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Introduction

Relevance of regional similarity-inequality. Both monitoring
and studying the socio-economic characteristics of geographical
areas are highly crucial for the construction of both regional and
national policies. This analysis helps to promote partnerships
between territories in order to overcome obstacles, as well as to
identify actions that, having been successfully applied in specific
zones, could be implemented in others.

The United Nations General Assembly established the 2030
Agenda for Sustainable Development in 2015 (United Nations,
w.dc.). This global agreement puts focus on equality. Sustainable
Development Goals SDG 10 and 16 specifically refers to reducing
inequality. This is carried out through the development of
mechanisms that reject discrimination in all its forms and
promote universal levels of well-being and inclusion. Other goals
aim to make progress in the social field, reducing gaps in certain
aspects. These include achieving gender equality through the
empowerment of all women and girls (SDG 5), ensuring equitable
quality education, (SDG 4) as well as the promotion of inclusive
and sustainable industrialisation (SDG 9) (United Nations, w.dc.).

There is a consensus in the economic research that a country
should not only be evaluated by its economic productivity
indicators, but also by its capacity to reduce poverty and
inequality (Gasparini et al. 2014). The urgency of decreasing
dissimilarity (and thus increase equality) through public policies
requires measuring and analytical instruments. The study of
indicators on different countries and regions of the world,
including the characterisation of their relationships is of
tremendous interest. This is a fundamental step to define
improvement strategies that contribute to the achievement of
the SDG (Gasparini et al. 2014).

Inequality (and subsequently equality) manifests itself in
society in various ways, so it is necessary to carry out an analysis
that encompasses all its dimensions. Not only will we focus on
income and consumption, but also health, education, gender and
justice, among others (OECD/CAF/ECLAC, 2018). While all
societies are unequal with respect to different variables or indexes,
not all are unequal at the same magnitude. Quantifying the
intensity of both similarity and inequality is a matter of interest.
The above can be done by means of indexes or variables that can
be compared over time, both between countries and groups of
individuals.

This investigation uses mathematical analysis, statistics and
machine learning to examine variables and indexes related to
socioeconomic aspects.

Background. With regard to similarity analysis (Hanel et al.
2019) point out that research focuses mostly on describing dif-
ferences, rather examining similarities which could be at least as
interesting. This led authors to explore similarities between
22 social variables (such as moral attitudes, human values, and
trust) within 6 commonly used social categories: gender, age,
education, income, country of residence, and religious denomi-
nation. Pairwise comparisons were made in each category
between variables. The results proved that, on average, the level of
similarity between pairs of variables exceeded 90%. In the field of
health, (Stern 2020) studies the difficulties of different groups in
accessing health care. The authors suggest that analysis of simi-
larities between different marginalised groups can be very useful
in determining and overcoming systematic inequalities in
health care.

There are pieces of research that have analysed the similarity
between regions from different perspectives. The World Bank
publishes biannual reports exploring macroeconomic and devel-
opment trends in Africa, East Asia and the Pacific, Europe and
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Central Asia, Latin America and the Caribbean, the Middle East
and North Africa, and South Asia (World Bank 2020). This trend
analysis is based on the study of similarities between the countries
belonging to each region.(Economic League 2023) uses a
similarity index to compare the states within The United States.
It incorporates 12 socioeconomic factors, which are: total
population, ethnic heterogeneity, gender proportion, median
household income, labour force participation, and poverty rate. In
addition to these factors, crime rate per 100,000 residents, life
expectancy, Gross Domestic Product (GDP) per capita, and
enrollment rate are also taken into account. Gini coefficient, and
industry makeup by proportion of employed labour force are also
considered. In the investigation, Philadelphia and New Orleans
showed many common characteristics (Economic League, 2023).
(Niskanen and Lin 2001) explored both the regional similarities
of forest resources and the socio-economic structures of
European Union countries in order to improve the comparability
of territories for studies examining the contribution of forest
resources towards regional development. The study focused on
the forest-dominant (Finland and Sweden) and Mediterranean-
Eastern-Atlantic (Greece, Portugal and Ireland) groups of
countries. There is also research that measures communalities
only between two geographical areas. Therefore, (European
Comission 2022) characterises the territories to be compared
via data downloaded from Eurostat. The similarity between the
two territories is assessed using the cosine similarity metric (Han
et al. 2012). Each area is symbolised by a vector whose
components represent the value taken by each of the variables
considered in the analysis. The variables used in the investigation
are: population density, fertility rate, population change, propor-
tion of women, GDP per capita in purchasing power standards
(PPS), Gross Value Added (GVA) at basic prices (European
Comission 2022). The experiment is carried out in the European
Union'.

The research described in this paper considers a broader
geographical scope (220 countries) and assesses not only equality,
but also inequality. The investigation is carried out, using
tweenty-six variables, by education, economic, labour market,
and gender domains in Europe, North America, South America,
Asia, Africa and Oceania. In particular, series clustering
techniques are applied, which allows the analysis to be
implemented considering the values of the features in each
country and domain over several years.

With respect to inequality, the Gini coefficient, as opposed to
the so-called “Lorenz curve” which graphically represents the
level of inequality in a society, provides a figure for comparing
inequality between different regions. (Kuznets 1955), who is
considered one of the first authors to examine the concept of
inequality, suggested that the relationship between income and
inequality exhibited a concave form. Growth in its initial stages is
accompanied by an increase in inequality, and as growth
increases, less inequality is generated. (Alesina and Rodrik
1994) advocated that a high level of inequality generates negative
effects on growth, which is why it is necessary to create
redistributive policies. (Cingano 2014) conducted an analysis in
member countries of the Organisation for Economic Co-
operation and Development (OECD), which found that income
inequality had a significant negative impact on growth. In
particular, in those regions in which the gap between low-income
households and the rest of the population was greater. The author
argues that policies to reduce income inequality entail not only
social outcomes, but also actions to sustain long-term growth
(Renddén-Morquecho and Marroquin-Arreola 2020).

The above-mentioned research probes that in order to study
inequality in more depth, it is necessary to understand the
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relationship between Gini coefficient and other socio-economic
variables. (Sitthiyot and Holasut 2020) proposed three indicators
to compose an inequality index: the Gini coefficient itself
combined with the share of income in the hands of the richest
10% and the portion of income in the hands of the poorest 10%
(Sitthiyot and Holasut 2020). The information that was used by
the authors in the research comes from the World Bank database
and the OECD income distribution database between 2005 and
2015. The outcomes showed that the analysis of income
inequality could distinguish between countries that had the same
Gini coefficient but which, nevertheless, showed different income
gaps between the top and bottom 10 percent.

(Blesch et al. 2022) demonstrated the existence of contradictory
research findings concerning the relationship between economic
inequality and other factors. This might be partly due to an
exclusive focus on the Gini coefficient, which might capture
inequality in a limited way. The authors conceptualise the
measurement of inequality as a task of analysing the reduction of
the income distribution. The results suggested that multi-
parametric models consistently outperform monoparametric
models (i.e. models that represent monoparametric measures
such as the Gini coefficient) (Blesch et al. 2022). Simulations
carried out by the authors showed that the best-fitting model - the
two-parameter Ortega model - distinguished between inequality
located in the lowest income percentiles and that positioned in
the highest income percentiles (Blesch et al. 2022). This
highlighted the importance of multi-parametric models and
data-driven methods for examining inequality.

With regards to the investigation of the Gini coefficient and its
relationships with other variables, scientific studies exist in fields
as diverse as fisheries (Pérez et al. 2005), rainfall (Benhamrouche
and Martin-Vide 2012), or logistics of flower distribution
(Grajales et al. 2016). It has also been utilised in both depression
(Maldonado et al. 2007) and Acquired Immune Deficiency
Syndrome (AIDS) analysis (Haidich and Ioannidis 2004). The
Gini coefficient has also been used to quantify the epidemiological
heterogeneity in some infections (Abeles and Conway 2020)°.

With respect to socioeconomic sphere, in the education
domain, some relationships have been established between Gini
coefficient values and both performance and learning outcomes
in various subjects (Traverso 2019), (Martinez 2012). Several
analyses exist which explore the relationships between maternal
mortality, the Human Development Index (HDI), the Gini
coefficient, per capita income and social vulnerability (Do
Socorro and Dos Santos 2017). (De Sousa Filho et al. 2022)
evaluates the income segregation in some of the main Brazilian
cities. The authors detected specific socioeconomic characteristics
referred to residential segregation by income according to the
2010 Brazilian demographic census. The Income Dissimilarity
Index (IDI) was computed at the census tract level in each city,
subsequently comparing it with the Gini coefficient, as well as
with other local socioeconomic variables. The residential
segregation was also analysed utilising a dissimilarity index (De
Sousa Filho et al. 2022). (Aradjo et al. 2022) correlated the
existence of protected natural areas in a country with the variables
GDP, Human Development Index, Gini Index, and World
Happiness Index (WHI). Information on 145 countries was used.
(Rukmana and Ramadhani 2021) utilising the Gini coefficient as
a metric and the occupational structure based on the Interna-
tional Standard Classification of Occupations (ISCO), investi-
gated income inequality in depth (Rukmana and Ramadhani
2021). However, in spite of all the above, the analysis of the Gini
and its relationships with other variables has not been fully
exploited yet in social research.

With respect to the Gini modelling, (Ko¢ and Akin 2021)
applied the random forest, support vector, and multiple linear

regression models to estimate the Gini coefficient of OECD
countries. The data used in the projection corresponded to the
period 2015-2018. A set of 6 variables were used to construct the
model: Gini coefficient, tax revenue, GDP (us dollar/capita),
unemployment rate (% of the labor force), inflation (Annual
growth rate %), and current health expenditure (% of GDP).
According to performance metrics, the random forest model was
proposed as the best model among those implemented (Kog and
Akin 2021). (Zhang 2022) applied Deep Learning technology for
generating a model in order to anticipate the Gini coefficient.
Data obtained from Federal Reserve Economic Data (FRED) and
OECD related to The United States was used. Nineteen attributes
were selected. The time range was monthly from January 1959 to
August 2020.

Motivation and goals of the research. As mentioned, this
research covers a broader geographical scope, as regional simi-
larities and inequalities are studied through variables related to
four socio-economic domains. In addition, it explores the rela-
tionship between the Gini coefficient and various educational,
economic, employment and gender variables. The World Bank
website includes a number of socioeconomic variables for coun-
tries around the world over several years (World Bank, w.da.),
(World Bank, w.db.). This information provides a large volume of
data with relevant potential for social research, such as the one
carried out in this paper.

In particular, through the analysis of the Gini coefficient, it is
possible to take measures to correct the inequality detected and in
turn move towards a more equitable society. The correlation of
the Gini coefficient with other factors can guide public policies
(social, health, education, etc.) aimed at improving the popula-
tion’s quality of life.

Specifically, in this paper, we answer the following research
questions:

e Is it possible to detect similarities-dissimilarities between
countries and regions of the world by studying time series
data related to educational, economic, gender and labour
market variables?. For each of the socioeconomic variables
analysed, is it possible to rank the countries used in this
research?

e Is it possible to discover unknown relationships between
some of the wvariables that characterise the above-
mentioned domains?

e Isit possible to build a model capable of predicting the Gini
coefficient as a function of certain socioeconomic variables
referring to various fields (health, economic, labour
protection and gender)? To which of the above mentioned
domains are these variables related?

The goals of this research are derived from the answers to the
questions previously exposed. With respect to the novelties of this
research, they are:

e Based on the annual series of each analysed variable, a
clustering of series is used in order to categorise each
country according to the conglomerate in which it is
located. Various indexes were utilised to estimate the best
number of clusters.

e Derived from the above, regional similarity-inequality
metrics are presented. It makes possible to assess the
existing regional similarity-inequality in educational, eco-
nomic, labour market and gender domains.

e Several new relationships between socioeconomic variables
are identified.

e Using one of the algorithms that has been shown to exhibit
good performance metrics, the Gini coefficient is modelled
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based on variables from many different domains and not
only from variables referring to the economic field. The
model is valid for any country in the world, not being
restricted to a specific country, organisation or region.

Although much less extensive in terms of the domains, variables
and geographical areas examined in this research, a number of
studies have explored the relationships between socio-economic
indicators through statistical analysis (Tamhane 1979), (Tamhane
2009), (Macka et al. 2020), (Mackau et al. 2020), (Ponizovskiy et al.
2020), (Kaur et al. 2019), (Senapati and Ojha, 2019), as well as
machine learning models (Mirhassani and Hooshmand 2019),
(Gault et al. 1987), (Speybroeck et al. 2013). These procedures have
also been successfully applied to the analysis of systems of various
types, such as biological systems (Bzdok et al. 2018), demographic,
medical and educational systems (McArdle and Ritschard 2013) or
political systems (Goldstone et al. 2010).

Materials and methods
Repositories and software programs. In order to carry out the
research, the following dataset were utilised:

Gender Statistics Database, which can be retrieved
from the World Bank (World Bank, w.da.). It is a comprehensive
source for the latest sex-dis-aggregated data and gender statistics
covering demography, education, health, access to economic
opportunities, public life and decision-making. The data set
contains 888 variables, covering 264 countries, from 1960 to
2019°. Not all data are available. The downloaded file contains the
following information:

< CountryName > < CountryCode > < IndicatorName >
< IndicatorCode > <1960 > < 1961 > ... <2019 >

Gini Coefficient Dataset, which can be retrieved from
(World Bank, w.db.), contains the Gini coefficient for 264
countries, from 1960 until 2018*. However, data is not available
for all countries, and this issue will be dealt with in the "Modelling
the Gini coefficient".

Gender Inequality Index (GII), which includes a
composite indicator, showing inequality in achievement between
females and males in reproductive health, empowerment and
labour market domains. The dataset contains information
referring to 189 countries, from 1995 until 2019°, taking values
in the range [0, 1] (United Nations, w.da.).

With the purpose of carrying out the research, several
programs in R language (R, w.d.) were implemented, which
carried out the following functionalities:

e Execution of an exploratory data analysis, which is required
as a prior step to the analysis on the data collection. It
includes visualisation of the statistical distributions, and
identification of the most common, most rare or missing
values.

e Application of clustering techniques to the data series
(further explained in the "Regional socioeconomic simila-
rities-inequalities").

e Building of a predictive Gini coefficient model, which
anticipates the value of the Gini coefficient from certain
variables. The details of the procedures and algorithms
implemented are explained in the aforementioned "Model-
ling the Gini coefficient".

e Graphic representations (correlations and maps).

The  following  packages in R  are  utilised:
library(locpol), sm, cluster, purrr, descomponer,
caret, ggplot2, ggpubr, ranger, doParallel, fac-
toextra, NbClust, ggplot2, gplots, ggspatial,
maps, readxl, stats, ggcorrplot, RColorBrewer,
viridis, MASS, dplyr, tidyr, skimr, tidymodels,
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rworldmap, FactoMineR, Rfast, matrixStats,
gplots, data.table, sf, scales and tseries. All
software programs followed the life cycle of any software
specification: analysis, design, implementation and testing.

Geographical scope and variables to be studied. Both stand-
alone countries and groupings of countries by continent are
analysed. Specifically, 53, 33 and 12 countries are considered in
Europe, North America, and South America respectively. 53, 50
and 19 countries are included in the Africa, Asia and Oceania
regions®’.

For the purposes of this research, due to the large volume of
variables in the repository, only a subset of them, considering
their relevance, was selected. They were chosen by experts with
experience and knowledge in each domain, then analysed, where
a multiple voting system was used. The selected variables are:

Educational domain (see (World Bank, w.da.)):

e SE.ENR.PRSC.FM. ZS, Participation school enrollment,
primary and secondary (gross value), gender parity
index (GPI).

e SE.ENR.TERT.FM.ZS, Participation school enrollment,
tertiary (gross value), GPI.

e SE.PRM. ENRR. FE, Participation school enrollment, pri-
mary, female (% gross value).

e SE.PRM. ENRR. MA, Participation school enrollment, pri-
mary, male (% gross value).

e SE.SEC. ENRR. FE, Participation school enrollment,
ondary, female (% gross value).

e SE.SEC. ENRR. MA, Participation school enrollment, sec-
ondary, male (% gross value).

e SE.TER.ENRR. FE, Participation school enrollment,
tiary, female (% gross value).

e SE.TER.ENRR. MA, Participation school enrollment, ter-
tiary, male (% gross value).

e SE.XPD.PRIM.PC.ZS, Inputs Government expenditure
per student, primary (% of Gross Domestic Product (GDP)
per capita).

e SE.XPD.SECO.PC.ZS, Inputs Government expenditure
per student, secondary (% of GDP per capita).

e SE.XPD.TOTL.GD.ZS, Inputs Government expenditure
on education, total (% of GDP).

Economic domain (see (World Bank, w.da.) and (World Bank,
w.db.)):

e NY.GDP. MKTP. CD, GDP (current USS$).
e NY.GDP. MKTP.KD. ZG, GDP growth (annual %).
e SI POV. GINI, Poverty: Gini coefficient.

Labour market domain (see (World Bank, w.da.)):

e SL.TLF. ADVN. FE. ZS, labour force with advanced educa-
tion, female (% of female working-age population with
advanced education).

e SL.TLF. ADVN.MA. ZS, labour force with advanced edu-
cation, male (% of male working-age population with
advanced education).

e SL.TLF.BASC. FE. ZS, labour force with basic education,
female (% of female working-age population with basic
education).

e SL.TLF. BASC. MA. ZS, labour force with basic education,
male (% of male working-age population with basic
education).

e SL.TLF. TOTL.FE.ZS, labour force, female (% of total
labour force).

e SL.UEM. TOTL. FE. NE. ZS, Unemployment, female (% of
female labour force) (national estimate).

sec-

ter-
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e SL.UEM.TOTL. MA. NE. ZS, Unemployment, male (% of
male labour force) (national estimate).
Gender domain (see (World Bank, w.da.)):

e SG.TIM. UWRK. FE, Proportion of time spent on unpaid
domestic and care work, female (% of 24 hour day).

e SG. TIM. UWRK. MA, Proportion of time spent on unpaid
domestic and care work, male (% of 24 hour day)

e SG.GEN. MNST. ZS, Proportion of women in ministerial
level positions (%).

e SG. GEN.PARL. ZS, Proportion of seats held by women in
national parliaments (%).

In the gender domain, the Gender Inequality Index (GII) was
also used (see (United Nations, w.da.)).

Analysis of socioeconomic variables

Characterisation of time series and correlations. For each country,
the stationarity of the stochastic process (Bressler 2001) produ-
cing the time series associated to each analysed variable is
examined. Each time series can be decomposed as follows
(Alonso w.d.), (Buteikis 2020):

SE,,; = func(TreC,, ,, SeaC,, ,, RanC,, ,) (1)

mtr mtr

Where:

e m is ranged from 1 to N.

e N symbolises the amount of analysed socioeconomic
variables (26).

e SE,,, corresponds to the variable that describes the m time
series in t.

e TreC,,; corresponds to the variable that shows the trend
element in ¢, which, as is known, symbolises variations in
data along time.

e SeaC,,; corresponds to the variable that depicts the
seasonal change in t. This element, as is known, is related
to regular mofications found on the season. We verified the
aforementioned seasonal attribute®(Rios and Hurtado
2008) through the Augmented Dickey-Fuller check
(Mushtag 2011). In particular, we took into account the
following assumptions, with a significance level equal to
0.05:

- Hy: “The time series does not present seasonality.”
- H,: “The time series presents seasonality.”

If p — value < 0.05 the alternative hypothesis would be taken into
consideration.
e RanC,,, is the variable that shows the unpredictable
element in t, which corresponds to fluctuations derived
from unforeseeable conditions.

With the purpose of finding possible relationships between the
variables analysed, the correlations between them are calculated.
The normality of the distributions of each variable was checked in
order to determine whether the correlation should be calculated
using Spearman’s or Pearson’s methods. To this end, the Shapiro-
Wilks (Llc, 2010) test was used, with a significance level equal to
0.05. The hypotheses were:

e Hj: “The sample is normally distributed”
e H,: “The sample is not normally distributed”

If p — value <0.05, Hy is rejected and correlation is estimated
utilises the Spearman’s method. Otherwise H, is taken and
Pearson’s method is used.

Modelling the Gini coefficient. As we have mentioned, one of the
most relevant variables to analyse similarities/inequalities in a

country is the Gini coefficient. A modelling of the Gini coefficient
as a function of other socioeconomic variables is of particular
interest. In the following pages, we explain the steps followed to
carry out this modelling process.

An activity that is required prior to the construction of the
model is the preparation of the dataset to be used. In particular,
the following tasks were carried out:

e Elimination of the columns: < CountryName >, < Country-
Code >, and < IndicatorName >

e Transpose the data so that each column contains values for
one < IndicatorCode >, and each row includes information
for one year.

e Elimination of rows without information about Gini
coefficient SI. POV. GINI

o Removal of those columns where all rows have more than
30% of missing information.

e In those cells with missing values:

- If the column corresponds to a categorical variable, the
column’s mode is set as the cell value.

- Otherwise, the cell is assigned the value of the column
average.

- When several variables show a correlation between them
higher than 0.9, all but one are eliminated.

A supervised learning approach is then used to build the model.
This technique allows us to build an algorithm that from various
features anticipates the value of the target for cases not utilised in the
learning process. As mentioned, in the present investigation, a set of
historical data with different features is available and the outcome
for each case is known. The input variables are the values for each
indicator code. The Gini coefficient values are the outcomes.

As is well known in machine learning, the construction of a
prediction model (Mouronte-Lépez, 2021), (Mouronte-Lépez and
Subiran, 2022), (Mouronte-Lépez and Gomez, 2023), (Mouronte-
Lopez et al. 2024) requires us to perform one or various data
partitions in training and test sets. In the same way as Mouronte-
Lépez (2021), Mouronte-Lopez and Subiran (2022), Mouronte-
Lépez and Gémez (2023), Mouronte-Lopez et al. (2024) and other
pieces of research, in this research, a cross validation procedure,
with identical G partitions of the data set is applied. The model is
trained G times. This mechanism results in G evaluations of the test
error, making it possible to make the following estimation of the
average error: (Mouronte-Lopez, 2021), (Mouronte-Lopez, 2022),
(Mouronte-Lopez & Goémez, 2023), (Mouronte-Lopez et al. 2024):

¢ | Error, ©)
G

vfold_cv function in R is used in order to perform a G — Fold
Cross-Validation procedure. Specifically, a value of G equal to 5
is taken.

The data set for the execution of the cross validation procedure
consists of 1,344 rows, which corresponds to 80% of the prepared
data set. With respect to the validation set, it contains 336 rows, which
represents around 20% of the aforementioned processed data set.

Next, a random forest model, which was introduced in
(Breiman 2001) is implemented. It operates by building a
multitude of Decision trees at training time and outputting the
average prediction of the individual trees. The following steps are
performed (Doan w.d.):

CV(G) =

1. A random sample with replacement is considered from the
data, which means that several samples will be utilised
various times in order to construct an individual tree. This
technique is named bootstrapping. (Doan w.d.).
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2. A random sample without replacement of the features is
considered. This implies that each tree handles only a
subset of all the features (Doan w.d.).

3. Then, the initial Classification and Regression Trees (CART)
(Loh 2011) partition of information is constructed (Doan w.d.).

4. Step 2 is carried out for each following split until the tree
reaches the required size (Doan w.d.).

5. The Steps from 1 to 4 are carried out re executed as many
times as indicated by the model’s hyperparameters’, which
are explained below.

The following hyper parameters are utilised:

e trees, which is the number of Decision trees in the forest. It
should be sufficiently high (Oshiro et al. 2012), (Probst and
Boulesteix 2017).

e mitry, which symbolises the amount of randomly drawn
candidate variables out of which each split is selected when
growing the tree.

e max.depth, the maximum depth that corresponds to trees.

With the purpose of achieving a rapid implementation of the
random forest algorithm, the ranger package in R is used. The
caret package is also applied. The doParallel package is
utilised, as a means of encouraging a mechanism to execute loops
in parallel.

In order to obtain the variables with the greatest influence,
both node purity and the permutation metrics are used, which are
defined as follows:

e Permutation importance metric (Hjerpe 2016) Let Bt
symbolise the Out Of Bag (OOB) samples'® for a tree ¢
and let L/(x;, y;) represent the prediction accuracy at the ith
training. The importance for variable X; in tree t can be
defined as (Hjerpe, 2016).

VIOX) = & LT,k 9) = LTxig) 7)) (3)

(x,»ﬂj) = (x;1, ...,xﬂ}(i)ﬁxw‘_“m), and where 7; is a random
permutation of n integers. In regression settings the
prediction accuracy is L(¥, y) is defined as the Root Mean
Squared Error (RMSE). The variable importance metric for
variable Xj is calculated as the sum of the importance over
all trees in the forest (Hjerpe 2016)

z:teB VIt(X')
VIX) = — 4
;) Number Of Trees @
e Gini Impurity can be defined as (Lee et al. 2020):
j=n j=n
Gini(§) = X p(1—p)=1— X p; (5)
=1 j=1

n: number of classes in node spaces S p;: frequency of class j
in node space S

The variable importance ranking for the two methods was the
same. After this, from the ordered set of variables from highest to
lowest importance, the optimised model was calculated by
eliminating variables one by one (starting with the least
significant) and selecting the model with maximum RMSE.

Regional socioeconomic similarities-inequalities. With the
purpose of analysing both regional similarities and regional
inequalities, clustering of series approach is applied. Clustering
analysis is a multivariate technique whose fundamental purpose is
to group objects into conglomerates, in such a way that they have
high internal homogeneity and relevant external heterogeneity
(Lazar w.d.). The procedure joins objects to form conglomerates
based on their distance/similarity.

6

This research applies clustering analysis to a set of univariate
time series, corresponding to each of the variables analysed
(World Bank, w.da.).

{SEW}Z{ = (VSE,,1,VSE, 5, ..., VSE,, 1) (6)

m,1

Where, as previously mentioned:

m is ranged from 1 to N, N represents the amount of analysed
variables.

T symbolises the number of observations.

It should be observed that we are making a comparison
between time series with the same size and sampled at the same
instant in time. This allows us to compute the similarity between
time series by applying an element-wise method:

D(SE,,,.SE,,) = d(SE,,,. SE,,) ™)

m,t>

where d is a distance on RT.

Once the pairwise dissimilarity matrix is obtained, the Ward’s
(Ward2 method) algorithm was applied to estimate the clusters
(Murtagh and Legendre, 2011). This mechanism begins with T
clusters, each including a single object. At each step, all possible
mergers of two clusters are tried. The algorithm merges the two
clusters (C;, C,) that result in the smallest increase in the value of
the distance between C; and C,, D(C;, C,), which is defined as
(Murtagh and Legendre, 2011):

ICIG,] 2
D(C,,Cy) = [1C, = Gl 8
AT ®
where |.| symbolises the cardinality and mass of the cluster

(Murtagh and Legendre, 2011).

[l 1| is the Euclidean distance squared using norm: if i,i’ € RUI,
i.e. these observations have values on attributesje 1,2,...,|J|,]is
the  attribute  set|.|  symbolises, cardinality, then
i, = |li—1|*= 2 — i]f)z(Murtagh and Legendre 2011).

Various metrics are used for determining the best number of
clusters, which are (Charrad et al. 2022):

e Ch (Calinski and Harabasz, 1974), Dunn (Dunn 1974),
Tau (Rohlf 1974), (Milligan 1980), Gamma (Baker and
Hubert 1975), Ratkowsky (Ratkowsky and Lance 1978),
Ptbiserial (Milligan 1980), (Milligan 1981), Silhouette
(Rousseeuw 1987), Kl (Krzanowski and Lai, 1988). The
best number of clusters is determined by the highest value.

e McClain (McClain and Rao 1975), Cindex (Hubert and
Levin 1976), Db (Davies and Bouldin 1979), Gplus
(Milligan 1980), (Rohlf 1974), Sdindex (Halkidi et al.
2000), Sdbw (Halkidi and Vazirgiannis 2001). The optimal
number of clusters is defined by the lowest value.

Before applying clustering to the data, the series must be
prepared since there may be missing values for a duo (Country;,
Year;). When this happens, in the case of a non-categorical
variable'!, for each Country; an average must be calculated
considering all years (Year;) in which values exist, and varying j
from 1 to T. This average is then taken as the appropriate value
for the Year; in the duo (Country;, Year;). By contrast, in the case
of a categorical variable, the mode is taken.

In order to analyse the similarity both by socioeconomic and
geographical areas, the following definitions are established:

® Re: geographical area.

e NV: number of variables to be studied.

e Nj:: number of times j and k countries € Re are together in
any cluster.

NV
et 0
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ejx = 1, if j, k countries € Re are located in the same cluster,
0 otherwise.

e S, p— level similarity existing in a specific socioeconomic
domain, where p takes the values 25, 50, 75, 100.

NV
i=1 Sik

- 10
) =NV (10)

; Vi, k countries

For p =100

- sie =1, if NV< Ny >0.75*NV,

- sjx = 0, otherwise.

For p=75

- s =1, if 0.50¥NV < Ny < 0.75*NV

- sjx = 0, otherwise.

For p=150

- sjp= 1, if 0.25*NV < Ny < 0.50*NV

- sjx = 0, otherwise.

For p=25

- s =1, if 0 < Njy < 0.25*NV

- sj = 0, otherwise.

Si00 and Sps represent the highest and lowest levels of
similarity. S, in a specific domain, represents the level of
proportion calculated on all countries and variables analysed in
which two countries are located in the same cluster. For example,
a value of S;oy equal to 0.50 means that 50% of the countries are
located in the same cluster for a ratio less than or equal to one
and greater than 0.75 estimated on all variables related to the
domain analysed.

In a domain, the level of regional inequality is set in a
complementary way to that of similarity. The levels of similarity
S1000 S75, S50 and S,s, are equivalent to degrees of inequality I,s,
Iso, I75 and Ijgp.

Results
Characterisation of socioeconomic variables and correlations.
As previously mentioned, for each country, an analysis of the
stationarity of the stochastic process generating the time series
associated with the examined socioeconomic variables was carried
out. According to the results of the Augmented Dickey-Fuller test
(Mushtag 2011) (p — value < 0.05), in the Supplementary Material
Document, Table S3, Table S4, Table S5 and Table S6 display
those countries whose time series exhibit a stationary behaviour
trend by explored domain and investigated variable.

With respect to the correlations between variables, the
p — value obtained in the Shapiro-Wilks test was lower than
0.05 for all analysed variables. Hence, the Spearman’s method
was applied for the calculation of correlations, which are
depicted in Fig. 1.

Regional socioeconomic similarities-inequalities. For each
variable studied, it was necessary to estimate the optimal number
of clusters, in order to establish which countries are in each
cluster.

In particular, for all socioeconomic variables, each of the
mentioned indexes in "Regional socioeconomic similarities-
inequalities” have been computed with the purpose of selecting
the optimum number of clusters. The package NbClust in R
was used for this purpose. Tables showing the number of clusters
obtained for the best estimate of each index are included in the
Supplementary Material Document (Table S7, S8). The number
of clusters selected is the value which is provided by a larger
number of indexes. Tables 1-4 show for each variable,
considering all calculated indexes, the optimum number of
clusters utilising the “majority principle”. The number of
countries by cluster is also depicted.

Figure 2 depicts the detected clusters for the SI. POV.GINI
variable. This is clarified later in the Discussion section.

Tables 5-8 show for the analysed variables average, standard
deviation'?, and median by detected clusters.

Once the number of countries in each cluster was determined,
regional similarity and inequality were computed, as explained in
"Regional socioeconomic similarities-inequalities”. Table 9 depicts
the S, and I, metrics in Europe, African, Asian, North American,
South American and Oceania regions.

Everything explained in this section is described in more detail
below, in the section entitled Discussion.

Modelling the Gini coefficient. The best hyper parameters of the
model are shown in Table 10. Table 11 depicts the average RMSE
according to the number of variables considered. There exists an
appropriate trade-off between the number of explanatory vari-
ables in the model and the average RMSE, so the final number of
variables selected are 16 yielding an average RMSE equal to
3.55701. These variables, selected by their importance, according
to the metrics of purity and permutation, which are described in
the Overview of used methods section are (World Bank, w.da.):

e SP.ADO. TFRT: Adolescent fertility rate (births per 1000
women ages 15-19)

e SI.POV.DDAY: Poverty headcount ratio at $1.90 a day
(2011 PPP) (% of population)

e SP.POP.65UP. TO. ZS: Population ages 65 and above (% of
total population)

e SP.POP.0014. TO.ZS: Population ages 0-14 (% of total
population)

e SP.DYN. CBRT. IN: Birth rate, crude (per 1000 people)

e SH.STA.ODFC.ZS: People practising open defecation
(% of population)

e SP.DYN. TFRT. IN: Fertility rate, total (births per woman)

e NY.GDP. PCAP.KD: GDP per capita (constant 2010 US$)

e SH.STA.ODFC. UR. ZS: People practising open defecation,
urban (% of urban population)

e SL.SRV.EMPL. FE. ZS: Employment in services, female (%
of female employment) (modelled ILO estimate)

e SP.DYN. CDRT. IN: Death rate, crude (per 1000 people)

e SL.TLF.CACT. MA. ZSlabour force participation rate,
male (% of male population ages 154) (modelled ILO
estimate)

e SL.AGR.EMPL. FE. ZS: Employment in agriculture, female
(% of female employment) (modelled ILO estimate)

e SP.POP.1564. TO. ZS:Population ages 15-64 (% of total
population).

e SL.EMP. VULN. FE.ZS: Vulnerable employment, female
(% of female employment) (modelled ILO estimate)

e SH.PAR.LEVE.AL: Length of paid shared parental
leave (days)

This is discussed in more detail in the Discussion section.

Discussion

Characterisation of time series and correlations. With regard to
the seasonality feature, as previously mentioned, there are sev-
eral countries where the stochastic process generating time
series for a specific variable m, SE,, ,, exhibit stationary beha-
viour. According to this property (Alonso, w.d.), in these
countries, it would be possible to compute the time series mean
with all observations, and utilise this magnitude to predict a new
observation. Confidence intervals for the predictions could also
be calculated assuming that SE,,, ; follows a specific distribution
(Alonso, w.d.).
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Fig. 1 Correlations between analysed variables. G// has not been included, because it is a composite metric (it is not a raw variable). For a description of

the variables refer to "Geographical scope and variables to be studied".
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the “majority principle".

Table 1 In the educational domain, for each variable, considering all calculated indexes, the optimum number of clusters using

Variable Number of Cluster and Number of Variable Number of Cluster and Number of
clusters countries by cluster clusters countries by cluster

SE.ENR.PRSC.FM.ZS 3 1Q142), 2 (47),3 (M SE. TER.ENRR. FE 2 1(119), 2 (61)

SE.ENR.TERT.FM.ZS 3 1(76),2 (103), 3 (D SE. TER. ENRR. MA 2 1(118), 2 (62)

SE. PRM. ENRR. FE 2 1(163), 2 (28) SE.XPD.PRIM.PC.ZS 2 1(119), 2 (61)

SE. PRM. ENRR. MA 2 1Q72), 2 (19) SE.XPD.SECO.PC.ZS 2 10142), 2 (18)

SE. SEC. ENRR. FE 2 1(M3), 277 SE.XPD.TOTL.GD.ZS 3 1(182),2@),3M

SE. SEC. ENRR. MA 3 1(64), 2 (83), 3 (43)

The number of countries by cluster is indicated in brackets. For a description of the variables refer to "Geographical scope and variables to be studied".

Next, we analyse the correlations shown in Fig. 1. As is well

known, the correlation between two variables can be perfect, education exhibits a relevant correlation with each

The level of female and male school enrollment in primary
other,

strong, moderate, low or non-existent, which is precisely described
in the Supplementary Material Document (see Table S2).

The gender parity index (GPI) of the matriculation in
primary and secondary education shows a positive moderate
correlation with the GPI of the enrollment in tertiary education.

8

similar to what happens in the tertiary level. However,
according to (ONU, w.d.), there is a gap between rich and
poor countries. Thus, 2% of children aged 6-11 are out of
primary school in high-income countries, while this percentage
rises to 19% in low-income nations (ONU, w.d.). The female
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Table 2 In the economic domain, for each variable,
considering all calculated indexes, the best number of
clusters using the “majority principle".

Variable Number of Cluster and Number
clusters of countries by
cluster
NY. GDP. MKTP. CD 3 1(198), 2 (2),3 (M
NY. GDP. MKTP.KD. ZG 2 1(199), 2 (M
SI.POV. GINI 3 1(100),2 (39),3(7)

The number of countries by cluster is indicated in brackets. For a description of the variables
refer to "Geographical scope and variables to be studied".

Table 3 In the labour Market domain, for each variable,
considering all calculated indexes, the best number of
clusters using the “majority principle".

Variable Number of Cluster and Number
clusters of countries by cluster
SL.TLF.ADVN.FE.ZS 2 1(146), 2 (2)
SL.TLF.ADVN.MA.ZS 3 1(23), 2 (79), 3 (46)
SL.TLF.BASC.FE.ZS 2 1(85), 2 (62)
SL.TLF.BASC.MA.ZS 2 1(63), 2 (84)
SL.TLF.TOTL.FE.ZS 2 1(54), 2 24)
SLUEM.TOTL.FE.NE.ZS 2 1(199), 2 (D
SLUEM.TOTL.MA.NE.ZS 3 1(40),2 (143),3 (9)

The number of countries by cluster is indicated in brackets. For a description of the variables
refer to "Geographical scope and variables to be studied".

Table 4 In Gender domain, for each variable, considering all
calculated indexes, the best number of clusters using the
“majority principle".

Variable Number of Cluster and Number of
clusters countries by cluster
SG. TIM. UWRK. FE 5 1Q014), 2 (34), 3 (29),
4(4),5M
SG. TIM. UWRK. MA 2 1(35), 2 (47)
SG.GEN.MNST.ZS 3 1(32), 2 (129), 3 (20)
SG.GEN.PARL.ZS 2 1(132), 2 (53)

The number of countries by cluster is indicated in brackets. For a description of the variables
refer to "Geographical scope and variables to be studied".

matriculation at the tertiary and secondary levels are also highly
correlated with each other. The above seems to indicate that the
women enrolled at the secondary level usually continue their
studies at the tertiary level.

With respect to the relationship between educational and
economic domains, the enrollment in secondary and tertiary
education presents a negative moderate correlation with the
income inequality, equivalent to what happens with the
government expenditure per student in secondary education.
Male school matriculation in secondary education exhibits a high
positive correlation with the GDP, while the correlation is
moderately positive in the case of female enrollment. This is the
equivalent to what occurs with respect to female and male
enrollment at the tertiary level. The government expenditure per
student in primary education has a moderate positive correlation
with the matriculation at secondary and tertiary levels. Never-
theless, government expenditure per student in primary and
secondary education shows a high correlation with each other.

Research addresses the effect of public spending and on
education on income inequality (Sylwester 2002), (Keller 2010),
(Gutiérrez-Garrido and Acufa-Duarte 2019). The results are
inconclusive regarding the negative relationship between the two
variables, especially in emerging economies such as Latin
America. Education, however, appears to have been particularly
effective in reducing inequality in Africa. The study (Abdullah
et al. 2015) finds that education affects both ends of the income
distribution: it reduces the income share of higher earners and
increases the income share of lower earners. Empirical research
(Solaki 2013) explains that in the long-run, real GDP per capita is
impacted by modifications in primary, secondary, tertiary
education and educational public expenditures. (Viracheat and
Dash 2011) identified a high correlation between the gross
enrollment ratio in higher education and the per capita GDP.

Regarding the relationships between education and labour
market domains, the male labour force with basic education has a
moderate negative correlation with the enrollment of both sexes
in tertiary education, and with the male matriculation at primary
level. The total female labour force also presents a positive
moderate correlation with the enrollment in secondary and
tertiary education for both sexes. The labour force of both
genders with basic education have a moderate negative correla-
tion with male unemployment. The female labour force with basic
education exhibits a positive moderate correlation with those, of
both sexes, who obtained an advanced level of education as well
as a high correlation with the male labour force with a basic
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1:3, 20°N . 1
5 L]
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Fig. 2 For SI. POV. GINI, identified clusters. For a description of the variable refer to "Geographical scope and variables to be studied".
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education. If we look at unemployment, it can be observed that
unemployment of both sexes is highly correlated with each other.

The above is in accordance with some pieces of research (Craig
and Xueda 2011), which explain that education appreciably
increases re-employment rates of the unemployed. Specifically,

Table 5 In the educational domain, for each variable,

average, standard deviation and median by identified

clusters.

Variable Average Median

SE.ENR. PRSC. FM.ZS 0.99+0.05, 0.73+0.10, 1.00, 0.76, 1.19
119 -

SE.ENR.TERT.FM.ZS 1.43+0.37, 0.63+0.26, 1.30, 0.62, 4.53
453 -

SE. PRM. ENRR. FE 101.46 +9.52, 55.11+15.03  101.77, 58.74

SE. PRM. ENRR. MA 104.72£9.71, 6413 £14.81  102.94, 70.86

SE. SEC.ENRR. FE 88.32+£14.63, 29.83+15.67 89.09, 29.73

SE. SEC. ENRR. MA 97.42 £10.45, 95.99,38.47,
37.91+£15.50, 74.10 £ 5.87 74.06

SE. TER. ENRR. FE 1.28+9.56, 51.57 +15.31 7.47, 48.87

SE. TER. ENRR. MA 10.64+7.17, 42.27 £11.03 8.36, 40.34

SE. XPD.PRIM.PC.ZS 38.34+8.11,10.78 +3.44, 35.59, 10.67,
20.75+2.89 20.37

SE.XPD.SECO.PC.ZS 17.06 +6.05, 41.08 +11.05 17.67, 37.28

SE.XPD.TOTL.GD.ZS 412 +1.46,1110 £ 2.73, 3.97,10.57, 9.50
9.50 -

For a description of the variables refer to "Geographical scope and variables to be studied".

large impacts have been detected in the age range from 12 until 16
years of schooling (Craig & Xueda, 2011). However, the
correlations between education and the unemployment rate is
unclear. Although a negative partial correlation between school-
ing and job loss exists, evidence of causal relations at the
secondary schooling level has not been found. In contrast, this
connection has been discovered in the case of higher education
(Craig and Xueda 2011).

With respect to the relationships between labour force and
economic domains, the male labour force with a basic level of
education exhibits a moderate positive correlation with the Gini
coefficient, which shows a moderate negative correlation with the
entire female labour force. The results obtained in (Parada 2016)
demonstrates that changes in female employment contribute to
reducing poverty levels and inequality. This is in line with
(Asongu et al. 2020), which finds that improving the economic
status of women in sub-Saharan Africa positively affects the
economic status of entire families.

The proportion of seats held by women in national parliaments
has a moderate positive correlation with the enrollment in
secondary education for both sexes and with the government
expenditure on education. The above is in accordance with some
research (EMC 2014) which suggests that a connection exists
between the female socioeconomic status and political participa-
tion. It must be noted that the political representation can be a
mechanism for promoting gender equality in the workplace as
well as in the household. Women’s participation in parliamentary
seats has increased, but only modestly (UNDP 2021).

Table 6 In the economic domain, for each variable, average, standard deviation and median by identified clusters.

SI.POV. GINI 34.51+4.37, 45.98 + 2.69,55.31+ 3.21

Variable Average Median

NY.GDP. MKTP. CD 89085920833.63 + 234067961375.94, 2578363739930.17 + 287186092307.83, 6800771942.25, 1728281500000,
7456566500000 - 5.80236e+12

NY.GDP. MKTP.KD.ZG 3.72 £1.83, 14.16 - 3.78,14.16

34.65, 46.30, 54.64

For a description of the variables refer to "Geographical scope and variables to be studied”.

Table 7 In the labour market domain, for each variable, average, standard deviation and median by identified clusters.

SL.UEM. TOTL. MA. NE. ZS

Variable Average Median

SL.TLF. ADVN. FE. ZS 73.50 £9.53, 30.89 £2.10 75.21, 30.89
SL.TLF. ADVN.MA. ZS 70.79 £2.34, 87.74 £3.80, 78.81+£1.99 70.87, 87.19, 78.90
SL. TLF.BASC. FE. ZS 27.86 £8.92, 57.10 £12.00 29.22, 54.80

SL. TLF. BASC. MA. ZS 46.30+9.22, 75.60£7.90 48.03, 75.57
SL.TLF. TOTL. FE. ZS 43.49 +4.81, 21.36 £ 6.01 44.62, 22.59
SL.UEM. TOTL. FE.NE. ZS 19.19+4.92,6.36+3.03 18.96, 5.92

1316 £2.07, 517 £ 2.20, 21.90 £ 3.00

13.04, 5.04, 21.35

For a description of the variables refer to "Geographical scope and variables to be studied".

Table 8 In the gender domain, for each variable, average, standard deviation and median by identified clusters.

Variable Average Median

SG. TIM. UWRK. FE 22.91+1.18, 19.23+0.99, 15.24 £1.32, 8.36 +1.64, 29.89 - 22.64,19.13, 15.49, 10.42, 31.04
SG. TIM. UWRK. MA 3.94£1.44,939+155 417, 9.48

SG. GEN. MNST. ZS 26.50£2.84, 13.18 £ 5.58, 40.15, 40.16 £ 5.37 25.54,13.23, 37.98

SG. GEN. PARL. ZS 11.77 £5.15, 28.91£ 6.43 121, 27.76

Gll 0.63+0.06, 0.22+0.10, 0.46 £ 0.05 0.60, 0.22, 0.45

For a description of the variables refer to "Geographical scope and variables to be studied".
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Table 9 Similarities and inequalities in Europe, African,

Asian, North American, South American and Oceania

regions.

Regiol‘l Socioeconomic 5100/'25 575/’50 550/'75 525/'100
domain

Europe Education 03669 0.2526 0.0693 0.3112
Economic 0.6143 01743 0.0371 01742
Labour market  0.1960 0.2858 0.2241 0.2942
Gender 0.0036 0.0523 0.3022 0.6418

North Education 0.1112 0.1814 0.1129 0.5945

American
Economic 0.0404 0.4201 0.0319 0.5076
Labour market 0.0760 0.0800 0.0887 0.7552
Gender 0.0000 0.0000 0.0823 0.9177

South Education 03025 03253 01786 0.1937

American
Economic 0.3938 0.6063 O 0
Labour market  0.6038 0.1538 0.1976  0.0507
Gender 0.0000 0.0429 0.3133 0.6438

Asian Education 0.1271 0.3049 0.377 0.4303
Economic 0.3008 0.2916 0.0163 0.3914
Labour market  0.0521 0.1654 0.2930 0.489%4
Gender 0.0000 0.0086 0.4407 0.5506

African  Education 0.2610  0.3849 0.0589 0.2952
Economic 0.2550 0.4186 0.0314 0.2950
Labour market 01035 0.1657 0.1553  0.5760
Gender 0.0000 0.0070 0.3789 0.6141

Oceania  Education 0.0316  0.1620 03115  0.4948
Economic 0.1329 0.6266 0.0000 0.2405
Labour market  0.0726 0.1844 0.3511  0.3920
Gender 0.0000 0.0000 0.2342 0.7658

Table 10 Best values of hyper parameters.

mtry trees max.depth

149 5000 20

Table 11 Average RMSE depending on the number of

variables considered.

Number of Average Number of Average

variables RMSE variables RMSE

considered considered

149 3.19563 23 3.61378

139 3.20301 22 3.60506

129 3.19521 21 3.61269

119 3.24177 20 3.59091

109 3.19649 19 3.59463

99 3.22192 18 3.57552

89 3.21185 17 3.56311

79 3.26191 16 3.55701

69 3.22721 15 3.57054

59 3.28357 14 3.56905

49 3.35570 13 3.63393

39 3.45751 12 3.66669

29 3.61516

Only a few cases are presented.

Regional socioeconomic similarities-inequalities. In order to
facilitate the understanding of this work, and in particular of
everything described below, please refer to Tables 5-8 where the
results of the clustering analysis are represented.

Economic domain'’

According to (United Nations, w.db.), although global
economic output has tripled since 1990, the gap between
countries and regions remains considerable. The effects of
inequalities are not limited to purchasing power. Inequalities
also have an impact on life expectancy and access to basic
services, such as water, healthcare or education, and can restrict
human rights because of the prevailing sense of injustice (United
Nations, w.db.).

(UNU-WIDER, 2021) notes that the results of the Gini index
analysis indicates that between 1950 and 2019, dollar income
differences between people (absolute inequality) increased
globally.

Furthermore, (Garcia-Herrero et al. 2015) based on the Gini
analysis from 1980 to 2015, makes predictions for the year 2025
and concludes that the middle classes will comprise two thirds of
the world’s population by that year. Additionally, (CEPAL/IEF,
2014) explains that the fiscal policy has various effects on wealth
redistribution.

As can be observed in Fig. 2 as well as in Tables 2, 6, three
clusters have been detected in the study of the variable
SI. POV. GINI. Each cluster has an average of 34.51, 45.98 and
55.31. According to the information shown in Table 9, S;qo is
equal to 0.6143, 0.0404 and 0.3938 in European, North American
and South American areas. S;g9 presents the values 0.3008,
0.2550, 0.1329 in Asian, African and Oceania. With respect to
I100, it exhibits magnitudes equal to 0.1742, 0.5076, 0, 0.3914,
0.2950, and 0.2405 in European, North American, South
American, Asian, African and Oceania areas. Therefore, the
greatest internal inequalities in the economic sphere are found, in
order, in North America, Asia, Africa and Oceania. The highest
internal similarities are detected in Europe.

The above is in line with specific research that points to
significant differences between countries and areas in Africa’s
northern and southern countries are better off than Western,
Central and Eastern areas. The poorest areas have had negative
real GDP per capita growth rates during the last decades of the
20th century (Guisan and Exposito 2001). Regarding Asia, (Jain-
Chandra et al. 2016) explains that this region has been increasing
its inequality since 1990 (Balakrishnan et al. 2013), (Dabla-Norris
et al. 2015). (Zhuang et al. 2014) detected that 12 out of 30
countries showed an increase in inequality over the last two
decades, which seems to be due to an increase in the share of
higher income earners.

The highest similarity index is found in South America and
Europe. In spite of some modest improvements taking place in
Caribbean countries in recent years, debt is above 60% of GDP. In
addition, low tax revenues, relevant debt servicing and small fiscal
space have impacted on public investment (OECD, 2019). The
Regional Human Development Report produced by the United
Nations Development Programme (UNDP) (UNDP, 2021), also
explained that, despite the progress made in recent decades, the
countries located in Latin America and the Caribbean region are
more unequal than those located in other regions with similar
levels of development.

In Europe, the relevant similarity is due to the regional policy
pursued by the European Union, where the convergence of single
national economies towards a regional economic zone is
considered (Eppler et al. 2016). This is consistent with research
indicating that European nations are economically stable regions,
where all factors are predominantly positive (Palevi¢iené and
Dumciuviene 2015).

Education domain'*

Regarding the educational domain, as can be observed in
Tables 1, 5, the percentage of male enrollment in tertiary
education (SE. TER. ENRR. MA), shows two clusters. Both have
average values equal to 10.64 and 42.27, as well as medians equal
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to 8.36 and 40.34. Focusing on female enrollment at this
educational level (SE.TER.ENRR.FE), there are two clusters
with average values equal to 11.28 and 51.57. Medians present the
values 7.47 and 48.87. Important differences can be observed
between the two clusters for each sex. It can be seen that there is a
higher percentage of female enrollment. Regarding government
expenditure on education (SE. XPD. TOTL. GD. ZS), three clusters
exist as depicted in Tables 1 and 5. They have average values
equal to 4.12, 11.10 and 9.50. Medians are 3.97, 10.57 and 44.33.

If Sigo is considered, it can be observed in Table 9, that it
exhibits the values 0.3669, 0.1112 and 0.3025 in Europe, North
America, and South America. It shows the values 0.2610, 0.1271
and 0.0316 in Africa, Asia and Oceania. With regards to I it
takes values equal to 0.3112, 0.5945, 0.1937, 0.4303, 0.2952, and
0.4948 in Europe, North American, South American, Asian,
African, and Oceania. Therefore, the more relevant similarities
are to be found in Europe and South America, whereas, the
highest discrepancies are located in North America and Oceania.

As a means to achieve its economic objectives, the European
Union has considered education as an instrument (Cankaya et al.
2015). Also, in South America, during the 1990s, several
regulations intended to improve the access to higher education
were put in place (Lopez 2015), (Krotsch and Suasndbar 2002).
Since the 21st century, this region has experienced sustained
economic growth and an improvement in the distribution of
wealth in its societies. This led to a reduction in poverty and an
improvement in social development. This also had an impact on
government policies, in the form of new and more inclusive
regulations to achieve greater development among the poor in
higher education (Baisotti 2019). The World Bank, as early as
1993, pointed out that the quality of training in Oceania was
generally good, (World Bank 1993).

Labour market domain'”

With respect to the labour market, as is shown in Tables 3, 7,
the total male unemployment (SL. UEM.TOTL. MA.NE.ZS)
presents three clusters whose average values are 13.16, 5.17, and
21.90. Medians have the values 13.04, 5.03 and 21.35. Regarding
female unemployment (SL. UEM. TOTL. FE. NE. ZS), two clusters
have been found. Both have the average values 19.18 and 6.36.
Medians are 18.96 and 5.92. If we explore the internal similarities
in each region presented in Table 9, the Sjq is equal to 0.1960,
0.0760, 0.6038 in Europe, North and South America, while the
values are 0.0521, 0.1035, and 0.0726 in Asia, Africa and Oceania.
Regarding I, it takes values equal to 0.2942, 0.7552, 0.0507,
0.4894, 0.5760, 0.3920 in Europe, North America, South America,
Asia, Africa, and Oceania. In accordance with the above, the
highest inequality is found in North America and Africa, in
contrast, South America has the greatest similarity.

The report (Ball et al. 2013) examines the labour developments
in South America in 2018. It detected that, although the regional
unemployment rate has not increased since 2015, this has not
been a consequence of an increase in labour demand, but has
been motivated by a growth in unpaid employment, as well as by
the expansion of self employed work and by the increased
informality of wage employment. The report manifests that the
gender gaps have reduced in participation and employment rates
(Ball et al. 2013). Nevertheless, it is not happening due to the
unemployment rates (Ball et al. 2013). In most Asian countries, a
high irregularity in unemployment benefits exists, as well as many
different types of unemployment insurance. Unemployment rates
are generally low even in times of economic crisis (Furuoka et al.
2019). Additionally, the report Poverty and Shared Prosperity
2020: Reversals of Fortune (World Bank 2020) provides analysis
of the causes and consequences of the reversal of shared
prosperity on the horizon, and identifies policy principles that
countries can use to counteract it.

12

Gender domain

According to the information included in Table 9, S, has the
value 0 in North America, South America, Asia, Africa and
Oceania. It is 0.0036 in Europe. With respect to I g it takes values
equal to 0.6418, 0.9177, 0.6438, 0.5506, 0.6141, and 0.7658 in
Europe, North America, South America, Asia, Africa and
Oceania.

As illustrated in Table 7, five clusters are detected for the
proportion of time spent by women on domestic work or
childcare in a whole day (SG. TIM. UWRK. FE). The clusters have
average values equal to 22.91, 19.23, 15.24, 8.36 and 29.89.
Median values are 22.64, 19.13, 19.13, 10.41 and 31.04. The above
demonstrates that a great diversity among countries exists. In
contrast, the proportion of time by men on unpaid domestic and
childcare in a whole day (SG. TIM. UWRK. MA) presents two
clusters whose average values are 3.94 and 9.39. Medians have the
values 4.16 and 9.48. As can be seen, both the average and median
values are lower in the case of men, which seems to indicate that
they spend less time on domestic chores than women. There is
also less diversity among males than among females.

According to the United Nations, women carry out more
unpaid care and domestic work than men (UN WOMEN, w.da.).
This is in accordance with the report of Oxfam (OXFAM, 2020),
which states that women and girls on the whole spend 12.5 billion
hours a day on this type of work.

The proportion of women in ministerial level positions (%)
(SG. GEN. MNST. ZS) exhibits three clusters with average values
26.50, 13.18, and 40.16, while medians have the values 25.54,
13.23, 37.98. With respect to the proportion of seats held by
women in national parliaments (%) (SG.GEN.PARL.ZS), it
shows two clusters with average values equal to 11.77 and 28.91,
with their medians 12.11 and 27.76. For both variables, we can
observe that the representation of women is still far from 50% in
all the countries analysed.

Women’s political participation is a relevant element in order
achieve gender equality (UI, 2016). The “Women in Politics:
2021” map, built by the Inter-Parliamentary Union (IPU) and
UN Women, shows that gender inequalities persist (UN
WOMEN, w.db.).

Regarding the GII, as is depicted in Table 8, it presents three
clusters with averages 0.63, 0.22 and 0.46. Medians are 0.60, 0.22
and 0.45, showing that there is great variability between countries
in progress towards gender equality.

Modelling the Gini coefficient. With regards to the variables
identified in "Modelling the Gini coefficient" as being of greater
importance in the prediction model, the existing research points
to some relevant aspects.

With reference to the adolescent fertility rate (SP. ADO. TFRT)
feature, (Castro and Fajnzylber 2017) detects, among a substantial
sample of individuals from different low-income countries, a
statistically significant impact of income inequality on adolescent
fertility. Modifications in income inequality are positively and
definitely linked to modifications in adolescent fertility (Filho and
Kawachi, 2015). Additionally, regarding poverty headcount ratio at
$1.90 a day (2011 PPP) (SI. POV. DDAY) variable, (Burke et al.
2019) determined, using a regression model in which, the
percentage of people below the poverty line rose as the Gini
coefficient increased. It also established that the percentage of
persons living under the poverty line declined as GDP per capita
increased, analogous to what happened with respect to literacy rate.

In relation to the variable that describes the percentage of
population ages 65 and above (SP. POP.65UP. TO. ZS), Hertog
(2013), which analysed the Gini index for 34 OECD countries,
from 1974 until 2010, found that if all ages of the population were
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considered, a weak positive association would exist between the
income Gini and both the lifespan inequality as well as lifespan
Atkinson indexes. A weak negative link was identified when only
the ages 65 and over were examined (Hertog, 2013). With respect
to the percentage of population with ages from 0 until 14
(SP. POP.0014. TO. ZS) variable, in reference to Latin America
and the Caribbean area, (UNICEF, w.d.) indicates that the
incidence of poverty for children under 14 is significantly higher
than in other age groups.

In relation to The GDP per capita variable (NY. GDP. PCAP.
KD), (Lakner et al. 2022), using data related to 166 countries
which cover a percentage of 97.5% of the world’s population,
simulates various scenarios on global poverty from 2019 to 2030.
The investigation explains that if within a country inequality is
maintained and the GDP per capita is increased in line with
World Bank forecasts, the amount of people in extreme poverty
(living on less than US$1.90/day) will remain above 600 million
by 2030 (Lakner et al. 2022).

Conclusions
The conclusions obtained for each of the research questions are
described below.

Is it possible to detect similarities-dissimilarities between coun-
tries and regions of the world by studying time series data related
to educational, economic, gender and labour market variables? For
each of the socioeconomic variables analysed, is it possible to rank
the countries used in this research?

The most important similarities, depending on the region, are
to be found in the educational, labour market, economic domain.
The largest inequality in all regions is in the domain of gender.

The strongest analogies in economics and education fields are
found among the countries of Europe, which is undoubtedly
motivated by the inclusion of many of them in the European
Union, which has promoted common policies. South America
exhibits the largest labour market analogies, similarities in the
educational and economic spheres are also remarkable. The
North American region shows the highest inequalities in the
education, labour market, and gender domains. South America
exhibits the largest disparity in the gender domain.

Is it possible to discover unknown relationships between some of
the variables that characterise the above-mentioned domains?

The analysis carried out suggests that government spending on
secondary education helps to reduce the Gini coefficient. Higher
enrollment in both secondary and tertiary education are also
signs of greater income equality. The results indicate that larger
enrollment in both secondary and tertiary education is associated
with higher GDP.

It is interesting to note that male and female primary and
tertiary education enrollment are positively correlated. This is
similar to what happens with the labour force and unemployment
for both sexes. The female matriculation at the secondary and
tertiary levels are also positively associated. Basic educated labour
forces of both sexes shows a negative correlation with male
unemployment. This demonstrates that literacy reinforcement
would have a beneficial effect on unemployment.

Government spending on education appears to correlate with
the ratio of seats held by women in national parliaments. Finally,
it has also been detected that an increase in the female labour
force impacts on the reduction of income inequality.

Is it possible to build a model capable of predicting the Gini
coefficient as a function of certain socioeconomic variables referred
to various fields (health, economic, labour protection and gender)?
To which of the above mentioned domains are these variables
related?

The Gini coefficient can be well described by a random forest
model with 16 explanatory variables. 9 referred to the health
field, 2 pertaining to the economic domain, 4 related to the
social protection & labour sphere and 1 related to gender issues.
Included in the health field are both total and adolescent fertility
rates, as well as the population of all age ranges and the birth
rate. Also included are figures of those openly practising open
defecation in urban areas and elsewhere, as well as the mortality
rate. Referring to the economic sphere are the GDP per capita
and the poverty headcount index at $1.90 per day. In the
domain of social protection and labour are female employment
in services and agriculture, as well as women in vulnerable
occupations. The male activity rate is also considered. With
regards to gender issues, the existence or not of paid parental
leave is included.

From most to least relevant, the order of the 16 variables was
(World Bank, w.da.). adolescent fertility rate (births per 1000
women aged between 15-19), poverty headcount ratio at $1.90 a
day (2011 PPP) (% of population), population ages 65 and above
(% of total population) and population ages between 0-14 (% of
total population), birth rate, (per 1000 people), people practising
open defecation (% of population), and fertility rate, total (births
per woman). These variables were followed by the features GDP
per capita (constant 2010 USS$), people practising open defeca-
tion, urban (% of urban population), employment in services,
female (% of female employment) (modelled ILO estimate), and
death rate, (per 1000 people). The following positions in the
ranking were taken by the variables labour force participation
rate, male (% of male population ages 15+) (modelled ILO
estimate), employment in agriculture, female (% of female
employment) (modelled ILO estimate), population ages 15-64 (%
of total population), vulnerable employment, female (% of female
employment) (modelled ILO estimate) and, finally, length of paid
shared parental leave (days).

We note that both the software packages utilised and the
computing applications developed can be useful for the analysis
and modelling of other social variables described by annual series.

This work can be continued with a more in-depth study of the
gender domain, which has shown the most relevant differences
between countries. The random and trend components of the data
series that characterise the variables analysed could also be studied.

Data availability

All data used in this research are available in the repositories
described in the Repositories and software programs section. The
utilised datasets retrieved from the World Bank (Gender
Statistics Database (World Bank, w.da.) and Gini
Coefficient Dataset (World Bank, w.db.)) are provided
under a Creative Commons Attribution 4.0 International License
(CC BY 4.0), with some additional terms (see (World Bank,
w.dc.)). The CC BY 4.0 license allows users of information copy
and redistribute the material in any medium or format for any
purpose, even commercially. In addition to remix, transform, and
build upon the material for any purpose, even commercially
(Creative Commons, w.d.). The used information related to the
Gender Inequality Index, which was obtained from the Human
Development Reports website (United Nations, w.da.) are copy-
righted under the Creative Commons Attribution 3.0 IGO license.
(see Human Development Reports, w.d.). This license allows
users of the information to copy and redistribute the material in
any medium or format, remix, transform, and build upon the
material for any purpose, even commercially (Human Develop-
ment Reports, w.d.).
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Notes

1 It must be noted that Eurostat data is reported according to the Nomenclature of
Territorial Units for Statistics (NUTS) classification, in which four levels exists:
NUTS 0 regions is referred to countries, NUTS 1 corresponds to subnational units
that symbolises major socioeconomic zones, NUTS 2 are basic areas for the execution
of regional policies, while NUTS 3 is the smallest level (European Comission 2022).
(European Comission 2022) originally covered NUTS 3 regions and was expanded to
NUTS 2.
Varying from 0 (all populations equal) to 1 (populations having maximal
differences), this Gini coefficient was utilised to demonstrate the extent and
persistence of inequality of a malaria infection (Abeles and Conway 2020).

8]

At the time in which the results of this research were obtained

At the time in which the results of this research were obtained

At the time in which the results of this research were obtained

The countries considered in each region are listed in the Supplementary Material

Document, Table S1.

7 The main rankings provided by the World Bank are by geographic region (Africa,

East Asia and pacific, Europe and Central Asia, Latin America and the Caribbean,

Middle East and North Africa, South Asia), by income group, and operating loan

categories (World Bank, w.da.).

A stochastic process producing SE,,, is a stationary process if both mean and

variance of the time series do not change over time, i.e. E(SE,, )=y V t and

Var(SE,,,) = 0%V t(Rios & Hurtado, 2008). In addition to the fact that

CoV(SE, .1 SE,. 11k = Yk V 1, k) (Rios and Hurtado 2008).

Parameters that are utilised to control the learning process.

10 The set of data not used for training and which can be utilised for testing.

11 A categorical variable is a variable that can take a restricted number of values.

12 A hyphen means that the standard deviation could not be obtained because only one
country was included in the cluster.

13 For a description of the variables mentioned here, please refer to "Geographical scope
and variables to be studied".

14 For a description of the variables mentioned here, please refer to "Geographical scope

and variables to be studied”

A Ul R W

=]

[=JNo]

15 For a description of the variables mentioned here, please refer to "Geographical scope
and variables to be studied”

16 For a description of the variables mentioned here, please refer to "Geographical scope
and variables to be studied”

17 For a description of the variables mentioned here, please refer to "Geographical scope
and variables to be studied"
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