despite crificism regarding its limitations, the Gini coefficient remains the most widely used indicator
fo assess income inequality within countries (De Maio 2007). Common sources include the OECD,
World Bank, Luxembourg Income Study (LIS), and World Income Inequality Database (WIID). How-
ever, Gini coefficients based on comparable methodologies are only available to a very limited extent.
The most comprehensive data for 1995-2019, covering 970 country-years with consistent definition,
can be found in the WIID dataset (UNU-WIDER 2025a). Though the WIID companion has 1759 da-
tapoints for the same time period, the data series is a combination of different techniques and concepts
to combine different sources and fill up missing data (UNU-WIDER 2025b). In our view, the compan-
ion thus lacks an internally consistent data series (the selection and advantages of this databases over
alternative Gini datasets is explained in detail in Section 4).

3. CAuUsES OF INCOME INEQUALITIES WITHIN A COUNTRY

Before creafing a new dataset by predicting missing Gini data, we review the literature explaining
income inequality within countries. This ensures that the most important facfors from existing research
are taken into account in our methodological approach and the explanatory variables used from the
WeSIS data information system, and that our results can be interprefed reliably.

Although drivers of income inequality differ across countries, common patterns emerge in the litera-
ture. At least four main causal complexes of income inequality can be distinguished: (i) economic fac-
tors, (ii) political and insfitutional factors, (iii) education and demographics, and (iv) further determinants
e.g. external shocks or crises (Dabla-Norris ef al. 2015; Huber and Stephens 2014; OECD 2011).

As economic causes, the literature gives various explanations that atfribute income inequality to sfruc-
tural characteristics of labor markets, particularly the segmentation between highly paid, high-skilled
occupations and low-skilled jobs (Osterman 1975). Similarly, high shares of informal employment and
unemployment are associated with higher Gini coefficients (Chong and Gradstein 2007; Cysne 2009,
Kum 2024). Globalization processes (Mossig and lischka 2022) and their effects on income oppor-
tunities have also been extensively analysed. However, these effects differ across regions, resulting in
a heterogeneous empirical picture. Globalization indicators such as trade openness, foreign direct
investment, portfolio financial capital flows, or remittances show widely varying impacts on income
inequality measured by Gini coefficients (Dorn et al. 2022; Eichengreen et al. 2021). The literature fur-
ther addresses technological progress and its influence on income disparities. Rationalization potentials
arising from technological developments are particularly pronounced in certain labor market segments
and therefore put pressure on income earners in those areas (Hartmann et al. 2017). More recently, dis-
cussions have emerged regarding the potential effects of the growing use of generative Al on income
inequality (Cazzaniga et al. 2024).

Common political and institutional causes of income inequality, mentioned in the literature, are fre-
quently linked to a country's tax and economic policies and to the role of welfare state social policies.
Studies have shown that progressive tax systems, with tax rates increasing with income, reduce income
inequality and consequently the Gini coefficient. Duncan and Sabirianova (2016) confirm this, but also
show that the effect is smaller when looking at long-term wealth inequality measured by consumption-
based Gini coefficients. Both high average and marginal tax rafes are of importance. The higher these
rates, the lower the Gini coefficients of income inequality (Eydam and Qualo 2024). Progressive in-
come taxation reduces income inequality especially when accompanied by an effective redistribution
mechanism, which can be achieved primarily through social policy measures and therefore depends
on the strength of the welfare state. Accordingly, it is argued that social policy reduces income inequal-
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ity (Cammeraat 2020; Mossig and Dipont 2020). However, in OECD countries since the mid-1990s,
marketf-oriented forces and austerity policies in the sense of a “race fo the bottom” (Kvist 2004) have
reduced the equalizing effect of social fransfers, leading to increasing income inequality (Obst 2014,
Wagmiller ef al. 2020). Likewise, in formerly socialist states, previously low levels of income inequality
increased as a result of market-oriented fransformations with the expansion of private-sector activities
and the refrenchment of the redistributive sfate following the shift in economic policy frameworks (Ban-
delj and Mahutga 2010; Henderson et al. 2008).

To explain existing income inequadlities, social factors such as education, {anti)discrimination, and
demography are also considered. Different educational opportunities lead to unequal incomes within a
country. Longer and better education creates human capital that can be converted to disproportionate-
ly higher income opportunities in knowledge-based economic sectors (de Georio and Lee 2002; Yang
and Gao 2018). Discrimination in access to well-paid jobs works in the opposite direction. Although an
increasing number of states have joined the International Labour Organization’s (ILO) anti-discrimina-
fion conventions (Hahs 2022; Seitzer 2022), ethnic minorities sill face disadvantages in job searches
and existing employment relationships, as reflected in the ethnic pay gap (Ayaita 2023). Empirically,
discrimination during the job search plays the largest role (Brynin and ~ Guveli 2012). A similar pattern
can be seen in the gender pay gap. The International Monetary Fund has found a strong correlation
between Gini coefficients and the gender pay gap as well as other gender-related indices (Gonzales
et al. 2015). Demographic factors can also confribute to income inequality. Income inequality may
increase in an ageing society, as pension incomes are comparatively low. Moreover, public pension
systems are put under pressure, especially when productivity growth is insufficient to offset the decline
in the working-age population (Dolls et al. 2019). The extent to which income inequality is related to an
ageing population depends on the pension formula of a given country (von Weizsécker 1995).

Among other determinants of income inequalities within a country, external shocks (e.g., natural
disasters or pandemics) and crises (e.g., financial and economic crises) have often been examined in
response to contemporary events. With regard to the potential impacts of climate change, SenGupta
and Atal (2024) demonstrated that rising climate change indices lead fo a significant increase in Gini
coefficients. This effect is particularly strong in countries that are already characterized by high levels of
income inequality. Studies on the COVID-19 pandemic have shown that low-income population groups
are disproportionately affected by the consequences of a pandemic, thereby increasing inequalities
(Furceri et al. 2020; Esseau-Thomas et al. 2022). Equally, research on the Great Recession have shown
how economic crises can intensify income inequality (Pfeffer et al. 2013), while other studies examining
the 2007 /08 financial crisis have reached similar conclusions (Bodea et al. 2021).

This overview of the main factors influencing Gini coefficients as an indicator of income inequality
within a country is neither exhaustive, nor do we want to discuss how the various groups of factors are
inferlinked or mutually dependent. Instead, it highlights the multifaceted nature of income inequality and
the importance of different causes within these causal complexes. This contextualizes the subsequent
analysis and justifies our decision fo not rely on selected single indicators to predict missing Gini coeffi-
cients as the suitability of any individual indicator is debatable in a heterogeneous and complex context.
Instead, we adopt a data-driven approach, utilizing a broad set of available socio-economic and po-
litical country-level data fo train an advanced model from Computational Social Science for estimating
missing Gini coefficients. Nonetheless, the foundation of our approach lies in the connection between
the causes of inequality explained in Chapter 3 and the data from WeSIS with income inequality.
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4. MEeTHOD

To reach our goal of creating a consistent Gini index for as many countries as possible, we leveraged
the vast amount of data on global social policies in our Welfare State Information System (WeSIS). We
opted for the time period 1995-2019 (25 years); an earlier starting point is not feasible because the
data situation after the end of the Cold War in the early 1990s was very volatile, especially for the Cen-
tral and Eastern European transition countries. This would have led to incomprehensible results. Similar
to Windzio et al. (2022), our country sample comprises 163 countries. A complete dataset with Gini
coefficients would therefore comprise 4,100 country-year combinations.

We ran a prediction of net income Ginis with every numerical indicator collected in WeSIS as our
independent variables. As our prediction algorithm, we used gradient boosting, a weak-learning algo-
rithm suited well for prediction tasks (Bahad and Saxena 2020). In addition to the data from WeSIS,
we took data on Gini coefficients from the World income inequality Database Wiid (UNU-WIDER
2025a). However, some pre-processing was necessary to use both datasets as the basis for our pre-
diction.

For our dependent variable we rely on the Wiid. Although several other databases like the World
Bank or the World Inequality Database provide Gini coefficients as well, most of them show large
fluctuation in the amount of homogeneous datapoints when filtered by type of measurement. Therefore,
we chose the Wiid dataset because it provides the longest and most complete homogeneous data
series. Since this dataset comprised a multitude of different sources, measuring concepts, and further
discriminating variables, we had to filtler out about 95% of observations to get an internally consistent
fime series. For this, we filtered out any resources other than net income. Additionally, we excluded any
reference unifs other than “Person” and sharing units other than “households”. Furthermore, we filtered
the reference period by years to ensure consistent ime series on a country-year basis. Even affer these
filtering steps, there were still country-years that were duplicated. To resolve this, the dataset was filtered
by source frequency. For each country, the most frequent source was selected. For the scale variable
in the Wiid dataset, the existing values were prioritized differently. First, the dataset was checked if “per
capita” was included in the scale. If it was found, all other values for the duplicated country-years were
removed from the dataset. If “per capita” was not found, the dataset was then checked for “No adjust-
ment” and, if not found, for “Equivalized”. Despite these efforts, there were still few duplicated country-
years left, specifically for the countries New Zealand and Luxembourg. In the case of New Zealand, the
same number of values came from different sources. This was due to the OECD providing both hisforical
and updated data series. The new data series was retained. For Luxembourg, there were two different
surveys that yield similar results. To remove the duplicated country-years, we calculated the mean of the
duplicate values. Through this process, we created a training dataset without duplicated country-years
and with only a single calculated mean value. The dataset with original Gini values available for train-
ing ranged from the year 1990 to 2020, incorporating 904 individual values in tofal.

Subsequently, we prepared the independent variables. For this, we relied on the vast number of
indicators in WeSIS, which generally reflects the causal complexes laid out in Chapter 3. As pre-pro-
cessing, some indicators had to be inferpolated. We modified a subset of four indicators not collected
annually by running a linear interpolation. Specifically, the share of the population that is Jewish, Chris-
fian, and Muslim. These indicators were only collected every five years. Since the differences between
existing data point were rather small, linear interpolation is justified. The fourth interpolated indicator
was the share of the population eamning less than the median income. In contrast to the other interpo-
lated indicators, the differences between data points varied across countries. The differences were still
sufficiently small to allow for linear interpolation. Moreover, the relevance of this indicator provides an
additional reason for applying linear interpolation. Further classifications demonstrated that the inferpo-
lated indicator increases the precision of our models. Finally, we filtered country—year combinations so
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that only those combinations that contained af least two of the three most influential indicators remained.
As a result, our dataset consists of 1412 independent variables. The distribution of the most dominant
indicators including their importance per cause is documented in Table 1.

With this dataset, we trained our gradient boosting machine (GBM). A GBM is a machine learning
algorithm based on decision trees that is used for prediction. Each decision tree predicts the residuals of
the previous tree. With this method, it iteratively reduces the prediction error through gradient boosting.
Gradient boosting proceeds through the following steps: First, predictions are initialized using a simple
decision tree. Next, the residuals are calculated. The residuals are defined as the differences between
the actual values and the current predictions. A new decision free is then fitted to these residuals using
all available independent variables. Next, the original predictions are updated with the new predic-
tion multiplied by learning rate. This process is repeated for a predetermined number of iterations. In
addition to the number of trees, the accuracy of the prediction depends on the free depth, the minimum
number of observations in the terminal nodes and the shrinkage /leaming rate (Ayyadevara 2018).

We chose this model because it has been shown to have great predictive capabilities (Bahad and
Saxena 2020). In particular, its strengths lie in the stepwise optimization that iteratively reduces the
residuals and its ability to combine many weak learners into a strong model (Bentéjac et al. 2021). In
real-world applications, GBMs have shown high performance and reliability. They also outperformed
Support Vector Machines (SVM) and improved predictive performance (Ray et al. 2023; Touzani et
al. 2018).

5. Results

The Wiid Gini data have shown a very unequal distribution, with 731 country—year combinations for
OECD countries and 195 for non-OECD countries. This amounts to a fotal of 924 existing data pointfs,
or 22.1% of the possible 4,100 country-year combinations, meaning that the prediction closes signifi-
cant data gaps. Because of the weak representation of non-OECD countries, we ran several classi-
fications using different weights of 2, 3, 4, 5, and 10 for non-OECD countries. Based on the analysis
of the different results, we decided to use a weighting of 5 for non-OECD countries and unweighted
predictions for OECD countries for our final dataset. The final training dataset consisted of data for 926
unique counfry-years.

With the original dafaset of 926 unique cases, 859 of which between 1995 and 2019, we predict-
edGini coefficients for 2913 additional country-years. This resulted in a new set of Gini values contain-
ing 3772 data points. Our prediction performed very well with a root mean sqare error (RSME) of only
2.619315 (non-weighted GBM]. The median of the residuals was -0.0146 indicating that the model was
able to estimate the actual values without systematic bias. The interquartile range was relatively narrow
(Q1 =-1.3108, Q3 = 1.1512), indicating that most prediction errors were small. Despite a few higher
residuals (minimum -7.1377, maximum 9.3925), the model was overall capable of generating highly
accurate predictions. This is further highlighted by the very small standard error (0.0122). Moreover, the
p-value was < 2:107', allowing the null hypothesis of no relationship to be rejected with a very high
degree of confidence. The multiple R? value of 0.8914 shows that approximately 89% of the variance
in the dependent variable was explained by the model. Overall, the linear regression analysis revealed
a very strong and highly statistically significant relationship between the observed and the predicted
Gini values.
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Figure 1. Predicted vs. original Gini values
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Taking a more thorough look af our independent variables, they resemble our discussion of causes for
income inequality in Chapter 3. Table 1 shows the twenty most important features for our prediction.
Their importance is either split among or sorfed info one of the causes discussed in chapter three. The
importance can be read as the percentage of variance explained through variance in this indicator. The
most important features were the Gender Inequality Index, the proportion of people living below 50%
of the median income (interpolated), the total population ages 65 and above, the capital city coordi-
nates (latitude) and the codetermination and information /consultation of workers.

The imporfance of the indicators Gender Inequality Index and Human Development Index cuts
across the causal complexes discussed in Chapter 3. This is due to the fact that the indicators themselves
consist of three dimensions. Specifically, the Gender Inequality Index is composed by the components
(a) labour market (economical), (b) empowerment (political) as well as (c) reproductive health (so-
cial), while the Human Development Index is based on the three dimensions (i) enjoying a reasonable
standard of living (economical), (i) acquiring knowledge (political] and (i) living a long and healthy
live (social).

All'in all, the distribution among the three set of causes is very balanced, highlighting the importance of
each one. The low degree of importance gathered among the “other” category underlines the theoreti-
cal assumptions and expectations explained in Chapter 3 as well.
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Table 1. Feature-importance split along causes for unweighted prediction

Indicator Economic Inljs?tzit?oorl_ol Social Other

Proportion of people living below 50% of median income (interpolated) 1977

Gender Inequality Index 6,20 6,20 6,20

Total population ages 65 and above 1792

Total ODA for water supply and sanitation, by recipient countries 7,23

Capital city coordinates (Latitude) 559

International financial flow in support of clean energy research 2,97

Human Development Index 0,99 0,99 0,99

Victims of intentional homicide per 100,000 population (bothsex) 2,65

Codetermination and information/consultation of workers 1,86

Codetermination board membership 1,58

Unemployment Insurance Law. Duration of Benefits 1,54

Maternal mortality ratio 1,41

State authority over territory 1,04

Poverty gap at dollar 3.65 a day (2017 PPP) 095

De facto coverage of children by the child benefit for citizens/residents 093

Share of population ages O to 14 0,79

School life expectancy, primary, male (UIS) 0,77

Behavioral conditions in the child benefit system 0,69

Out-of-pocket expenditure per capita in US$ (WHO) 0,69

Domestic autonomy 0,67

Sum 2791 25,45 27,31 996
- _—

Q0.63

6. DISCUSSION

Despite the frequent use and importance of the Gini index in explaining income inequalities, a closer
look at the “usual” resources revealed large data gaps. Our novel approach, taking advantage of the
large amount of data in WeSIS, produced an internally consistent and encompassing Gini coefficient
dataset. Though produced through prediction, our dataset fills gaps for country-years for which no
data was available before. Figure 2a to 2¢ show the advancement of our predicted data compared
fo the original data series our analysis was based on. The original Gini data points are printed in blue
and our predicted Gini values in red. The graphs highlight the fremendous improvement over the former
data availability. Given that the gradient boosting machine reported high confidence in our results, this
new dataset of Gini coefficients opens up formerly impossible lines of research while decreasing data
biases between the Global North and the Global South.

Obviously, we cannot prove the correctness of our new data points directly — in ideal world there
would have been data, and hence no need for imputations. The match between the expectations root-
ed in the literature on the causes of income inequality and the results our prediction produced sfill offer
face and “construct validity” in Adcock and Collier’s (2001) terms. In sum, we are confident that our Gini
data - based on a "theory-connected data-driven approach” - is useful for future research.

The new data can be found here: https://wesis.org/indicators/2588.
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Figure 2a: Country-timelines original (blue) and predicted (red) Gini values
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Figure 2b. Country-timelines original (blue) and predicted (red) Gini values
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Figure 2c. Country-tfimelines original (blue) and predicted (red) Gini values
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