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Abstract

This study aims to develop a hierarchical composite indicator using a model-based ap-
proach to measure social sustainability in Italy. The proposed indicator is built by inte-
grating manifest variables, including education, quality of life, social relationships, and
participation in cultural activities, while examining specific and broader latent dimensions
they reflect or form. The hierarchical structure of the social sustainability composite indi-
cator is derived using the Hierarchical Disjoint Principal Component Analysis. Ultimately,
this methodology identifies intermediate latent concepts between the manifest variables
and the general concept, offering meaningful insights for comprehensively understanding
the phenomenon under study, and also allows for testing the nature of the relationships be-
tween two sequential levels of the hierarchy. Comparisons across the Italian regions, years
(pre- and post-COVID), and genders are provided, enhancing the understanding of social
dynamics affecting sustainability in a context marked by significant regional diversity.

Keywords Hierarchical models - Parsimony - Reflective model - Formative model -
Multidimensional concepts - Italian disparities

1 Introduction

Sustainability is a multidimensional concept that traditionally comprises three dimensions:
environmental, economic and social (Purvis et al., 2019). This is a key part of the Agenda
2030 through the Sustainable Development Goals (United Nations General Assembly,
2019), which are 17 thematic areas toward which countries should address their efforts.
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When focusing specifically on social sustainability, this represents a complex and dynamic
concept that can be conceptualized as the synthesis of a set of dimensions contributing to its
definition (McGuinn et al., 2020). It pertains to quality of life, both objective and perceived
(Schiefer & Van der Noll, 2017), well-being (Berger-Schmitt & Noll, 2000), social capi-
tal (Dempsey et al., 2010), social inclusion, cultural participation, civic engagement, and
education (Shirazi & Keivani, 2019). Cultural aspects are part of social sustainability, as
culture influences how individuals perceive their roles in society and how they collaborate
in addressing collective challenges. Social structures contribute, in turn, to the preservation
and evolution of cultural identity, making these two dimensions strongly interconnected.
For these reasons, in recent years, cultural sustainability has increasingly been considered
as a separate dimension (Hawkes, 2001). Nonetheless, since its recognition is still under
debate and not fully established, this paper adopts the traditional approach to defining sus-
tainability, which considers only social sustainability as a proper dimension alongside the
environmental and economic ones.

Due to its multidimensional nature, we study social sustainability by defining a set of
Composite Indicators (Cls) that quantify its latent dimensions. In general, Cls are use-
ful tools for conveying and synthesizing information on phenomena that are not directly
observable. They are defined as latent variables resulting from the aggregation of manifest
variables into a single synthetic measure (Nardo et al., 2005; OECD-JRC, 2008). Two types
of CIs can be distinguished based on different levels of abstraction in the dimensions they
measure. Specifically, the General Composite Indicator (GCI) quantifies the phenomenon
under study, while the Specific Composite Indicators (SCIs) represent its latent dimensions.
However, due to their complexity, multidimensional phenomena often exhibit nested latent
dimensions from the most specific (first-order SCIs) to broader ones (higher-order SCIs).
This hierarchical structure reflects the intrinsic nature of such phenomena and highlights the
need for a hierarchical approach to build a comprehensive GCI and explore its dimensions.

In defining the hierarchy that leads to GCI, the nature (“direction”) of the relationships
among variables in two sequential hierarchical levels—which formally constitutes the mea-
surement model (Blalock, 1964; Bollen & Bauldry, 2011)—must be analyzed. Two kinds
of measurement models exist (Bollen, 2001): reflective, where a set of correlated observed
variables reflects an unobserved one (top-down approach), and formative, where the latent
variable is formed by manifest variables that are not interchangeable (bottom-up approach).
It should be noted that the measurement model is usually chosen a priori by the researcher
rather than tested via a statistical procedure. However, a theoretical definition of the rela-
tionships among variables is not always available or experimentally confirmed, and a test
to determine the proper direction is required. Following the same rationale, a second dis-
tinction concerns the research strategy. If a theory on a multidimensional phenomenon is
available, all the relationships among manifest variables and latent constructs are known
and set a priori in a confirmatory (theory-driven) approach. On the other hand, an explor-
atory analysis can be conducted when all the relationships among manifest variables and
latent constructs are not known a priori and must be explored (data-driven approach). These
two approaches can be combined when some relationships are known according to a spe-
cific theory, while others remain unknown and need to be assessed through an exploratory
analysis.

The specialized literature on the construction of composite—and more generally, syn-
thetic—indicators divides methods as either non-aggregative or aggregative. The former
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includes Partially Ordered SET (POSET, Neggers & Kim, 1998; Schroder, 2002), appli-
cable to both ordinal (Fattore, 2016; Fattore & Alaimo, 2023) and mixed systems (Brug-
gemann & Patil, 2011; Alaimo et al., 2021; Alaimo, 2022), and avoids the need to determine
arbitrary aggregation or weighting schemes. In contrast, the aggregative methods are based
on the definition of weights. The latter are usually assigned subjectively, based on expert
evaluation, which often draws criticism for the lack of quantitative assessment. To over-
come this limitation, a set of CIs can be constructed using a statistical procedure, i.e., an
approach based on a model and hence referred to as “model-based”, with a mathemati-
cal formalization that limits potentially arbitrary choices. We focus here on the literature
concerning aggregative and hierarchical models, where the latter properly take the nature
of multidimensional and complex phenomena into account. Existing methodologies for
studying hierarchical relationships among variables via an exploratory approach based on
covariances or correlations include Higher-Order Factor Models (HOFMs, Cattell, 1978;
Rindskopf & Rose, 1988; Le Dien & Pages, 2003), Second-Order Disjoint Factor Analysis
(20-DFA, Cavicchia & Vichi, 2022), and Ultrametric Composite Indicator Model (UCIM,
Cavicchia et al.,2024). HOFMs are sequential procedures that repeat the application of Fac-
tor Analysis (Spearman, 1904) with a reduced number of factors each time. Although they
build a hierarchy of latent factors, the main drawback of HOFMs is that they do not opti-
mize an overall objective function, which may lead to inaccurate detection of hierarchical
relationships among variables. On the other hand, 20-DFA and UCIM address this limita-
tion through a simultaneous approach. The former obtain first-order SCIs via a Disjoint
Factor Analysis (Vichi, 2017) and aggregates them into the GCI, while the latter detects a
hierarchical structure through the estimation of an ultrametric correlation matrix derived
from the observed one. Although these are simultaneous models that search for an optimal
hierarchical solution, 20-DFA is restricted to two hierarchical levels, which prevents detect-
ing nested and broader latent dimensions between the first-order SCIs and GCI. In contrast,
UCIM allows for the construction of a hierarchy composed of several levels, but it involves
the quantification of latent dimensions only a posteriori, rather than within the estimation
process itself.

In this paper, we delve into social sustainability in Italy by considering a simultane-
ous and exploratory methodology that constructs a GCI, detects and quantifies its nested
latent dimensions, and tests the nature of the relationships (reflective or formative), while
avoiding any subjective choices. The key feature of the model, which is novel in the litera-
ture on CI construction, is dual. Firstly, it lies in its hierarchical nature, which allows for
exploring intermediate levels of SCIs and their aggregations (in order) into broader dimen-
sions of social sustainability. Secondly, it differentiates between the reflective and forma-
tive approach without imposing a priori constraints on the relationships or their nature,
instead testing them via a statistical tool. For the reflective part of the hierarchy, a Principal
Component Analysis (PCA, Pearson, 1901; Hotelling, 1933) approach is used by following
Mazziotta and Pareto (2019), who demonstrated this is further suitable for reflective than
formative approaches. The methodology is parsimonious, as it first identifies a partition
of the variable space into disjoint groups, each associated with a latent concept quantified
via a first-order SCI, and then builds a hierarchy of higher-order SCIs over them under the
nestedness assumption. It is worth noting that although the disjoint structure may be restric-
tive in some cases, it improves latent concept interpretation. Moreover, the methodology
can reconstruct potential interactions among dimensions in subsequent hierarchical levels,
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avoiding the need for overlapping variable groups, i.e., cross-loadings between observed
and latent variables. Since the number of first-order SCIs must be fixed in advance, we
extend herein the generalized cross-validation criterion introduced by Josse and Husson
(2012) for PCA to the case in which the principal components synthesize information from
smaller groups of variables in a disjoint structure. Furthermore, the unidimensionality of
the first-order SCIs and the internal consistency of the variable groups are analyzed in con-
structing the GCI for social sustainability. The definition of a set of CIs for measuring this
phenomenon is particularly relevant in Italy, given the country’s complexity and diversity,
which are reflected in strong regional differences at both the GCI and SCI levels. The detec-
tion and quantification of specific and broader dimensions allows for comparisons across
regions, providing a useful tool for policymakers to formulate more effective and targeted
public policies.

The rest of the paper is organized as follows. Section 2 introduces the notation and
nomenclature used in Sect. 3, where we describe the model-based approach for building a
set of CIs with a hierarchical configuration. In Sect. 4, we present the data and the analysis
of social sustainability across the Italian regions in 2019 (pre-COVID) and 2022 (post-
COVID). A final discussion completes the paper in Sect. 5.

2 Notation

The notation and nomenclature used in the following sections are listed below.
n Number of rows (units) of a data matrix.
J Number of columns (observed, manifest variables) of a data matrix.
0 Number of variable groups and corresponding first-order SCIs of the first dimen-
sionality reduction of the data.
M Bottom-up hierarchical level defining the model type: if M = 1, the model is
reflective; if M > 1, the model is mixed reflective/formative.

X (n x J) data matrix.

Vq (J x q) binary matrix defining the partition (membership) of the J observed
variables into ¢ groups, with g = M, ..., Q.

Y, (n x ¢) component score matrix, where each disjoint principal component
(SCI) is associated with a group of the variable partition into ¢ groups.

By Diagonal matrix of order J, whose diagonal elements represent the loading of each

variable on one of the disjoint principal components associated with the groups in
the partition of variables into ¢ groups.

g (n x 1) vector, whose elements represent the GCI scores for the 7 units of a
data matrix.

E, (n x J) error matrix associated with the variable partition into ¢ groups.

Ry, Correlation matrix of the ¢ disjoint principal components in Y.

diag(a)  Diagonal matrix whose diagonal entries correspond to the elements of the vec-
tor a.

diag(A) Diagonal matrix whose diagonal entries correspond to the diagonal elements of
the matrix A.

1g,1; (¢ x 1) and (J x 1) unitary vectors, respectively.

I, Identity matrix of order g.
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3 Method

The Hierarchical Disjoint Principal Component Analysis (HierDPCA) is a model that
enables the building of hierarchies of latent concepts from observed (manifest) variables.
It starts with a dimensionality reduction of J variables into Q disjoint groups, each asso-
ciated with a principal component of maximum variance. After that, HierDPCA tests the
correlation among the Q disjoint principal components allowing a switch from a reflective
to a formative approach. Indeed, if the correlation turns out to be statistically significant,
HierDPCA selects two groups from the variable partition to merge and computes the cor-
responding principal component of maximum variance for this broader group, thus reduc-
ing their number by one. The choice of which pair of variable groups to merge is based on
the maximization of the variance explained by the corresponding () — 1 disjoint principal
components. The model continues aggregating variable groups until no correlation among
the disjoint principal components is statistically significant. When this occurs, HierDPCA
completes the hierarchy via a regression model on the higher-order principal component,
using principal components of lower-order as predictors.

Formally, by considering an (n x .J) centered data matrix X, HierDPCA is defined by the
system of simultaneous equations

X=gV|B, +E, ifM=1
g =YuB+e ifM>1
X=YyVyBy +Ey

U 1

X =Y, V1B +Eq_;

X = YoV5Bg + Eq
where, for ¢ = M, ..., Q, with @ < J, the following constraints hold
Vg = [Vjpq €10,1} :j=1,...,J,;p=1,...,q] (binary); )
Velg =1y (row stochastic); 3)
Va1 = [Vo \{Vg=1(¢)» Va(9) }, Vg—1(¢—1)] (nested partitions); @
Vg-1(g—-1) = Yg-1(g) T Va(q)

B, = diag([bi(q),---,by(g)]) (diagonal); 5)
VngBqVq =1, (semi-orthogonal). 6)

In detail, at the g-th level of the hierarchy, starting from ¢ = @, V, represents the (J x q)
variable-group membership matrix, B, is the (J x J) diagonal matrix with diagonal ele-
ments identifying to the weights (loadings) of the observed variables on the corresponding
principal components (one loading per variable), Y, is the (n X ¢) component score matrix,
and E, is the (n x J) error matrix. The parameterization of the loading matrix via B,V,,
subject to constraints (2), (3), and (5), ensures a sparse structure that facilitates the inter-
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pretation of the principal components, as each variable belongs to only one group of the
partition into g groups and therefore contributes to defining a single principal component.
Additionally, the disjoint configuration implies relaxing the assumption of uncorrelated
principal components, supporting the construction of a hierarchy over them. Specifically,
the hierarchical structure in (1) is guaranteed by constraint (4), which allows for computing
the variable partition at the higher-order level (i.e. V,_1) by merging two columns from the
partition of the lower-order level (i.e. V). As a result, V,_; and V, share ¢ — 2 identical
columns. The merged columns are identified as the last two of V, in constraint (4), although
this is merely a convention for mathematical formalization.

The first two equations in (1) distinguish between a fully reflective and a mixed reflec-
tive/formative model. The value of M, which identifies this distinction, is set as the first
bottom-up level at which no statistically significant correlation occurs among the disjoint
principal components. This is determined by testing whether the correlation matrix of
Y, (g = Q,-..,2) equals the identity matrix, with Ry = I, as the null hypothesis. If the
latter is not rejected, the g disjoint principal components in Y, are uncorrelated and the
hierarchy is completed using a formative approach. Conversely, if the null hypothesis is
rejected, the disjoint principal components in Y, are significantly correlated and a reflective
approach is used to synthesize two of them into a higher-order component. The test used
is the one proposed by Chen et al. (2010), which is non-parametric since no distributional
assumptions are made about the data. Its test statistic is asymptotically normally distributed
under the null hypothesis, with a p-value threshold of 0.05 in our experiments. If M = 1, the
hierarchy built by HierDPCA is fully reflective, as the correlation among the disjoint prin-
cipal components in Y, is statistically significant for all ¢ = @, ..., 2. The last aggregation
yields a principal component g, that quantifies a general concept derived from all observed
variables. Although this is not directly connected to the previous hierarchical level—as it
could be by substituting X with Yo in the first equation of (1)—it allows for the proper
construction of a composite indicator at the last bottom-up level of the hierarchy, enabling
the comparison of two GClIs with different underlying hierarchical structures. On the other
hand, when M > 1, the model remains reflective up to M and then becomes formative; the
last aggregation is obtained by regressing the uncorrelated Y, on g. It is worth noting that,
if @ < J, the first bottom-up aggregation of the J observed variables into Q disjoint groups
always follows a reflective approach, by identifying the first-order SCIs represented by Y.
If the additional Y, for ¢ = Q — 1,..., M are computed, the higher-order SClIs are identi-
fied. Finally, g represents the GCI.

Before illustrating the estimation process of the model, we provide an example of the
output obtained by HierDPCA. Let us consider J = 11 observed variables partitioned
into Q = 4 groups, as reported in the following membership matrix, transposed for space
reasons.

110 0 0 0 0O O0 OO
Vv — 001 1.1000°0°O0°0O0
4710 0 0 0 0O 1 1 1 1 0 O
0 000 0O O0OOO0OO0OT11

We generate a data matrix in two different scenarios: a) the variables range from strongly
to moderately correlated both within and between groups; b) all variables are strongly cor-
related within groups, while the variables in the first three groups are correlated among
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themselves but show near-zero correlation with the last two. If we apply HierDPCA in
scenario a), it constructs a reflective hierarchy over the four disjoint principal components
in Yy, each associated with a group of V4, since all variables are correlated with each other
(see Fig. 1a). The columns of Y, correspond to the four first-order SCIs, and binary aggre-
gations lead to the second- and third-order SCIs, Y3 and Y3 respectively, culminating in the
GCI (g). The membership matrices corresponding to the disjoint principal components in
Y3 and Y, are

110 0 0 0 0 O0O0O0 O
Vi=10 00 0 0 00 0 0 1 1

00111111100

v_[001 11111100
© V251 100000001 1]

while V; = 1;. It is worth noting that since the variable groups are paired, ¢ — 2 columns
of Y, and Y,_1, for ¢ = 3,4, are identical, as are those of the corresponding membership
matrices. In scenario b), three levels of the hierarchy are obtained via a reflective approach,
i.e., ¢ = 2,3,4. However, M = 2, since when ¢ = 2, the correlation between the disjoint
principal component aggregating variables 10 and 11 and the other component, which per-
tains to all other variables, is not statistically different from zero. Indeed, variables 10 and
11 are generated as uncorrelated with the others, and therefore, for the last level, the model
switches to a formative approach, as shown in Fig. 1b (see the arrows changing direction,
from top-down for the reflective approach to bottom-up for the formative one).

HierDPCA is estimated within the least-squares framework by minimizing the following
loss function

Q
F(0) = Y IX =Y, ViB,|* +[IX — gViB, [PI(M = 1) + [lg = YuB|*I(M > 1) (7)
q=M

subject to constraints (2)-(6), where I(-) denotes the indicator function and 0 is the param-
eter set. If the model is fully reflective, the second term in (7) is added to the first and
0 ={B1,...,B,Va,...,VQ,8,Ya,...,Yg}; if it is mixed reflective and formative, the
third term is added and @ = {3,Bps, ..., B0, Vi, ..., V0,8 Y, ..., Yo}. The minimi-
zation of the loss function in (7) represents a mixed continuous (for the estimation of the

6.5 8
GClI GCl

. 3rd-order SCI
5.5

2nd-order SCI
nd-order 3rd-order SCI

2nd-order SCI

Log(objective function)
(9]
Log(objective function)

4.5 1st-order SCIs
1st-order SCls

S
®
~
®
©
w
IS
o
3
N
»
~
®
©
~
w
I
o
3

Components Components
(a) Reflective (b) Reflective/Formative

Fig. 1 Example of reflective and reflective/formative hierarchies built by HierDPCA
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vectors g and 3, and the matrices B, and Y ;) and discrete (for the estimation of the matrices
V,) problem.

The estimates of Y, correspond to the disjoint principal components \A{q = Xﬁq\A/q,
where the p-th column of \?q is obtained as the principal component of maximum variance
for the variables in the corresponding p-th group of i\/q, p =1,...,q. The diagonal elements
of ﬁq represent the weights of the linear combination. Therefore, if the j-th variable belongs
to the p-th group of \7q, its loading is i)j(q), that is the unique loading for the j-th variable
at level ¢. This is obtained as the element of the eigenvector corresponding to the largest
eigenvalue of the covariance matrix for the subset of variables belonging to the p-th group
of Vq g is the principal component of maximum variance computed from all manifest vari-
ables. If M > 1 B is the coefﬁment of the linear model that regresses Y M on g. It should be
noted that - when M = 1 - V| is trivial, as aggregating the columns of Vo, regardless of its
configuration, results in a unitary vector.

A coordinate descent algorithm is used to implement HierDPCA. It initializes the param-
eters by starting from a random partition of the J manifest variables into Q groups, and
then computes the loadings and the corresponding disjoint principal components. Next, the
aforementioned test for correlation is performed, and the subsequent level of the hierarchy
is obtained through a reflective or formative approach, depending on the test outcome, up

. . . . . ~(0) .
to the completion of the hierarchy. This results in the achievement of @ ". The procedure is
. INO ~(t—1) . o .
iterated until F(0° ") — F(0 ) < €, where € is a small positive arbitrary constant (set to
1079 in our experiments). Given its iterative nature, the solution can depend on the random
initial membership matrix. Therefore, a multistart approach is implemented to increase the
chances of obtaining a global optimum, rather than a local one. In our experiments, we set
100 as the number of random starts (i.e., initial partitions), being conservative to ensure a
stable solution (see Cavicchia et al., 2023, for further details).

The HierDPCA algorithm requires to fix O in advance. This can be chosen according to
the methods usually used in PCA, such as the Kaiser rule (see Jolliffe, 2002, among others).
However, these methods are usually heuristic or subjective. In this paper, we use a model
selection criterion that penalizes the residual sum of squares by the degrees of freedom of
the residuals, balancing model fit and complexity. Specifically, we extend the Generalized
Cross-Validation (GCV) criterion introduced by Josse and Husson (2012) in the PCA frame-
work to the Disjoint Principal Component Analysis (DPCA, Ferrara et al., 2016), which is
employed in (1) to obtain the first (bottom-up) partition Vg of the variable space into Q dis-
joint groups, along with the corresponding matrices Bg and Y g. The number of parameters
in DPCAis n@ + 2J — @, which is calculated by considering nQ parameters for estimating
the Q disjoint principal components in Y, J for the diagonal elements of B, and J — @
for the parameters in Vg, where only one non-zero element per row must be considered,
subject to the constraint of non-empty groups. GCV for DPCA is therefore

nJ x <Zz 123 1 (xu AE‘]Q)) )
(nd —n@Q —2J + Q)? ’

GCVppea(Q) = ®)
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(@)

where 2, ;

)/E(Q)

refers to the i-th row and j-th column of the reconstructed matrix

~ I~ . . .
=Yq@VBg. This model selection criterion emulates well-known information cri-

teria such as the Akaike information criterion (Akaike, 1974) and the Bayesian information
criterion (Schwarz, 1978), which are typically used in the maximum likelihood framework.

For constructing a proper set of CIs, it is essential that the resulting estimates are both
internally consistent and unidimensional. Internal consistency refers to the ability of a group
of manifest variables to coherently measure the same underlying concept. This is typically
reflected by positive correlations among manifest variables within the same group, sug-
gesting that they are associated with a reliable concept. If this does not occur, it may be
necessary to change the polarity of some variables to avoid non-compensability in the CI,
which should be performed as a pre-processing step (Cavicchia & Vichi, 2021). To assess
the internal consistency for the variable groups identified by HierDPCA, we use Cronbach’s
a (Cronbach, 1951), which can be computed at each level of the hierarchy. George and
Mallery (2003) defined the reliability thresholds based on the Cronbach’s « as follows:
0.70 < a < 0.79 as acceptable, 0.80 < o < 0.89 as good, and o > 0.90 as excellent.

Unidimensionality, on the other hand, concerns whether a SCI measures a single under-
lying concept. In HierDPCA, this property is required only at the first bottom-up level of the
hierarchy, i.e., for the SCIs corresponding to the Q disjoint principal components. Indeed,
as we move up the hierarchy, where broader concepts are formed by combining multiple
dimensions, unidimensionality is no longer required. To evaluate unidimensionality for
each variable group, we assess the magnitude of the second eigenvalue of their covariance
(or correlation) matrix. If this second eigenvalue is smaller than the average eigenvalue (or
1, in case of correlations), the corresponding SCI can be considered unidimensional. GCV
usually selects a number of variable groups Q that corresponds to unidimensional SCIs.
Indeed, by minimizing the residual sum of squares while balancing model complexity, it
seeks the minimum number of disjoint principal components—those with maximum vari-
ance within each group—that best reconstruct the variability of the data.

These two properties are essential for obtaining a correct GCI based on nested dimen-
sions. Therefore, it is crucial to verify their validity for the set of Cls identified by HierD-
PCA, as their fulfillment is desirable for drawing reliable conclusions about the phenomenon
under study. If the first-order SCIs do not satisfy unidimensionality, the researcher may
consider increasing the number of variable groups by one. Additionally, it is recommended
to conduct an in-depth analysis of the manifest variables included in the study of the target
phenomenon to better understand their relationships and how they relate to the phenomenon
itself.

Finally, HierDPCA is not scale invariant due to its relationship with principal component
analysis and regression. Therefore, we recommend standardizing the data if the observed
variables have different measurement units or scales, as we will do in the analyses presented
in the following section.
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4 The hierarchical composite indicator of social sustainability

4.1 Data

The data used in the following analyses are provided by the Italian National Institute of Sta-
tistics, specifically from the BES (Equitable and Sustainable Well-being) system. The selec-
tion of manifest variables for constructing a composite indicator of social sustainability in
Italy was guided by the aim of capturing various aspects of this multidimensional phenom-
enon, including education, cultural and social participation, subjective well-being, safety,
and environmental perceptions, as discussed in Sect. 1. Both the conceptual relevance of
the variables and their ability to adequately represent the analytical framework were con-
sidered. We selected 14 manifest variables, all measured as percentages, but standardized to
z-score because of their different variability. These variables represent a balanced coverage
of the main domains related to social sustainability. The data are collected for the 20 Ital-
ian regions (NUTS2) and pertain to the years 2019 (pre-COVID) and 2022 (post-COVID).
Additionally, we consider them differentiated by gender for each year.

The full list of variables is reported in Table 1, and their correlation matrices for the two
years considered are illustrated in Fig. 2. In detail, the first two variables—“Individuals with
at least a diploma (aged 25-64)” and “Graduates or tertiary education holders (aged 25-34)”,
which are strongly correlated—are essential for measuring the level of education and training
of the Italian population, which is a key factor for social sustainability. Indeed, educational
attainment is directly linked to the individuals’ ability to participate in economic, social, and
cultural life, as well as their capacity to adapt to social and technological changes. The pres-
ence of NEET (variable 3) is instead a critical measure of social vulnerabilities, especially
among younger generations since it is closely related to the future well-being of a society
and its capacity to ensure the active participation of young people in social and economic
life. Due to its meaning, we reverse this variable such that to obtain the right polarity of all
manifest variables (“positive meaning” in this case with respect to social sustainability). The
cultural engagement of the population, which is a central aspect of (social) sustainability,
is reflected by the variables “Cultural participation outside the home” and “Reading books
and newspapers” (variables 4 and 5, respectively). Indeed, participation in cultural activi-

Table'l Variable descriptionand 1D Variable name Polarity
polarity Individuals with at least a diploma (aged 25-64) +
2 Graduates or tertiary education holders (aged 25-34) +
3 Young people not in employment, education, or -
training (NEET)
4 Cultural participation outside the home
5 Reading books and newspapers
6 Cultural and creative employment
7 Regular internet users
8 Social participation
9 Civic and political participation

10 Satisfaction with family relationships

11 Perception of safety when walking alone at night
12 Life satisfaction

13 Satisfaction with leisure time

A+t

14 Satisfaction with the environmental situation
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Fig. 2 Correlation matrices of the data by year

ties and reading are factors that not only enhance quality of life but also contribute to social
cohesion and the spread of cultural capital. Moreover, cultural and creative work along with
regular internet use (variables 6 and 7) are crucial for innovation and sustainable develop-
ment, since cultural employment promotes social and cultural identity, while internet access
facilitates both economic and cultural participation. To measure active participation which
contributes to social cohesion and democratic stability—fundamental aspects of a sustain-
able society—we consider the variables “Social participation” (variable 8) and “Civic and
political participation” (variable 9). The remaining five variables measure satisfaction and
perceptions for several aspects of life, from personal to interpersonal aspects, like “Satis-
faction with leisure time” and “Satisfaction for family relationships” (variables 13 and 10,
respectively), across safety and environmental thinking (variables 11 and 14), up to “Life
satisfaction” (variable 12). Figure 2a shows that in 2019, variable 11, i.e., “Perception of
safety when walking alone at night”, has negative or near-zero correlations with all vari-
ables except variables 8, 12, 13, and 14, with which it exhibits a high or moderately high
correlation. In 2022, its correlation with variable 14 increases to 0.78, where variable 14
pertains to “Satisfaction with the environment situation”, while being very low with the
other variables. Meanwhile, the correlation between variable 14 and the others decreases
(Fig. 2b). This reflects into a shift from a reflective to a formative approach in the hierarchy
construction across the two years, as we will see in the following section.

4.2 Results

We firstly illustrate the results of the HierDPCA application on the aforementioned data set
across the two years, 2019 (pre-COVID) and 2022 (post-COVID). In both cases, to perform
an exploratory analysis, we select Q according to the GCV criterion in Eq. (8). For 2019,
Q@ = 4, while for 2022, @ = 5. The corresponding hierarchies are depicted in Fig. 3.

In 2019, the model identifies a fully reflective GCI of Social Sustainability (SS), which
arises from the aggregation of the four variable groups at the first bottom-up level of the
hierarchy (Fig. 3a). The four groups are composed as follows: the two variables measur-
ing the level of education (variables 1 and 2) and “Cultural and creative employment” are
merged representing the group of Educational Achievement and Creative Employment
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Fig.3 Path diagram of the hierarchy estimated by HierDPCA to obtain the social sustainability composite
indicator across the Italian regions by year

(EACE), with a higher loading of the first two, as reported in Table 3; a second group asso-
ciated with the construct Cultural, Civic, Family Engagement and Youth Employment (CCF-
EYE) is defined by “Young people not in employment, education, or training (NEET)”, the
variables representing cultural engagement (variables 4 and 5), “Regular internet users”,
“Civic and political participation”, and “Satisfaction for family relationships” (whose load-
ing is the lowest in the group). The combination of these variables reflects how engagement
in society contributes to a broader concept of integration into the social fabric. The third
group lumps the variables related with satisfaction for several aspects of life (variables from
12 to 14) together with “Social participation” and identifies the concept of Satisfaction with
Life, Environment and Social Engagement (SLESE). Finally, the singleton “Perception of
safety when walking alone at night” (Perceived Security, PS) does not seem to be strongly
related to the other variables, preventing it from merging with them at the first bottom-
up level of the hierarchy, and it will represent a distinguishing factor between males and
females, as we will see later on. All the groups are unidimensional and internally consistent,
with agace = 0.91, accrevye = 0.97, aspese = 0.93, while this is not measurable for
singletons. The second-order and the third-order SCIs are characterized by the aggrega-
tion of SLESE and PS into Subjective Well-Being (SWB), and of EACE and CCFEYE into
Socio-Cultural Well-Being (SCWB), respectively. SWB captures the subjective experience
of individuals’ quality of life and perceptions of personal safety characterizing social sus-
tainability, with higher loadings for variables 8, 12, and 14 (Table 3). On the other hand,
SCWB integrates various forms of education and active participation in society representing
both social and cultural aspects of sustainability. As shown by B2°!? in Table 3, in the GCI
of SS, the last three variables exhibit the lowest loadings, following PS, educational aspects
and creative employment, which constitute the first-order SCI EACE. The loading value
for variable 11, equal to 0.10, reflects its weak correlation with the other variables, apart
from those it is merged with to obtain the second-order SCI SWB (see Fig. 2a). However,
SWB and SCWB turn out to be interrelated, as well as the majority of their variables, as
highlighted by the reflective approach chosen by HierDPCA. Additionally, all the groups in
the hierarchy are internally consistent.

As is well known, the COVID-19 pandemic strongly affected the social and cultural lives
of individuals, leading to significant restrictions on social gatherings, cultural events, and
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other aspects of everyday life, such as education and work, throughout the country. These
changes in the social and cultural fabric are also reflected in the dimensions that contribute
to the definition of social sustainability. As previously mentioned, the first modification
occurs in the number of variable groups on which the hierarchy is built by HierDPCA to
obtain the GCI of SS, which is now equal to 5. Secondly, the model identifies a reflective
hierarchical structure up to M = 2, after which it turns into a formative approach, as shown
in Fig. 3b (with arrows pointing from the bottom up).

The five groups identified at the first bottom-up level in 2022 share some similarities
with those from 2019. Specifically, the group previously associated with the first-order SCI
CCFEYE recurs in 2022, except for variables 3 and 10, while including “Social participa-
tion”; therefore, it can be interpreted as Cultural, Civic, and Social Engagement (CCSE).
The first two variables pertaining to education, which were combined together with variable
6 in 2019, are now joined with “Young people not in employment, education, or training
(NEET)”, representing the construct of Educational Achievement and Youth Employment
(EAYE), while variable 6 (Creative Employment, CE) is a singleton in 2022. It is impor-
tant to recall that the COVID-19 pandemic significantly impacted education by imposing
remote learning, which could result in disparities across different layers of the Italian popu-
lation. Additionally, the economic downturn caused by the pandemic increased the num-
ber of young people classified as NEET, as job opportunities diminished and educational
institutions struggled to engage students effectively. Crucial differences occur in the other
groups, which can be traced back to the COVID-19 pandemic itself. In detail, “Satisfac-
tion with family relationships”, “Life satisfaction”, and “Satisfaction with leisure time” are
merged into a group representing Satisfaction with Life and Family Engagement (SLFE),
where variable 10 has the highest loading (as shown in Table 3). Indeed, the COVID-19
crisis necessitated prolonged periods of confinement at home, which brought families closer
together but also intensified the challenges of familial interactions, while diminishing over-
all life satisfaction and fulfillment in leisure time. Finally, the last first-order SCI, referred
to as Perceived Security and Environmental Satisfaction (PSES), reflects into the manifest
variables “Perception of safety when walking alone at night” and “Satisfaction with the
environmental situation”. This indicates that perceptions of safety are not solely tied to per-
sonal experiences; they also encompass concerns about the broader environmental context.
These concerns have intensified post-pandemic with the sudden resurgence of economic
activities, leading to increased industrial output, vehicle pollution, and other environmental
hazards. The importance of this aspect becomes evident as it represents one of the two SCls
that form the GCI of SS. It is worth noting that, as in 2019, all the first-order SCIs are uni-
dimensional and internally consistent, with accsg = 0.97, agaye = 0.92, asprg = 0.84,
and apsgs = 0.87, while the Cronbach’s « for CE is not available as it is a singleton.

The aggregations in pairs of four out of the five groups obtained for the year 2022 con-
cern first CCSE and CE, resulting in the second-order SCI of Social, Cultural and Creative
Engagement (SCCE), in which the latter has the lowest loading (Table 3). Secondly, this
group is combined with EAYE to form the third-order SCI of Social, Cultural, Creative and
Educational Engagement, SCCEE, and lastly, SCCEE is merged with SLFE, representing
the fourth-order SCI of Socio-Cultural and Personal Well-Being (SCPWB). This broader
SCI turns out not to be significantly correlated with PSES, leading to a shift in the approach
to building the GCI of SS from reflective to formative, as indicated by the weakening cor-
relations of variables 11 and 14 with the others (Fig. 2b). According to the second equation
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reported in (1), the regression parameters for SCPWB and PSES are 0.98 and 0.24, respec-
tively. This suggests suggests that the former is strongly indicative of social sustainability,
but needs to be integrated with the latter to accurately reflect the complexities of this mul-
tidimensional phenomenon in 2022. For completeness, a description of the SCIs for both
years is provided in Table 2.

Notably, each column of Table 3, except for those corresponding to B2°1? and B2°%2,
provides the loadings for the variables that are merged into broader groups. For variables
remaining in the same group, a dash is reported, as their corresponding loading remain the
same as in the previous levels. Table 3 also displays the variance explained by the disjoint
principal components at each hierarchical level. As expected, this percentage decreases
with the number of disjoint principal components, i.e., moving up the hierarchy. Indeed,
with fewer disjoint principal components, less variability of the original data can be recon-
structed. Nonetheless, across the hierarchical levels, the percentage of variance explained
remains high or moderately high, reaching approximately 86% in both years, with 4 and 5
disjoint principal components, respectively.

Based on the described structures, we can analyze the differences across the Italian
regions. The rankings reported in Table 4 for the two years are based on the min-max nor-
malization of the SS scores, which are illustrated in Fig. 4. From the latter, it is evident that
Trentino-Alto Adige outdistances all other regions by remaining stable in the first position
in both years. Meanwhile, three other “groups” of regions can be identified: central and
northern regions with GCI values between 0.5 and 0.75; Abruzzo, Molise, Sardegna, and
Basilicata, with GCI scores between 0.15 and 0.45; and Puglia, Calabria, Sicilia, and Cam-

Table 2 Description of the first- CI type Acronym Description
order and higher-order SCIs for 3019

the two years

1st-order SCI EACE Educational Achievement and
Creative Employment

Ist-order SCI CCFEYE Cultural, Civic, Family Engage-
ment and Youth Employment

1st-order SCI SLESE Satisfaction with Life, Environ-
ment and Social Engagement

Ist-order SCI PS Perceived Security

2nd-order SCI SWB Subjective Well-Being

3rd-order SCI SCWB Socio-Cultural Well-Being

2022

Ist-order SCI EAYE Educational Achievement and
Youth Employment

Ist-order SCI CE Creative Employment

1st-order SCI CCSE Cultural, Civic, and Social
Engagement

Ist-order SCI SLFE Satisfaction with Life and Fam-
ily Engagement

Ist-order SCI PSES Perceived Security and Envi-
ronmental Satisfaction

2nd-order SCI SCCE Social, Cultural and Creative
Engagement

3rd-order SCI SCCEE Social, Cultural, Creative and
Educational Engagement

4th-order SCI SCPWB Socio-Cultural and Personal
Well-Being
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Table 3 Variable weights for the reflective part of the hierarchy: a dash indicates that the variable does not
contribute to defining the CI at that level of the hierarchy. The variance explained by all disjoint principal
components at each level of the hierarchy is reported in the last row

Var. ID B2019 B2019 B2019 B2019 B2022 B2022 B2022 B2022
1 0.26 0.32 - 0.58 0.29 0.32 - 0.59
2 0.24 0.31 - 0.60 0.25 0.29 - 0.56
3 0.31 0.36 - 0.41 0.32 0.36 - 0.58
4 0.29 0.34 - 0.41 0.31 0.35 0.43 0.44
5 0.31 0.34 - 0.42 0.31 0.33 0.40 0.44
6 0.25 0.32 - 0.55 0.24 0.27 0.33 1.00
7 0.29 0.35 - 0.41 0.32 0.36 0.43 0.45
8 0.28 - 0.46 0.51 0.31 0.34 0.42 0.44
9 0.29 0.34 - 0.41 0.32 0.36 0.42 0.45
10 0.29 0.33 - 0.39 0.29 - - 0.59
11 0.10 - 0.38 1.00 - - - 0.71
12 0.25 - 0.49 0.52 0.21 - - 0.57
13 0.27 - 0.43 0.48 0.25 - - 0.56
14 0.26 - 0.48 0.50 - - - 0.71

Exp. Var  67.22% 77.48% 82.23% 86.10% 71.91%  78.09% 82.36% 86.05%

For simplicity, B}“*" denotes the loadings on the main diagonal of Bq

Table 4 Rankings based on the Position 2019 2022 Changing
isl?gil:; ti)?:iﬁ?ﬁi%g(ﬁgi?fr?;;‘e 1 Trentino—Alto Adige  Trentino—Alto Adige =
For each region in the 2019 rank- 2 Friuli-Venezia Giulia  Friuli-Venezia Giulia =
ing (baseline), the third column 3 Valle d’Aosta Lombardia -2
indicates the advancement (+), 4 Emilia-Romagna Veneto -3
decr‘ease (), or same- position 5 Lombardia Valle d’Aosta +2
(=) in the 2022 ranking 6 Veneto Umbria 19
7 Toscana Emilia—Romagna -2
8 Piemonte Lazio -3
9 Liguria Toscana -1
10 Umbria Liguria +4
11 Lazio Piemonte +3
12 Marche Marche =
13 Abruzzo Abruzzo =
14 Sardegna Molise -1
15 Molise Sardegna +1
16 Basilicata Basilicata =
17 Puglia Campania -1
18 Sicilia Puglia -2
19 Calabria Calabria =
20 Campania Sicilia +3

pania, which significantly differ from the other regions, exhibiting very low GCI values.
Figures 5 and 6 display the normalized scores of the first-order SCIs and the higher-order
SCIs (at the second-to-last hierarchical level for 2022), which can help properly understand
which dimensions contribute to the final rankings, along with the variable weights in Table
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Fig.5 Normalized scores of the four first-order SCIs and two higher-order SCIs for the 20 Italian regions,
year 2019

3. Specifically, the dominance of Trentino—Alto Adige in the two rankings is the result of
its significantly higher scores across all SCIs, by about 0.25 to 0.50 points from the central
and northern regions, except for EACE (Fig. 5a) and PS (Fig. 5d) in 2019, and EAYE (Fig.
6a) and CE (Fig. 6b) in 2022. However, the variables defining EACE and PS in 2019 load
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(d) First-order SCI: SLFE (e) First-order SCI: PSES (f) Fourth-order SCI: SCPWB

Fig. 6 Normalized scores of the five first-order SCIs and the fourth-order SCI for the 20 Italian regions,
year 2022

less than the majority of the others on the GCI and on the corresponding higher-order SCIs,
as well as those associated with EAYE and CE in 2022 on the fourth-order SCI SCPWB
(Fig. 6f). Contrarily, for instance, Friuli-Venezia Giulia exhibits more stable performance
across the six SCIs in 2019, though in 2022, it has a relatively lower score for CE (Fig.
6b). Although it holds the second position in the ranking, the final score of Friuli—Venezia
Giulia is far from that of Trentino—Alto Adige and decreases in 2022. As shown in Fig. 4,
its position is below the bisector line, with GCI equal to 0.73 in 2019 and 0.69 in 2022. It
is worth noting that the representation of the SS scores for the two years allows to appreci-
ate the change in the regions’ positions both in terms of rankings and magnitude, where the
latter, being relative (obtained by min-max normalization), quantifies the actual differences.

Within the group of the central and northern regions, a notable improvement in the
ranking, corresponding to an approximate increase of 0.10 in the SS score, is observed for
Umbria and Lazio, which gain four and three positions, respectively, in 2022. Specifically,
in 2019, Umbria has moderately high values only for the first-order SCIs EACE (Fig. 5a)
and CCFEYE (Fig. 5b), resulting in a high value for the third-order SCI SCWB (Fig. 5f);
in 2022, it achieves a significantly higher score for EAYE (Fig. 6a) and relevant values for
the other first-order SCIs. As for Lazio, it has the highest score for the first-order SCI EACE
(Fig. 5a) in 2019, and in 2022, it reaches the highest scores for both EAYE (Fig. 6a) and CE
(Fig. 6b), which overlap with EACE except for variable 3. Therefore, educational achieve-
ment, and youth and creative employment in Lazio increases compared to 2019. In contrast,
Emilia-Romagna exhibits an opposite trend, losing three positions and approximately 0.05
points in GCI in 2022. While its scores in 2019 are similar to those of other northeastern
regions, with high values for the first-order SCIs EACE (Fig. 5a) and CCFEYE (Fig. 5b),
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i.e., for education, civic and cultural engagement, as well as for the corresponding third-
order SCI (Fig. 5f) that merges the previous two, it shows a very low value for the first-order
SCI CE in 2022 (Fig. 6b), which is comparable to those of the southern and insular regions.

The lower end of the rankings is occupied by the southern and insular regions, with slight
changes between the two years. For instance, Campania, which ranks last in SS in 2019,
moves up to fourth from last in 2022, with a corresponding increase in the score, while Pug-
lia loses one position and approximately 0.10 points in the score, and Sicilia drops to the last
position. Meanwhile, Abruzzo and Basilicata remain stable in their positions in the ranking,
even if in 2022, the former increases its SS score and the latter decreases it. Figures 5 and
6 show that the southern and insular regions generally display the lowest scores, usually
significantly lower than those of the northern regions. Notable exceptions include Sardegna,
Molise and Basilicata, where, for instance, the perception of safety in 2019 (Fig. 5d) is very
high than the regions in the same geographical area. Similarly, in 2022, when variable 11
is merged with variable 14 (Fig. 6e), these regions still stand out. Additionally, Abruzzo
has relatively stable scores across SCIs in 2019, aligning more closely with the northern
regions, although its scores shift more in 2022. Nevertheless, within the corresponding geo-
graphical area, these four regions hold the highest positions.

4.2.1 Analysis by gender

The multidimensional phenomenon of social sustainability in Italy can also be analyzed
across genders. Following an exploratory approach, we choose Q via the GCV criterion,
as done for the complete data set. It is worth noting that the data for males and females
exhibit different patterns of relationships among variables (see also the correlation matri-
ces reported in the Supplementary Material), requiring a specific choice of the number of
first-order SCIs within these data sets to accurately represent the phenomenon under study.
According to the GCV criterion, in 2019, @ = 4 for males and @@ = 5 for females; in 2022,
@ = 4 for both males and females. The results of the HierDPCA application by gender and
year are presented in Fig. 7, along with Table 5, which provides the definition of the SClIs.
First, we can observe that, in addition to a moderate difference in the first-order SCIs, the
hierarchy in 2019 is mixed reflective/formative with M = 2 for males (Fig. 7a), and fully
reflective for females (Fig. 7c)—similarly to the complete case. In 2022, the hierarchical
structure is mixed reflective/formative for both genders, as well as in the complete case,
with M = 2 for males (Fig. 7b) and M = 3 for females (Fig. 7d).

The first-order SCIs obtained for males and females are sometimes similar, or even
identical, to those identified in the complete data set. For instance, in 2019, the first-order
SCI “Cultural, Civic, Social, Family Engagement and Youth Employment” (CCSFEYE)
for males is the same as the first-order SCI CCFEYE, except for variable 8§, i.e., “Social
participation”. For females, four first-order SCIs match those identified in the complete
data set: two from 2019 (SLESE and PS) and two from 2022 (EAYE and CE). In 2022, two
first-order SCIs for females are equivalent to SCIs identified in the complete data set for
the same year, i.e., the first-order SCI SLFE and the second-order SCI SCCE. Furthermore,
both males and females retain one first-order SCI from the 2019 gender-specific analysis—
PSLES (i.e., “Perceived Security, Life and Environmental Satisfaction”) and PS, respec-
tively. Moreover, for males, CCSFEYE only loses variable 4 in 2022, and the first-order SCI
“Educational Achievement and Recreational Engagement” (EARE), composed of variables
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Fig.7 Path diagram of the hierarchy estimated by HierDPCA to obtain the social sustainability composite
indicator across the Italian regions by gender and year

1, 2, and 13, is similar to the second-order SCI “Educational Achievement, Creative and
Recreational Engagement” (EACRE) identified in 2019, which includes variables 1, 2, 13,
and 6. For females, the first-order SCI “Cultural, Civic, and Family Engagement” (CCFE)
in 2019 overlaps with “Social, Cultural, and Creative Engagement” (SCCE) for variables
4,5,7,and 9.

In addition to the aforementioned similarities, we explore the gender-specific features of
social sustainability to highlight the discrepancies in the underlying structures. In 2019, a
significant difference between genders is observed in “Cultural and creative employment”
(variable 6). In fact, for males, this variable is merged with “Satisfaction with leisure time”
(variable 13) into the first-order SCI “Creative and Recreational Engagement” (CRE). For
females, however, variable 6 is a singleton in the first bottom-up level of the hierarchy,
before being merged with the first three variables pertaining to education and youth employ-
ment (forming the first-order SCI EAYE), which results in the second-order SCI “Educa-
tional Achievement, Creative, and Youth Employment” (EACYE). This outcome suggests
that for males, cultural and creative activities may be more closely associated with leisure
time and recreation, whereas for females, these activities appear to be an important aspect
by itself. In both cases, they are linked with education and youth employment at the second
bottom-up hierarchical level, indicating that the higher the latter, the greater the involve-
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Table 5 Description of the first-order and higher-order SClIs for the two years by gender

Gender CI type Acronym Description
2019
Male Ist-order SCI ~ EA Educational Achievement
Ist-order SCI CRE Creative and Recreational Engagement
Ist-order SCI CCSFEYE Cultural, Civic, Social, Family Engagement and Youth
Employment
Ist-order SCI ~ PSLES Perceived Security, Life and Environmental Satisfaction
2nd-order SCI EACRE Educational Achievement, Creative and Recreational
Engagement
3rd-order SCI ~ SCRFWB Socio-Cultural, Recreational, and Familiar Well-Being
Female Ist-order SCI  EAYE Educational Achievement and Youth Employment
Ist-order SCI CE Creative Employment
Ist-order SCI ~ CCFE Cultural, Civic, and Family Engagement
1st-order SCI SLESE Satisfaction with Life, Environment and Social
Engagement
Ist-order SCI ~ PS Perceived Security
2nd-order SCI EACYE Educational Achievement, Creative and Youth Employment
3rd-order SCI  SCWB Socio-Cultural Well-Being
4th-order SCI  SWB Subjective Well-Being
2022
Male Ist-order SCI EARE Educational Achievement and Recreational Engagement
Ist-order SCI CPCE Cultural Participation and Creative Employment
Ist-order SCI ~ CCSFEYE* Cultural, Civic, Social, Family Engagement and Youth
Employment
Ist-order SCI ~ PSLES Perceived Security, Life and Environmental Satisfaction
2nd-order SCI  SCCCFE Social, Cultural, Creative, Civic, Family Engagement
3rd-order SCI ~ SCRFWB Socio-Cultural, Recreational, and Familiar Well-Being
Female Ist-order SCI ~ EAEEYE Educational Achievement, Environmental Engagement and
Youth Employment
Ist-order SCI ~ SCCE Social, Cultural, and Creative Engagement
Ist-order SCI SLFE Satisfaction with Life and Family Engagement
Ist-order SCI ~ PS Perceived Security
2nd-order SCI ~ SCCEEE Social, Cultural, Creative, Educational, and Environmental
Engagement

* The name is identical to the first-order SCI CCSFEYE for males in 2019. However, the latter also
includes variable 4, “Cultural participation outside the home”, which represents the cultural aspects along
with variables 5 and 7

ment in or attention to creative and cultural activities. However, its loading is the second
highest in magnitude for defining EACRE, and the lowest in EACYE (see Table 6). In 2022,
variable 6 is lumped with “Cultural participation outside the home” (variable 4) for males,
while for females it is encompassed in the broader group represented by the first-order
SCI “Social, Cultural, and Creative Engagement” (SCCE). Another important difference
between genders is in the “Perception of safety when walking alone at night” (variable 11).
This is a crucial aspect for females, who may be exposed to higher risks than males, while
for the latter, it is related to “Life satisfaction” (variable 12) and “Satisfaction with the
environmental situation” (variable 14) in both years—they form the first-order SCI PSLES.

At the second-to-last level, the hierarchical structures for males identify the same disjoint
principal components across years: the third-order SCI SCRFWB (i.e., “Socio-Cultural,
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Table 6 Variable weights for the reflective part of the hierarchy: a dash indicates that the variable does not
contribute to defining the CI at that level of the hierarchy. The variance explained by all disjoint principal
components at each level of the hierarchy is reported in the last row

Male

Var. ID 33019 33019 33019 33022 33022 33022
1 0.28 0.53 0.71 0.30 - 0.59
2 0.23 0.48 0.71 0.24 - 0.58
3 0.34 - 0.39 0.34 0.37 0.42
4 0.32 - 0.38 0.32 0.36 0.71
5 0.33 - 0.39 0.31 0.36 0.40
6 0.28 0.52 0.71 0.25 0.27 0.71
7 0.32 - 0.38 0.34 0.38 0.41
8 0.30 - 0.36 0.33 0.36 0.41
9 0.33 - 0.39 0.34 0.37 0.42
10 0.31 - 0.36 0.30 0.34 0.39
11 - - 0.58 - - 0.59
12 - - 0.56 - - 0.54
13 0.26 0.47 0.71 0.24 - 0.56
14 - - 0.59 — - 0.60
Exp. var 72.46% 78.40% 83.22% 70.97% 78.00% 82.22%
Female

Var. ID B%Olg Bgow B%Olg Bzow B%019 B§022 83022
1 0.28 - 0.33 0.52 0.59 0.33 0.51
2 0.26 - 0.32 0.53 0.58 0.30 0.49
3 0.30 - 0.35 0.50 0.57 0.34 0.53
4 0.30 - 0.34 - 0.45 0.33 0.43
5 0.31 — 0.34 - 0.46 0.33 041
6 0.22 - 0.29 0.44 1.00 0.24 0.31
7 0.30 - 0.35 - 0.45 0.35 0.44
8 0.26 0.47 - - 0.50 0.31 0.41
9 0.29 - 0.34 - 0.45 0.35 0.43
10 0.29 - 0.34 - 0.43 - 0.60
11 0.05 0.33 - - 1.00 - 1.00
12 0.24 0.49 - - 0.52 - 0.56
13 0.27 0.44 - - 0.48 - 0.57
14 0.27 0.49 0.50 0.27 0.47

Exp. var 66.31% 76.05% 80.92% 85.61% 88.72% 76.09% 81.57%

For simplicity, Bzear denotes the loadings on the main diagonal of B4

Recreational, and Familiar Well-Being”) and the first-order SCI PSLES. These components
turn out to be uncorrelated in both years, completing the hierarchy that defines the GCI of
SS in a formative approach, with a regression coefficient of 0.91 in 2019 and 0.92 in 2022
for SCRFWB, and 0f 0.41 in 2019 and 0.39 in 2022 for PSLES. Conversely, for females, the
hierarchy is fully reflective in 2019, where the two higher-order SCIs reflected by the GCI
are the same as those identified in the complete data set (i.e., SCWB and SWB), with higher
loadings for the variables pertaining to cultural, civic, and family engagement. In 2022,
three aspects form the GCI of SS switching to a formative approach: SCCEEE (“Social,
Cultural, Creative, Educational, and Environmental Engagement”), SLFE, and PS. The lat-
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ter has a very low regression coefficient (0.02), while those for SCCEEE and SLFE are
equal to 0.91 and 0.42, respectively. For all four hierarchies illustrated in this section, the
variable groups are internally consistent, and the first-order SCIs are unidimensional. Addi-
tionally, the variance explained by the disjoint principal components exceeds 70% at each
hierarchical level, except for the last one in the 2019 hierarchy for females (see Table 6).

As shown in Fig. 7, the COVID-19 pandemic affected social sustainability by altering the
magnitude of its pivotal aspects. This, in turn, influenced the order of aggregation among the
first-order SCIs and the direction of relationships across hierarchical levels, with different
impacts for males and females. These changes are also reflected in the rankings reported in
Table 7, and further in Fig. 8, which illustrates the comparison of the GCI normalized scores
between 2019 and 2022 per gender. For males, regions such as Emilia—Romagna and Ligu-
ria experience noticeable drops in their rankings (five and six positions, respectively), with a
corresponding decrease in the GCI of SS of approximately 0.10 points. Meanwhile, regions
like Umbria and Lazio show increases of six and three positions, respectively, although
their growth in GCI values is less pronounced. The group of regions composed of Abruzzo,
Sardegna, Molise, and Basilicata exhibits smaller ranking shifts, corresponding to differ-
ences in the scores of about 0.10 points between the two years (e.g., for Sardegna and
Molise). Puglia, Sicilia, Calabria, and Campania remain at the lower end of the hierarchy,
as in the complete case, though Campania’s performance improved in 2022. For females,
Lombardia rises to second place in 2022, surpassing Friuli-Venezia Giulia, despite similar
scores in 2022 and a more pronounced difference in 2019. Lazio and Umbria each gain
three positions in 2022, with a notable increase in the SS GCI scores. On the other hand,
for instance, Liguria and Piemonte experience declines in the ranking, despite an increase
in their GCI scores in 2022—for this reason, it is fundamental to interpret Table 7 together
with Fig. 8. In general, GCI scores for females tend to be higher than those for males,
except in some central and northern regions such as Piemonte and Marche and in southern
and insular regions in 2019. This highlights the differences in the gender-specific impacts
of the pandemic on social sustainability across the Italian regions. The geographical repre-
sentation of SCI scores reported in the Supplementary Material provides additional insights
into the importance of the underlying SS dimensions by gender. Finally, similar to Fig. 4
for the complete data set, we can identify four “groups” of regions also in Fig. 8. Specifi-
cally, Trentino—Alto Adige consistently holds the first position, significantly outdistancing
the central and northern regions, which have GCI scores between 0.5 and 0.75. The third
group includes Abruzzo, Molise, Basilicata, and Sardegna, with scores ranging from 0.15
to 0.45, while the fourth and final group consists of Puglia, Calabria, Sicilia, and Campania,
which exhibit very low scores.

5 Conclusions

This study presented a novel hierarchical composite indicator for evaluating social sustain-
ability in Italy, using a statistical approach grounded in the Hierarchical Disjoint Principal
Component Analysis (HierDPCA). This methodology allows for inspecting hierarchical
structures within the data and provides a tool for testing the direction of the relationships
between sequential levels of the hierarchy, thereby avoiding any subjective choices. Addi-
tionally, a generalized cross-validation criterion for selecting the number of specific latent
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Table 7 Rankings based on the social sustainability composite indicator (normalized scores)

Position 2019 2022 Changing
Male

1 Trentino—Alto Adige Trentino—Alto Adige =
2 Friuli-Venezia Giulia Friuli-Venezia Giulia =
3 Emilia—Romagna Veneto -5
4 Liguria Umbria —6
5 Veneto Lombardia +2
6 Lombardia Toscana +1
7 Valle d’Aosta Valle d’Aosta =
8 Toscana Emilia—Romagna +2
9 Piemonte Lazio -2
10 Umbria Liguria +6
11 Marche Piemonte -1
12 Lazio Marche +3
13 Abruzzo Molise -1
14 Sardegna Abruzzo -1
15 Molise Sardegna +2
16 Basilicata Basilicata =
17 Puglia Campania 2
18 Sicilia Calabria -2
19 Calabria Puglia +1
20 Campania Sicilia +3
Position 2019 2022 Changing
Female

1 Trentino—Alto Adige Trentino—Alto Adige =
2 Friuli—Venezia Giulia Lombardia -1
3 Valle d’Aosta Friuli-Venezia Giulia 3
4 Emilia—Romagna Emilia—Romagna =

5 Lombardia Veneto +3
6 Veneto Valle d’Aosta +1
7 Toscana Lazio -2
8 Piemonte Umbria —4
9 Liguria Toscana -2
10 Lazio Marche +3
11 Umbria Liguria +3
12 Marche Piemonte +2
13 Abruzzo Abruzzo =
14 Sardegna Sardegna =
15 Basilicata Molise 1
16 Molise Basilicata +1
17 Puglia Campania -1
18 Sicilia Puglia -1
19 Calabria Sicilia —1
20 Campania Calabria +3

For each region in the 2019 ranking (baseline), the third column indicates the advancement (4), decrease

(-), or same position (=) in the 2022 ranking
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Fig. 8 Representation of the Italian regions normalized scores for 2019 and 2022 per gender (red line:
bisector)

dimensions was provided, extending the one proposed by Josse and Husson (2012) to Dis-
joint Principal Component Analysis.

The application of HierDPCA to study social sustainability highlighted significant
regional disparities across Italy, confirming that this phenomenon is shaped by a complex
interplay of factors, including education, cultural participation, well-being, and perceptions
of safety. The comparative analysis between 2019 (pre-COVID) and 2022 (post-COVID)
demonstrated that the pandemic impacted various dimensions of social and cultural life,
notably altering patterns of engagement and satisfaction. Regarding the ranking of the
Italian regions, Trentino-Alto Adige consistently ranked at the top, benefiting from strong
performances across most dimensions, while southern and insular regions like Campania,
Calabria, Puglia, and Sicilia steadily lagged behind. The post-pandemic context revealed a
shift in the composite indicator’s structure, emphasizing the growing importance of socio-
cultural engagement and personal well-being in shaping social sustainability. Gender-
specific analyses further illustrated distinct patterns, with males and females experiencing
different impacts on their social and cultural engagement, educational achievements, and
perceptions of safety, particularly due to the pandemic. This gendered perspective under-
scores the need for tailored policy interventions to address specific challenges faced by dif-
ferent demographic groups. Overall, the composite indicator developed in this study might
represent a valuable tool for policymakers, enabling a comprehensive understanding of the
various facets of social sustainability in Italy. Indeed, identifying specific latent dimensions
and broader ones, along with their quantification, provides insights into the key areas that
should be strengthened to promote an inclusive society in line with the goals of sustainable
development.

Finally, in this paper, we consider only continuous manifest variables. However, extend-
ing HierDPCA to include qualitative variables could be of interest for future studies and
may further enhance our understanding of the phenomenon of social sustainability.

Supplementary Information The online version contains supplementary material available at https://doi.org
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