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Abstract

On 25 September 2015, the United Nations General Assembly adopted the 2030 Agenda
for sustainable development, which includes seventeen Sustainable Development Goals,
among them the 10th Goal aims to reduce inequalities. Convinced of the importance of
this goal, in this paper we propose to study the socio-economic determinants which affect
the inequalities among the 20 Italian regions by applying a suitable regression model. The
socio-economic literature suggests that the most important determinants of inequalities are
government spending, income, employment and educational attainment, so we focus our
attention on the indicators of the Sustainable Development Goals related to these determi-
nant factors. Given that the number of indicators is extremely high, while the number of
observations is low, we consider the partial least squares regression as the most suitable
statistical methodology to deal with this dependence modeling.

Keywords Inequalities - Sustainable development goals - Multicollinearity - Partial least
squares regression

1 Introduction

The 2030 Agenda for Sustainable Development is a global plan adopted by the United
Nations in 2015. It includes 17 Sustainable Development Goals (SDGs) that cover a wide
range of issues whose main objective is the achievement of a sustainable and inclusive
development. The 17 SDGs cover three macro areas which are
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— Social area: combating poverty, reducing economic and social inequalities and access
to basic education and healthcare.

— Economic area: promoting innovation and economic growth, creating decent jobs and
increasing the resilience of economies.

— Environmental Area: conserving biodiversity, combating climate change and protecting
ecosystems.

The 2030 Agenda is designed to be an universal and global action plan to address the chal-
lenges of the 21st century and aims to achieve a series of objectives by 2030. It has also
been adopted by all member countries of the United Nations and represents a global com-
mitment to promoting sustainable and fair development for all.

The definition of sustainable and inclusive development is highly debated in litera-
ture. The classical definition of sustainable development was first given by the Brundt-
land Commission in 1987 which says that the sustainable development is “the development
that meets the needs of the present without compromising the ability of future generations
to meet their own needs” (Brundtland et al., 1987). Inclusive development, on the other
hand, refers to the economic growth that ensures fair distribution across society and creates
opportunities for all (OECD, 2018). For a detailed description of the topic refer to Kamran
et al. (2023).

Therefore, the sustainable and inclusive development aims to create a growth model that
is fair when guaranteeing the access to essential resources and opportunities for everyone,
while improving the quality of life and preserving natural resources for future generations
(Griessler & Littig, 2005).

In literature (Smith, 1937), inequalities have been defined as “differences in the distribu-
tion of income and wealth, as well as economic and social opportunities, among different
groups within a society”.

Reducing economic and social inequalities is one of the most pressing challenges that
countries around the world should address for the promotion of the sustainable and inclu-
sive development.

Inequalities can be based on a variety of factors, including race, ethnicity, gender, sexu-
ality, class, or disability. Inequalities can have a negative impact on people’s well-being,
social cohesion and stability of societies. Specifically, economic inequalities refers to dif-
ferences in wealth and income between individuals or groups. For example, they can be
measured through the gap between the highest and lowest incomes within a society (Lanza,
2015). Social inequalities, instead, refers to differences in access to rights, opportunities,
and services between individuals or groups. They may be caused by factors such as gen-
der, ethnicity, sexual orientation, or physical ability; for a comprehensive review of social
inequalities, see Neckerman (2004).

In brief, economic and social inequalities are a complex and multi-faceted phenomenon
which can affect people’s lives, their health, education, work, and overall well-being. They
can also have negative consequences on social cohesion and stability of societies and can
limit a society’s potential for development, preventing many individuals from reaching
their full potential.

According to a quote by Nelson Mandela

There can be no justice when opportunities are not equally distributed.

However, despite efforts to promote equality, such inequalities persist in all societies
and represent an impending challenge. Therefore, the issue of reducing economic and
social inequalities is an important matter that should be addressed at a global, national and/
or local level.
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At a local level, various organizations and groups, such as local authorities, non-govern-
mental organizations, local communities, and citizens can promote initiatives and programs to
reduce economic and social inequalities.

At a national level, the governments of the world have adopted various initiatives and pro-
grams to reduce economic and social inequalities within their regions.

At a global level, the 2030 Agenda for Sustainable Development represents one of the main
initiatives to reduce economic and social inequalities.

Here, our aim is to study at a global level the main determinants of the socio-economic
inequalities in Italy, highlighting similarities and differences between north, centre and south
regions, in order to provide a decision-making tool for policy-makers. Therefore, we briefly
describe some of the Sustainable Development Goals on which the 2030 Agenda is based. In
this paper, among the various goals of the 2030 Agenda, we focus our attention on Goal 10,
namely “reducing inequalities within and among regions”, and on Goals 3, 4 and 8 which refer
to the socio-economic determinants of inequality.

Every country in the world is required to contribute to addressing these major chal-
lenges towards a sustainable path, by developing its own National Strategy for Sustainable
Development.

In Italy, the National Sustainable Development Strategy (NSDS) was presented to the
Council of Ministers and officially approved by the Inter-ministerial Committee for Economic
Programming in 2017. It was prepared by the Italian Ministry of Environment Land and Sea
in consultation with the Ministry of Foreign Affairs and International Cooperation and all
line Ministries, including other national authorities (National Statistical Institute—ISTAT,
National Institute for Environmental Research—ISPRA, etc.). The NSDS aims to be the stra-
tegic framework for guiding the implementation of the 2030 Agenda in Italy and represents
the national reference framework for planning and programming new policies. It represents a
step forward in equipping Italy with a governance structure for the 2030 Agenda, a tool that
will enable the government to promote equitable and sustainable well-being through the defi-
nition of new approaches and policies (ATC, 2015).

To study how the different determinants impact economic inequality between the different
Italian regions, we considered the data produced by ISTAT regarding the 2030 Agenda. The
data consists of simple indicators related to the seventeen goals.

To know what are the most important socio-economic variables/indicators which influence
inequality, we propose to consider a suitable dependence model, i.e. Partial Least Squares
(PLS) regression. PLS regression is a statistical technique that is used to predict one or more
response variable based on one or more predictor variables. It is similar to multiple linear
regression, but it is particularly useful in cases where the number of predictor variables is
large with respect to the number of observations.

The paper is structured as follows. Section 2 concerns a brief overview of the literature
on the measurement of economic inequalities and how they are measured in Goal 10 of the
2030 Agenda. Section 3 involves an analysis of the socio-economic determinants of inequali-
ties, measured in Goals 3, 4 and 8. Section 4 describes the statistical methodology. Section 5
presents the model for evaluating the inequalities and some conclusion remarks are made in
Sect. 6.
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2 Inequalities in Sustainability

Reducing socio-economic inequalities is a crucial factor for the sustainable and inclu-
sive development. In this section, we give a brief literature review on the main method-
ologies for measuring and predicting socio-economic inequalities.

To measure inequality, the Gini index (Gini, 1912) is still one of the most widely
used indicators in the literature. Despite its limitations in obtaining estimates that vary
depending on individual aversion to inequality (Atkinson, 1970), several authors such as
Kakwani (1980), Yitzhaki (1983), and Donaldson and Weymark (1983) have developed
extended versions of the Gini index. For a complete discussion of the Gini index, see
Farris (2010). Apart from Gini’s index, one may consider the Theil index (Theil, 1967),
the Gamma index (Lorenz, 1905), the Gini-Simpson index (Simpson, 1949), the Gener-
alized Entropy Index (Shorrocks, 1984, 1994, 1999), and the Oaxaca-Blinder decompo-
sition (Oaxaca, 1973; Blinder, 1973).

To predict inequality many researchers have used a quantile regression model. For
example, Piketty and Saez (2003) used quantile regression to study the distribution of
income in the United States. Lynch et al. (2004) used quantile regression to study the
relationship between income and self-rated health in the United States.

However, quantile regression like any other ordinary least squares model can suffer
from multicollinearity which occurs when two or more predictor variables in a model
are highly correlated with each other. Therefore, it is important to check for multicollin-
earity before fitting a regression model, and to use appropriate techniques if it is present.

Here, we consider partial least squares regression which can handle correlated pre-
dictor variables appropriately. We study the dependence relationship between the simple
indicators of the Goal 10 and the indicators of the socio-economic determinants (which
refer to Goals 3, 4 and 8, and are described in Sect. 3), collected on the 20 Italian
regions. The response variable, i.e. the Goal 10 “Reduce inequality within and among
regions" is composed of 10 targets, each measured by one or more indicators. However,
note that we take into consideration only those indicators whose data are available in
the most recent year, i.e. 2019. Table 1 shows the considered target and the associated
indicator, while the first two rows of Table 2 concern their label and a brief description.
For further information on the construction and composition of indicators, see “SDGs
2021 Report: Statistical information for the 2030 Agenda in Italy" published by ISTAT
(https://www.istat.it/it/benessere-e-sostenibilit%C3 % A0/obiettivi-di-sviluppo-soste
nibile/gli-indicatori-istat).

Table 1 Description of Goal 10 and its indicators, data available for 2019

Goal 10 Indicator description
10.1 By 2030 progressively achieve and sustain income growth of 10.1.1 Growth rates of household
the bottom 40% of the population at a rate higher than the national expenditure or income per capita
average among the bottom 40% of the
population and the total popula-
tion
10.2 By 2030 empower and promote the social, economic and political 10.2.1 Proportion of people living
inclusion of all, irrespective of age, sex, disability, race, ethnicity, below 50% of median income,
origin, religion or economic or other status by sex, age and persons with
disabilities
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3 Inequalities Determinants

Socio-economic inequalities can be determined by a large number of variables/indicators,
such as income, education, employment, family composition, gender, ethnicity, and access
to quality healthcare services (Mackenbach et al., 2002). For example, people with lower
incomes are more likely to suffer from chronic diseases such as diabetes and cardiovascular
disease due to poor diet, sedentary lifestyle, and lack of access to quality healthcare ser-
vices (Timmis et al., 2022).

To address socio-economic inequalities, it is crucial to implement strategies that tar-
get the reduction of income and education disparities and enhance the availability of high-
quality healthcare services for all individuals. This can be accomplished through various
measures, such as: (a) elevating minimum wages; (b) investing in education and training;
(c) improving access to quality healthcare services; (d) promoting healthy lifestyles. Addi-
tionally, it is important to raise public awareness about the importance of reducing health
inequalities and to promote community participation in the formulation and implementa-
tion of healthcare policies.

Indeed, education is a crucial factor in reducing inequality globally. Over the past few
decades there have been advances in increasing access to education worldwide, but sig-
nificant inequalities persist in access to quality education among social, economic and
geographic groups. Educational inequality can have negative long-term consequences on
individuals’ and communities’ personal, social and economic development. To reduce
these inequalities globally, systemic and targeted interventions are needed at the social,
economic and political levels (Schmidt et al., 2015).

The issue of decreasing joblessness among young people is a relatively new topic on
the global stage, but it is a crucial problem for many nations around the world. The number
of people in the age group 15-24 who are not working, studying or receiving training has
become alarmingly high and this has led to the creation of a new term, “NEET” (Not Edu-
cation Employment Training). This term refers not just to a social category but also to the
individuals themselves who fit into that category.

According to the analysis conducted by Caroleo et al. (2020), countries with lower eco-
nomic development tend to have higher rates of NEET. Furthermore, in countries where
the school-to-work transition institutions are more developed, the proportion of NEET
individuals is lower.

The International Monetary Fund (IMF) argues that economic inequality can have nega-
tive effects on long-term economic growth and financial stability, as well as on social cohe-
sion and on democracy quality.

Three instrumental reasons for pursuing economic policies that engender less income
inequality are (Birdsall, 2001)

— Inequality can inhibit growth and slow poverty reduction.

— Inequality often undermines the political process: this may lead to an inadequate social
contract and may trigger bad economic policies-with ill effects on growth, human
development, and poverty reduction.

— Inequality can undermine civil, social, and political life and inhibit certain forms of col-
lective decision-making.

In this paper, to study the determinants of socio-economic inequalities we emphasize the
indicators of three SDGs of the Italian NSDS, in particular
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— Goal 3: “Ensure healthy lives and promote well-being for all at all ages”. It is composed
of 10 targets and 14 indicators which aim to measure progress towards the Goal of
ensuring healthy lives and promoting well-being for all. In particular, it aims to ensure
that everywhere people can enjoy good health and physical and mental well-being. It is
expected to be achieved through a range of actions, expanding healthcare systems and
promoting healthy lifestyles, such as regular physical activity and healthy diet. It is also
expected to face emerging challenges such as the obesity epidemic and non-communi-
cable diseases, and to protect people from epidemics and pandemics;

— Goal 4: “Ensure inclusive and equitable quality education and promote lifelong learn-
ing opportunities for all”. It is composed of 8 targets and 12 indicators which aim to
measure progress towards the goal of ensuring quality education for all. It aims to
ensure that everyone, regardless of their background or circumstances, can access to
high-quality education and lifelong learning opportunities. So, this means promoting
literacy, at primary and secondary schooling, as well as at tertiary education and voca-
tional training. It also aims to promote gender equality and reduce the education gap
between countries and within countries. Achieving this goal will contribute to creating
more inclusive and sustainable societies, as well as promoting economic growth and
sustainable development;

— Goal 8: “Promote sustained, inclusive and sustainable economic growth, full and pro-
ductive employment and decent work for all, and an enhanced productive capacity for
least developed regions”. It is composed of 8 targets and 8 indicators which aim to
measure progress towards the goal of promoting inclusive and sustainable economic
growth. This goal aims to promote inclusive and sustainable economic growth that cre-
ates decent and dignified employment opportunities for all. It is expected to be achieved
by supporting entrepreneurship and innovation, strengthening entrepreneurial capaci-
ties, improving access to credit and infrastructure, and by promoting fair and sustain-
able international trade. Achieving this goal will contribute to create a stronger and
more stable global economy, reducing poverty and inequality, and promoting sustain-
able development.

The selected indicators of Goals 3, 4 and 8 of the 2030 Agenda, available for the year 2019,
are listed in Table 2 of Sect. 5.

4 Methodology

Ordinary least squares (OLS) model allows explaining one or more quantitative response
variables in terms of predictors. The model is widely used in many fields, however, it can
be affected by the multicollinearity problem, which occurs when two or more of the predic-
tors are highly correlated. This can lead to unreliable and unstable estimates of the regres-
sion coefficients, as well as large standard errors on these estimates. It can also make hard
to determine the unique effect of each predictor on the response variable (Camminatiello
et al., 2017).

In presence of multicollinearity, the stepwise selection of the predictors could be per-
formed. However, the stepwise procedure will tend to choose the predictors that best match the
data sample, and thus to favor variables that, by the luck of the draw of the sample, happen to
have high-magnitude coefficients for that sample but not necessarily for the underlying popu-
lation. Therefore, Ridge regression estimator (Hoerl & Kennard, 1970) and its modifications,

@ Springer



A Model for Evaluating Inequalities in Sustainability

continuum regression (Stone & Brooks, 1990), least absolute shrinkage regression (Tibshi-
rani, 1996), partial least squares (PLS) regression (Wold, 1966, 1975, 1985, 1978), principal
components regression and latent root regression (Webster et al., 1974) have been proposed as
alternative tools for facing multicollinearity.

Among these methods we consider PLS for its mathematical and statistical properties
Tenenhaus (1998); Frank et al. (1993).

4.1 PLS Regression

PLS regression has been originally developed by Wold (1966) and is also known as Nonlinear
Iterative Partial Least Squares (NIPALS). There are several different variants of the initial PLS
algorithm (Wold, 1966, 1975), including one called SIMPLS (De Jong, 1993).

PLS regression has several advantages over traditional OLS regression (Durand, 2001),
indeed it can handle

— alarge number, p, of predictor variables and a small number, n, of observations;
— correlated predictor variables;

— missing data;

— both continuous and categorical response variables;

— both continuous and categorical predictor variables.

In PLS regression, the columns of the matrices X and Y representing the p independent and ¢
dependent variables, respectively, are centered and scaled to have zero mean and unit length.
The first step in the PLS procedure involves carrying out uncorrelated latent variables. These
latent variables, namely PLS components, are linear combinations of the original independent
variables, which maximize the covariance between the independent and dependent variables
(Helland, 1988).

After creating the latent variables, a least squares regression is performed using a subset of
the extracted variables. The PLS regression model can be written as

Y =TI +F (1)

where T is the n X a matrix of the PLS components, I' is the a X ¢ matrix of the PLS
regression coefficients, and F is the n X g matrix of the disturbances.

PLS regression leads to biased but lower variance estimates of the regression coefficients
compared to OLS regression. Goutis (1996) showed that the estimates of PLS coefficients are
always shrunken compared to OLS ones, that is

Iy |1 < 1,01 < - < ITI < .. Bl )

where T, is the PLS estimator obtained after the extraction of the @ components and B is
the OLS matrix of coefficient estimators.

For assessing the goodness of fitting of the PLS model, the determination coefficient R? is
commonly used, while for measuring the predictive ability of the model, among different cri-
teria, we consider the PRESS (PRediction Error Sum of Squares) statistic.

@ Springer



I. Camminatiello et al.

4.2 Model Calibration and Validation

The number a of latent variables to be retained in the model can be selected according to
different criteria. The most common ones have been based upon test set and Cross Valida-
tion (CV) or its generalization (Lombardo et al., 2009). By using a test set, the criterion is
given by the Residual Sum of Squares (RSS) related to each PLS component. Although
this approach is fast, as we run the PLS algorithm once for each component, it is not often
considered, because a test set, independent from the training set, is only exceptionally
available. Differently, when using cross-validation (Wold, 1978) the criterion being used
is the PRESS which evaluates the accuracy and predictive power of a model. The cross-
validation involves dividing a dataset into multiple subsets, say /, where each subset (or
fold) is used as both a training set and a validation set. To determine the optimal number of
latent variables using PRESS, start with a minimum number of latent variables, such as 1.
Use cross-validation (e.g., /-fold cross-validation) to fit the model with the chosen number
of latent variables. Calculate the PRESS for each omitted subset, and then restore the omit-
ted subset. The procedure is repeated for the number & (for & = 1,2, ...a) of latent variables
until each subset has been left out once. The / individual PRESS’s are summed up to give
the PRESS, of each response variable. Finally, the PRESS,,,, is calculated by summing up
the PRESS,, for k = 1, .., g. The number a of latent variables that corresponds to the lowest
PRESS,,,,; represents the optimal choice in terms of minimizing prediction errors.

Here we perform a leave-one-out-cross validation, therefore / = n, and for each 4 the
PRESS, related to the response k can be computed as

n
PRESS; = ) (i = $_qn))’ 3)
i=1

where the predicted values $_;,, are based on the PLS estimates (with & components)
obtained by removing the ith subset.

4.3 Bootstrap Confidence Interval

Bootstrapping is a useful method for estimating the sampling distribution of the coeffi-
cients in partial least squares regression model when the assumption of normality is not
met or when the sample size is small.

In partial least squares regression, a sample of predictor and response variables is used
to fit the model. The model is then used to predict the response for each predictor in the
sample, and the prediction errors are used to estimate the coefficients of the model. The
bootstrap procedure involves sampling with replacement from the original sample and
fitting the PLS model to the resampled data (Tenenhaus & De Jong, 2003; De Jong &
Wieringa, 2002). This is repeated many times to create a distribution of estimates for the
coefficients, which can be used to compute standard errors and confidence intervals (Mag-
nanensi et al., 2017; Knecht & Hautle, 2013; Naes & Naes, 2005).

In the programming environment R, there are numerous packages and functions (for
example, see www.jf-durand-pls.com) that perform PLS. We consider the bootpls and pls
packages to perform bootstrapped partial least squares regression.

For constructing confidence intervals from bootstrapped samples, the percen-
tile method has been used. It involves computing the percentiles of the bootstrapped
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samples that correspond to the desired confidence level. For example, to compute a 95%
confidence interval, the 2.5th and 97.5th percentiles of the bootstrapped samples are
taken as the lower and upper limits of the interval.

5 Evaluating Inequalities in Sustainability through PLS Regression

The 2030 Agenda for Sustainable Development, adopted by all United Nations Mem-
ber States in 2015, provides a shared blueprint for peace and prosperity for people and
the planet, now and for the future. At its heart are the 17 Sustainable Development
Goals (SDGs), which represent an urgent call for action by all countries—developed
and developing—in a global partnership. They recognize that ending poverty and other
deprivations must go hand-in-hand with strategies that improve health and education,
reduce inequality, and spur economic growth—all while tackling climate change and
working to preserve our oceans and forests (https://sdgs.un.org/Goals).

As highlighted in Sect. 3, here we aim to evaluate the most important determi-
nants of inequalities across the Italian regions, looking at the ISTAT indicators of
the SDGs (https://www.istat.it/it/benessere-e-sostenibilit%C3%A0/obiettivi-di-svilu
ppo-sostenibile/gli-indicatori-istat). For the sake of data explanation, we consider the
variables listed in Table 2 related to Goals 10, 3, 5 and 8 of the 2030 Agenda. The
variables/indicators of Table 2 have been collected on the 20 Italian regions, i.e. Pie-
monte, Valle d’Aosta, Liguria, Lombardia, Trentino-Alto Adige, Veneto, Friuli-Venezia
Giulia, Emilia-Romagna, Toscana, Umbria, Marche, Lazio, Abruzzo, Molise, Campa-
nia, Puglia, Basilicata, Calabria, Sicilia, Sardegna. Some of them are simple indica-
tors and others are composite indicators (Lafortune et al., 2018; Alaimo et al., 2021a;
Alaimo & Maggino, 2020; OECD, 2008). For each composite indicator, we checked the
reliability using the Cronbach’s Alpha and they all were consistent, showing an alpha
index greater than 0.7 (Table 3). By definition, Cronbach’s alpha is used to evaluate
internal consistency for indicators measured by more than one variable. Therefore, no
Cronbach’s alpha was computed for the indicators HealthWellB1, QualityEdu2, Quali-
tyEdu3, and QualityEdu4 as they are single-item indicators. These simple indicators
have been normalized.

Table 3 Cronbach’s Alpha for

. ! Composite indicator Value
composite Indicators
HealthWellB2 0.79
HealthWellB3 0.78
HealthWellB4 0.71
QualityEdul 0.99
QualityEdu5 0.74
QualityEdu6 0.97
QualityEdu7 0.70
QualityEdu8 0.77
‘WorkGrowth1 0.90
‘WorkGrowth2 0.95
‘WorkGrowth5 0.99
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Table 4 PLS regression

PLS model
performance
dimension Income Poverty % Var Cum Var
0.808 0.912 85.998 85.998
0.103 0.023 6.289 92.288
3 0.001 0.037 1.932 94.220
opt. Dim. 3 , PRESS = 0.2241 (1 out) PRESS/Responses ( 1 out)
© —
[T} [T}
=} @
(9] e 9Income
n [9)] — APoverty!
2 S £ g
0 = ]
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Fig. 1 The PRESS criterion for the choice of the number of PLS components

5.1 The PLS Model

A very desirable condition in a set of regression data is that there is no multicollinearity
among the predictors included in the model. For this reason we calculate the condition
index (CI) that allows us to check the level of collinearity. The condition index is given
by

Cl = \Y ﬂmax/)'min

where 4,,,, and A,,;, are the maximum and minimum eigenvalues, respectively, of the cor-
relation matrix among predictors.

For our predictors listed in Table 2, the CI is equal to 79.36, which indicates a very
strong level of collinearity (Lucadamo et al., 2021). Therefore the use of the PLS regres-
sion is surely more suitable for getting a reliable parameter estimation.

We consider the multivariate PLS model where the responses are the two simple indica-
tors of Goal 10 listed in the first two rows of Table 2 (see also Table 1), related to Income
and Poverty condition. The correlation between them is negative and very high equal to
—0.89.

The choice of the suitable number of PLS components has been made by using the
PRESS criterion (Sect. 4.2). It results that the predictive ability of the model is excellent for
each dependent variable, we get that PRESS, ,,, = 0.22, and in detail PRESS,,.,.. = 0.16
and PRESSp,,,..., = 0.06, see also Fig. 1. After determining the suitable number of PLS
components, we perform the PLS model with three components which explain 65.23% of
X variability and the 94.21% of Y variability. Table 4 shows the percentage of Y variability
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with respect to each model dimension. Furthermore, it results that model fits each response
very well, i.e. R?nmme =0.91and R?,ovmy =0.97.

When performing a PLS regression, it is possible to visualize the relationship between
the responses, the predictors and the latent variables by using a graph called the PLS load-
ing plot which is a correlation circle and allows to study the correlation among original
and latent variables. Also, to portray the relationship between the observations and the
PLS components one can consider the PLS score plot. Being the percentage of explained
variance by the first two components very high, equal to 92.28 (see Table 4), we consider
only two components for visualizing the results in Fig. 2. The left side of Fig. 2 shows the
PLS loading plot on the plane t,,#,. While the right side of Fig. 2 shows the PLS score
plot. Looking at the PLS loading plot of Fig. 2, we can observe a high positive correlation
among:

— the response Poverty (risk of poverty) and the predictors QualityEdul (inadequate lit-
eracy, numerical and English skills), WorkGrowth2 (unemployment/employment rate)
and WorkGrowth3 (young people who do not work and not study-NEET).

— the predictors QualityEdu? (early exit from the education and training system) Quali-
tyEdu4 (rate of participation in educational activities for 5-year-olds), and Health-
WellBI (under-5 mortality rate);

— the response Income (gross disposable income per capita) and the predictors Quali-
tyEdu3 (places authorized in socio-educational services per 100 children aged 0-2) and
QualityEdu6 (digital skills);

— the predictors QualityEdu7 (graduates and other tertiary qualifications) and Health-
WellB4 (dentists, pharmacists, nurses and midwives, doctors).

Moreover the correlation circle of Fig. 2 shows a high negative correlation between the
two responses—Income (gross disposable income per capita) and Poverty (risk of poverty).
Note that the response Poverty is negatively correlated with QualityEdu3 (places author-
ized in socio-educational services per 100 children aged 0-2) and QualityEdu6 (digital
skills), while the response Income is inversely related to QualityEdul (inadequate literacy,
numerical and English skills) WorkGrowth2 (unemployment/employment rate), and Work-
Growth3 (young people who do not work and do not study-NEET).

olise
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Fig.2 The PLS plots on the components ?;,#,. On the left side, the PLS loading plot. On the right side, the
PLS score plot
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Furthermore, QualityEdu?2 (early exit from the education and training system), Quali-
tyEdu4 (rate of participation in educational activities for 5-year-olds) and HealthWellB1
(under-5 mortality rate) are negatively correlated with QualityEdu7 (graduates and other
tertiary qualifications) and HealthWellB4 (dentists, pharmacists, nurses and midwives,
doctors) (Fig. 2).

Looking at the observation or score plot of the right side of the Fig. 2, we can observe
that there are many differences across regions with respect to the response variables, i.e.
Income and Poverty. In particular, we can see that

— Campania and Basilicata are characterised by Poverty (risk of poverty), mainly due
to QualityEdul (inadequate literacy, numerical and English skills), to WorkGrowth2
(unemployment/employment rate), and to WorkGrowth3 (young people who do not
work and do not study- NEET);

— Puglia, Calabria, Sicilia and Sardegna are characterised by QualityEdu2 (early exit
from the education and training system), by QualityEdu4 (the high rate of participation
in educational activities for 5-year-olds), and by HealthWellB1 (under-5 mortality rate);

— Emilia-Romagna, Friuli-Venezia Giulia, Lombardia, Piemonte, Trentino-Alto Adige,
Veneto and Valle d’Aosta present high values of Income, QualityEdu3 (number of
places authorized in socio-educational services per 100 children aged 0-2), and of
QualityEdu6 (good digital skills);

— Lazio, Liguria, Marche, Umbria, Molise, Abruzzo and Toscana are principally char-
acterised by QualityEdu7 (graduates and other tertiary qualifications) and by Health-
WellB4 (dentists, pharmacists, nurses and midwives, doctors).

To assess the relevance of these predictors we look at Table 5, Figs. 3 and 4 that
show the corresponding PLS coefficients. They are computed from three extracted com-
ponents. As they relate to the centered and scaled data, they express the strength of
the relationship between the two dependent variables and all the significant variables
in the model. It results that the most important predictor of Income is QualityEdu6

Income coefficients

WorkGrowth3
WorkGrowth2
WorkGrowth1
QualityEdu8
QualityEdu?7
QualityEdu6
QualityEdub
QualityEdu4
QualityEdu3
QualityEdu2
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HealthWellB4
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Fig.3 The PLS coefficients for the Income response
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Poverty coefficients
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Fig.4 The PLS coefficients for the Poverty response
Table 5. Estimate§ of the PLS PLS coefficients
regression coefficients for the
two responses Label Income Poverty
HealthWellB1 0.049 —-0.021
HealthWellB2 -0.110 0.181
HealthWellB3 —0.124 0.027
HealthWellB4 —0.109 —-0.026
QualityEdul —0.180 0.171
QualityEdu2 —0.044 0.093
QualityEdu3 0.147 —0.196
QualityEdu4 —0.083 0.020
QualityEdu5 0.076 —-0.010
QualityEdu6 0.208 —0.182
QualityEdu7 —0.023 0.001
QualityEdu8 —0.008 —0.090
‘WorkGrowth1 —0.068 0.034
WorkGrowth2 —0.154 0.139
WorkGrowth3 —-0.161 0.179

Highlighted in bold the statistical significant coefficients

(digital skills) which is related positively (i.e. the higher QualityEdu6 is, the higher the
Income is). The second, third and fourth predictor in order of importance are Quali-
tyEdul (inadequate skills), WorkGrowth3 (young people who do not work and do not
study- NEET) and WorkGrowth2 (unemployment/employment rate), respectively, but
the estimates of their regression coefficients are negative indicating an inverse relation-
ship with the response (i.e. the higher the indicators QualityEdul, WorkGrowth3 and
WorkGrowth2 are, the lower the Income is). It follows QualityEdu3 (places authorized
in socio-educational services) that has a positive effect on Income.
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After bootstrapping the model, it results that all these predictors are statistically sig-
nificant within a 95% confidence interval. In Table 6, the coefficient values of the signif-
icant predictors are highlighted in bold, while the coefficient values which do not result
statistically significant are highlighted in italics.

Looking at the most important and significant predictors, broadly speaking we can
conclude that education and employment play a very important role in increasing
income across the Italian regions.

Differently, the two most important predictors of the response Poverty are Quali-
tyEdu3 (places authorized in socio-educational services) and QualityEdu6 (digital
skills) which are related negatively (i.e. the higher the indicators QualityEdu3 and Qual-
ityEdu6 are, the lower the Poverty is). The next five most important predictors of Pov-
erty are HealthWellB2 (excess weight, healthy life expectancy at birth), WorkGrowth3
(young people who do not work and do not study-NEET), QualityEdul (inadequate lit-
eracy, numerical and English skills), WorkGrowth2 (unemployment/employment rate)
and QualityEdu?2 (early exit from the education and training system). All these predic-
tors are statistically significant within a 95% confidence interval. Indeed, Table 6 shows
the quantile confidence intervals of the PLS regression coefficients from bootstrapped
samples of the responses and predictor variables It is evident that for the two responses
of Goal 10 the statistically significant predictors are not the same, however in common
between them there are some indicators belonging to Goal 4, i.e. QualityEdul (inad-
equate skills), QualityEdu3 (places authorized in socio-educational services), Quali-
tyEdu6 (digital skills), and some belonging to Goal 8, i.e. WorkGrowth2 (unemploy-
ment/employment rate) and WorkGrowth3 (young people who do not work and do not
study-NEET). These predictors principally characterise two Italian south regions for
high values, i.e. Basilicata and Campania and for low values Friuli-Venenzia-Giulia,

Table 6 Confidence intervals of the PLS regression coefficients for the two responses

Label Income Poverty
Lower bound Upper bound Lower bound Upper bound

HealthWellB1 - 0.071 0.098 —0.048 0.102
HealthWellB2 -0.189 0.016 0.054 0.233
HealthWellB3 -0.173 0.013 —0.042 0.118
HealthWellB4 —-0.176 0.015 —0.084 0.050
QualityEdul —0.208 -0.114 0.105 0.193
QualityEdu2 —0.100 0.036 0.041 0.137
QualityEdu3 0.074 0.179 —0.222 —-0.102
QualityEdu4 —-0.191 —-0.019 - 0.014 0.112
QualityEdu5 —0.021 0.222 - 0.087 0.077
QualityEdu6 0.150 0.230 —-0.201 —-0.111
QualityEdu7 —0.090 0.072 -0.077 0.024
QualityEdu8 —0.100 0.119 -0.112 0.022
WorkGrowthl -0.182 0.036 -0.073 0.074
WorkGrowth2 -0.175 —0.090 0.095 0.160
WorkGrowth3 —0.181 —-0.100 0.117 0.189

The coefficient values of the significant predictors are highlighted in bold, while the coefficient values
which do not result statistically significant are highlighted in italics
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Toscana, Marche, Lazio, Liguria and Umbria. Note that only for the response Poverty
the predictor HealthWellB2 (excess weight, healthy life expectancy at birth) related to
Goal 3, results statistically significant. This predictor variable well describes Basilicata
and Campania regions.

6 Conclusion

Socio-economic inequalities are present in various levels in all European countries and
available data suggest that the income and health gap is increasing. Many studies have been
conducted to explain socio-economic inequalities and much has been learned about the
various factors that underlie them.

In this paper, we have investigated inequalities across Italian regions modeling the
dependence relationship through the multivariate Partial Least Squares regression model
which can be suitable to analyse a data set of simple and composite indicators (predictors
highly correlated). As in literature, a great debate concerns the construction of such com-
posite indicators (Fattore, 2017; Alaimo et al., 2021a, b), a comprehensive discussion of
the variants of aggregation of simple indicators and their effects when modeling shall be
left for future consideration.

Here the inequality has been described by the two simple indicators related to Income
and Poverty (responses of the multivariate model) and different determinants have been
considered to explain and predict such indicators. Doing so, it results very relevant to
improve literacy, numerical and English skills (QualityEdul), to increase the places author-
ized in socio-educational services for children aged 0-2 (QualityEdu3), to improve digital
skills (QualityEdu6), to increase the employment rate of young people (WorkGrowth2) and
decrease the number of young people that do not study and do not work (WorkGrowth3),
specially for Campania, Basilicata, Puglia, Calabria, Sicilia and Sardegna.

In general, knowing how different (or not) the inequality is across Italian regions can
help policy-makers in deciding what could be a suitable reform to introduce in each region
of Italy. Such reforms should require focusing on the reorganisation of the education sys-
tem or on social operators and their incentives.

Also this study highlights that Italy can be divided into three distinct macroregions,
each exhibiting distinctive characteristics. Northern Italy and some regions of the Centre
show higher values than the national average across many indicators of equality, includ-
ing income, employment, educational opportunities, and health. Some central regions have
indicators that fall around the national average. While most of the southern regions experi-
ence living conditions significantly below the national average, with limited employment
and educational opportunities.

The regional divide is a phenomenon that joins several other European countries besides
Italy (like Sweden, Finland, Romania, and Estonia).

The severity of regional disparities in Italy, particularly about the labor market, neces-
sitates the implementation of territorial development policies which focus on providing
opportunities to people residing in the southern regions and leveraging untapped potential
(Fina et al., 2023). In this study, we propose a reorientation of regional policies to achieve
the following objectives:

— Increase public investment in health and education to stimulate short-term economic
activity and enhance the potential for long-term economic growth.
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— Enhance employment support measures to alleviate the challenges faced by individu-
als in the southern regions. It is essential to emphasize that regional equality not only
contributes to social and political cohesion but also serves as a means to face social
inequalities and foster sustainable and inclusive economic development.
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