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Abstract The concept of well-being has evolved over the last decades and
a multidisciplinary literature has acknowledged the multidimensional nature
of this phenomenon that encompasses different key dimensions. To give con-
cise measure of well-being, methodologies based on composite indices assume
relevance, for their capability to summarize the multidimensional issues, rank
the units and provide interesting analysis tools. This paper intends to make a
contribution to the efforts of assessing human and ecosystem well-being in the
Italian urban areas, by appreciating the spatial dimension of the elementary
indicators involved in the building process of the composite indicator. To this
end, we derive a set of local weights reflecting the spatial variability of data
through the Geographically Weighted PCA. Then, the analysis proceeds by
employing a unitary-input DEA model, also known as Benefit of Doubt (BoD)
approach, as a benchmarking tool for constructing a spatial composite indica-
tor to evaluate the well-being in the Italian urban areas. In such way, we can
take local peculiarities into account and identify the best performing cities
to follow as examples of good administrative practices for promoting urban
well-being. The approach followed in this specific study is applied empirically
with data from the Urban ‘Equitable and Sustainable Well-Being” (Ur-Bes)
project, proposed by ISTAT.

Keywords urban well-being · unitary input DEA · GW PCA · spatial
composite indicator

1 Introduction

Over the last decades, many studies have been focused on the measurement
of well-being and quality of life through theoretical and empirical research in
various disciplines (see, for an overview, Eger and Maridal, 2015).
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The estimation of the well-being that exists within a given society is a rather
complex task. Well-being is a multifaceted concept which can be viewed as the
outcome of compound interactions among a number of elements (Costanza et al.,
2009).
Research into this field has been approached in different ways. For many years
the Gross-Domestic Product (GDP) has been used as a proxy measure of
well-being and employed as a benchmark in assessing and comparing the de-
velopment of countries and regions. In spite of its extensive use, numerous
scholars have called growing attention about the limitations of GDP as a
simple and intuitive measure in guiding the progress of societies (Michalos,
2008; Larraz Iribas and Pavia, 2010; Costanza et al., 2009; Fleurbaey, 2009;
Stiglitz et al., 2009; UNDP, 2010; OECD, 2011). In fact, the GDP does not
provide a picture of other people’s dimensions of life, such as health, employ-
ment, social interactions and personal safety.
New impulse to the literature aimed at improving data and indicators which in-
tegrate the GDP has been added by a multidisciplinary academic debate in re-
thinking well-being. This has resulted in many projects, and prominent among
them are the United Nations Development Programme (UNDP, 2010), the
European Commission “GDP and beyond” (European Commission, 2009), the
OECD “Better Life” Initiatives, launched by the OECD in 2011 (OECD, 2011)
and the suggestions of the so-called Stiglitz-Sen-Fitoussi report (Stiglitz et al.,
2009).
Also, many initiatives around the world have been undertaken to improve
the measurement of well-being at sub-national levels, in regions and cities,
recognizing that the mix among well-being dimensions is unique to each com-
munity where people live. Specifically, over the years, there has been an in-
creasing attention on the value of linking urban environment and well-being
(Banai and Rapino, 2009; Insch and Florek, 2008).
The need of well-being assessment at urban level is relevant for a number of
reasons. Firstly, urban environments are multi-faced and change continuously
and dynamically. For instance, over half of the world’s population lives in ur-
ban areas and this proportion is projected to increase by 2% annually, so that
two billion of people are expected to be added to urban populations over the
next three decades (United Nations, 2014). With this rapid global urbaniza-
tion, cities are at the center of the sustainability agenda.
On one hand, the main driver of the urban population growth is the promise
of better life that cities may ensure for the majority of their citizens. In this
respect, Beaupuy (2005) argues that cities are the place where the future is
built: universities, research center and so on. Although cities provide residents
with a number of advantages, it is possible to enumerate the challenges posed
by the rapid urbanization, such as environmental stressors, health hazard,
inequalities in opportunities, income and access to services, insecurity, unem-
ployment and social exclusion.
Basically, the root of understanding well-being in regions and cities lies in the
intersection of well-being and public policy. Therefore, more fine-grained mea-
sures of well-being will help policy-makers to enhance the design and targeting
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of policies and improve their capacity to respond to the paramount and varied
needs of residents. In other terms, in the policy-making process the possibility
to rely on local well-being measures becomes essential when one moves from
a simple measurement perspective to an action-oriented one.
Accordingly, in literature, it is possible to find several examples of well-being
and quality of life evaluation in urban settings (Bai et al., 2012). Although
these studies characterized for having different purposes, most of them mainly
focus on the construction of composite comprehensive indicators for measuring
and evaluating urban well-being.
Following the place-based well-being literature, this paper sheds light on the
construction of a multidimensional urban well-being index for the Italian
Province capital cities and on assessing inequality among these Italian cities
in terms of their performance in promoting human and ecosystem well-being.
In this paper, the conceptual framework, providing grounds for understanding
well-being and what the dimensions and components of this concept are, is
that adopted by ISTAT within the “Equitable and Sustainable Well-Being”
project, whose Italian acronym, used hereafter, is BES (Istat, 2015).
This theoretical framework reflects the conceptual complexity of well-being
and is based on the model published by OECD (Hall et al., 2010). The BES
reference structure highlights the well-being dependence upon attributes spe-
cific to each person (e.g. health, education), clustered together as attributes
of human well-being, and on attributes shared with other people or revealing
the relations between them or how a society is peaceful, resilient, cohesive. All
of these factors can be clustered together as “social well-being”.
The BES framework is also predicated on the idea that well-being has to be
maintained or improved over space and time, for present and future genera-
tions, so that people have the conditions, opportunities and sufficient resources
to pursue their well-being goals.
Our case study considers the Italian Province capital cities as units of analysis
and employs the urban Bes (Ur-BES) report data, which refers to 64 particular
indicators, belonging to 11 dimensions, identified within the BES initiative .
In our analysis, a special focus is placed on the importance of surveying the
spatial dimension of the local well-being indicators and their related variables.
Most of the existing literature on the construction of composite indicators ne-
glects to consider the spatial heterogeneity of the units in the computation of
their relative composite indicators scores. As matter of fact, it could happen
that the value of a composite indicator may be more dependent on a certain
sub-indicator in a given location, and on another sub-indicator in a different
location. To ascertain this kind of spatial dependence can reveal useful for pol-
icy decision makers in tackling problems in an efficient way, and distinguishing
their causes at local level.
With regard to this research issue, we propose a two-step approach. Firstly,
for each well-being dimension we employ the Geographically Weighted (GW)
Principal Component Analysis (PCA). The GW PCA, introduced by Harris et
al. 2011, is deemed a local version of the traditional PCA, in that it takes into
account spatial variations across a study region and produces maps of spatial
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variations of each local principal component and local variance at each place.
This variant of global PCA is chosen for its merits in assessing the spatial
variability of each Ur-BES pillar data dimensionality and checking how the el-
ementary indicators influence the corresponding spatially-varying component.
In the second stage of our empirical procedure, the synthesis of Ur-Bes elemen-
tary indicators, obtained through the GW PCA, is included in a unitary-input
Data Envelopment Analysis (DEA) model, also known as Benefit of Doubt
(BoD) approach, to derive a spatial composite index. The employment of
DEA facilitates the ranking of the Italian Province capital cities according to
their efficiency in promoting equitable and sustainable well-being.
After this introduction, in Section 2, we focus on some theoretical issues re-
lated to composite indicators. Section 3 provides details of the theoretical back-
ground of the GW PCA technique, and presents the basic of DEA method,
as well as the specific model selected for the case study. In Section 4, the pro-
posed aggregation strategy is illustrated by constructing a spatial composite
urban well-being index for the Italian Province capital cities. The paper ends
with conclusions in Section 5.

2 Composite indicators: theoretical issues

In literature, composite indicators (CIs) are largely used to have a comprehen-
sive view on a phenomenon that cannot be captured by one single indicator.
The idea behind the CIs is that of combining multidimensional concepts and
variables into a single value. CIs provide a big picture of the phenomenon of
interest and facilitate the construction of a rank of the units under analysis,
usually countries, communicating, in a synthetic way, their performance level
(Saltelli, 2007). Thus, CIs have been widely advocated as useful tools, in a
wide spectrum of fields, for benchmarking purposes and for supporting deci-
sion processes.
However, the lack of a standard methodology underlying the construction of
CIs has generated a large debate in the scientific community about their use.
A critical assessment can be found in Freudenberg (2003), whereas a summary
of the pros and cons in using CIs is in Nardo et al. (2008) and in the Organi-
zation for Economic Co-operation and Development (OECD) (OECD, 2008).
In particular, the OECD and the Joint Research Centre of the European Com-
mission (JRC) provide guidelines for the CIs construction.
On conceptual grounds, the construction of CIs poses the challenge of defining
a robust theoretical framework, that implies to achieve a clear definition of the
multidimensional phenomenon at hand and the individuation of which factors
are relevant for it. In fact, the strength of a CI depends largely on the quality
and relevance of the elementary selected indicators.
In this stage, depending on if casuality moves from indicators to
multidimensional phenomenon (concept to define) or from the mul-
tidimensional phenomenon to indicators, it is possible to distinguish
a formative model versus a reflective measurement model, respec-
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tively (Diamantopoulos et al., 2008). The formative model implies
that correlations between indicators are not explained by the model
since indicators are not interchangeable; in contrast, the reflective
model relies on opposite assumptions.
From the empirical point of view, key issues in the process involved in the
construction of a CI are the normalization, weighting and aggregation steps of
the elementary indicators.
Through the normalization, the elementary indicators, expressed in
their own units, are transformed into pure, dimensionless numbers.
The conversion of different indices into the same scale can be done
in several ways. Ranking, standardization (or z-score), re-scaling
(min-max algorithm) and distance to a reference are, among others,
well-known normalization procedures. The different normalization
methods imply pros and cons and therefore they will have signifi-
cant effects on the construction of the composite index. The choice
by the analyst depends on data properties and the objectives of the
index it has to be constructed (Freudenberg, 2003). For instance,
for the normalization process, ranking is the simplest method, ro-
bust to outliers, albeit it does not allow to make any conclusion
about differences in performance since it eliminates information on
levels. Another rationale underlying the normalization lies in the
fact that this step guarantees a direct reading of values in terms
of phenomenon under study, so that an increase in the normalized
indicators corresponds to an increase in the composite index. Put
in other way, the normalization permits to take into account the
sign of the relationship between the indicator and the phenomenon
under study (the so-called “polarity”). In this respect, it is worth
noting that some indicators may be positively correlated with the
phenomenon to be measured (positive “polarity”) whereas others
may be negatively correlated with it (negative “polarity”).
In the construction of CIs also the weighting and aggregation steps require a
particular attention because they impact on the quality and reliability of the
resulting index. The weighting process consists in a meaningful assignment of
the weights to the variables involved in the definition of the overall CI.
Facing these issues, researchers have chosen different approaches. A simple
method is that of the assignment of equal weight to the different components
(Hagerty and Land, 2007). This decision is particular appropriate in absence
of an underlying theoretical framework, or when there is an insufficient knowl-
edge of the causal relationships between variables (OECD, 2008).
The weighting of variables can also follow a participatory approach based on
expert-driven techniques. In this respect, there are a variety of ways to sum-
marize experts’judgement, albeit it is becoming increasingly popular to resort
to multi-criteria methods (Saaty, 1980, 2001). Another methodological stream,
in the determination of weights, proceeds by means of statistical techniques,
e.g. factor analysis, principal component analysis (Nicoletti et al., 2000). The
main purpose of these methods is accounting for the highest variation in the
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data set, replacing the original variables with the smallest possible number of
factors or components that reflect the underlying “statistical” dimension of
the data set.
The weights can be also determined endogenously, without using exogenous in-
formation or personal preferences, deriving them directly from the data, adopt-
ing a data-driven approach. Data Envelopment Analysis (DEA) and Benefit
of Doubt (BoD) techniques are conventional ways to endogenously generate
weights.
The last step to be followed to develop a CI regards the definition of
a proper aggregation function to combine the elementary indicators
to form the composite index. Different aggregation methods are pos-
sible (OECD, 2008) and they differentiate according to the degree
of compensability or substitutability of indicators permitted, i.e. the
possibility of offsetting a disadvantage on some indicators by a suf-
ficiently large advantage on other indicators. For this reason, data
aggregation has always been a controversial topic in composite in-
dex construction (Saltelli, 2007; Mazziotta and Pareto, 2016). The
simplest and most widespread additive method, that is the linear
summation of weighted and normalized indicators, assumes a full
compensability among the different components whereas the geo-
metric aggregation, that implies the product of weighted indicators,
is a less compensatory approach since it attenuates the limits tied to
substitutability among indicators. As noticed in Munda and Nardo
(2009), weights in additive or geometric aggregation have the mean-
ing of substitution rate and do not indicate the importance of the in-
dicator associated. The attempt to interpret weights as importance
coefficients is achieved by using a non-compensatory multi-criteria
approach. The interested reader can refer to the work of Casini et al.
(2019) for a recent contribute for well-being assessment founded on
multi-criteria approach.
In reviewing the literature on the CIs construction we found that little atten-
tion is paid to the spatial dimension of the variables involved in the building
process and to their consequences in the assignment of weights. Environmental,
economic and social phenomena rarely take place uniformly in given conven-
tional borders. As a result, the location where data were collected might play a
crucial role in creating link among data values, their positions and their values
in the nearest location, leading to two important spatial effects: spatial het-
erogeneity and spatial dependence (Anselin, 1990). There are only few works
that improve the methodology for the construction of CIs by considering the
spatial dimension of information.
Fusco et al. (2018) propose a method to incorporate spatial heterogeneity in
the CIs building process relying on the BoD framework. The distinguishing
feature of their methodology is to recognize that the underlying observed dif-
ferences in CI scores may be attributed to a multitude of territorial conditional
variables.
Trogu and Campagna (2018) introduce a spatial extension of the methodol-
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ogy recommended by OECD/JRC for constructing CIs, by replacing the tra-
ditional multivariate analysis with GW PCA, in order to derive a set of local
weights based on the spatial variability of data.
Also in this paper, we propose an approach based on GW PCA to
develop a spatial composite index for human and ecosystem well-
being and in the next section we will delineate the necessary steps
to obtain the resulting index for the Italian Provincial Capitals.

3 The spatial based approach for urban well-being CI construction

Our study proceeds along the lines of research delineated in Section 2 and
relies on a combined approach, rooted in GW PCA and DEA to derive a
spatial composite index for assessing the well-being in the Italian urban areas.
The first step towards the construction of a spatial composite index for urban
well-being is to use the GW PCA to reduce the the dimensionality of Ur-
Bes elementary indicators. Next, the profiling of Italian Province capital cities
well-being efficiencies is achieved by means of a BoD model. In what follows,
we introduce both GW PCA and DEA-BoD techniques.

3.1 Geographically Weighted PCA

As discussed before, during the process of construction of a composite in-
dex, multivariate statistical methods can be used in the phase of variables
weighting. These methods enjoy the benefit of no requiring prior assumptions
on the weights of the different dimensions. In the weighting of CIs the most
used multivariate techniques are Factor analysis and PCA (Booysen, 2002),
and Tabachnick and Fidell (2007) recommend to use the latter when the re-
searcher’s goal is to obtain an empirical summary of the data set that explain
the maximum variance with a unique mathematical solution.
Here, we propose a parsimonious summarization of well-being sub-indicators
within each pillar of Ur-Bes through the GW PCA.
GWPCA is a local spatial form of the PCA, firstly implemented by Harris et al.
(2011), able to provide locally derived sets of principal components for each
location, to account for spatial heterogeneity. The extension of the basic PCA
model to encompass geographic effects requires the supposition that there are
regions of the geographic space in which distinct PCA models apply. In our
study, dealing with the construction of composite index for each urban well-
being dimension for the Italian Province capital cities, this means that despite
the employment of the same variables across the Italian peninsula, they may
have different local importance because of the probable presence of spatial
heterogeneity.
To obtain geographically weighted principal components, the starting point
is the admittance that the elementary indicators have an associated location,
that may cause spatial effects, that is spatial heterogeneity and spatial auto-
correlation (Demšar et al., 2013). Accordingly, we assume that the vector of
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observed well-being variables at location i has a multivariate normal distribu-
tion, with mean vector µ and variance-covariance matrix Σ (xi ∼ N (µ,Σ)).
The mean vector µ and variance-covariance matrix Σ are now function of lo-
cation i, with coordinates (u, v). This implies that each element of the mean
vector and the variance matrix is, in turn, function of position and are ex-
pressed as µ(u, v) and Σ(u, v), respectively.
The geographically weighted principal components are obtained through the
decomposition of the geographically weighted variance-covariance matrix:

Σ(u, v) = XTW(u, v)X (1)

where W(u, v) is a diagonal matrix of weights. As for any geographically
weighted methods, diverse kernel functions (gaussian, exponential, bi-square)
can be employed to generate the diagonal matrix of weights, under the control
of a parameter known as bandwidth.
The local principal component at location (ui, vi) can be written as:

L(ui, vi)V(ui, vi)L(ui, vi)
T = Σ(ui, vi) (2)

where L(ui, vi) is the matrix of the geographically weighted eigenvectors and
V(ui, vi) is the diagonal matrix of the geographically weighted eigenvalues.
For p variables, the GW PCA provides p components, p eigenvalues, p set of
component loadings and p set of component scores for each data location in
the study area.
For the GW PCA is possible to specify a robust version to compress the ar-
tificial effects that outliers may have on local data structure. In the robust
framework GW PCA, each local covariance matrix is estimated using the ro-
bust minimum covariance determinant (MCD) estimator (Rousseeuw, 1985).
The GW PCA results can be mapped to identify the spatial variation in mul-
tivariate data composition and inform on the complexity and local intrinsic
dimensionality of the data.
Before proceeding to interpreting local relationships between original variables
at each location, it is essential to ascertain if eigenvalues vary significantly
across space and, hence, if there is any spatial non-stationarity present in
the data matrix. To this end, a Monte Carlo test (Hope, 1968) is performed
and a significance level computed from a large number of randomized distri-
butions. Differently from GWR, for the local PCA, until now, there are no
available diagnostics to judge whether it provides a significant benefit over its
global counterpart. Full technical details underlying GW PCA are described
in Harris et al. (2011).

3.2 DEA-CI Model

DEA, which was pioneered by Charnes et al. (1978), has been traditionally
employed as a performance evaluation methodology to measure the so-called
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relative efficiency of organizational homogeneous units, termed Decision Mak-
ing Units (DMUs), within production contexts, characterized by multiple out-
puts and inputs. DEA uses linear programming methods to determine how
well a DMU converts a set of inputs into a set of outputs. Specifically, this
technique compares the resources used (inputs) and the quantities produced
(outputs) of a DMU to the levels of other units, and the result is the con-
struction of an efficient frontier. In such way, it is established a dichotomous
classification between efficient and inefficient units: the DMUs lying on the
frontier, achieving a unitary score, are technically efficient, whilst the others,
with scores less than unity, are technically inefficient.
A variety of forms of the DEA model have been proposed in litera-
ture. The most common DEA models are the CCR (Charnes et al.,
1978), which works with constant return to scale (CRS), and the
BCC (Banker et al., 1984), which, instead, presupposes variable returns-
to-scale (VRS). In the case of CRS model it is assumed a propor-
tional increase (or decrease) of the outputs compared to an increase
(or decrease) in inputs. Instead, DEA models are referred as VRS
models when there is a greater increase (or decrease) of the outputs
compared to a proportional increase in the inputs (or decrease) or
when there is smaller increase (or decrease) of the outputs com-
pared to a proportional increase (or decrease) in the inputs. Be-
sides, the DEA models can be input or output oriented and the
choice depends on the context of performance evaluation and the
DMUs purposes. With input-oriented DEA, the linear programming
model is configured so as to determine how much the input use of a
DMU could contract if used efficiently in order to achieve the same
output level. In contrast, with output-oriented DEA, the linear op-
timization is configured to maximizes outputs without requiring an
expansion of any of the observed input values, to achieve the full
efficiency. A taxonomy and a general model framework can be found
in Cook and Seiford (2009).
During the last decades the scope of DEA has broadened consid-
erably. In particular, this technique has been used in many decisional situa-
tions related, for instance, to education, health, financial institutions, sports.
In this regard, Emrouznejad and Yang (2018) provide an extensive listing of
DEA-related articles.
In DEA literature, it has been appreciated the conceptual similarity between
the original problem, that is the measurement of each DMU relative efficiency,
given the observations on inputs and outputs in a sample of peers, and the
one of constructing CIs.
Despotis (2005a) highlights that the appealing feature of the DEA of being a
data-oriented technique, where weight are endogenously determined, turns out
useful in the field of CIs. In fact, DEA guarantees that a poor performance of
a DMU cannot be attributable to a given weighting scheme. In other words,
each DMU is put in the most favorable light as any other set of weights would
yield a lower composite score. Therefore, the lack of consensus on an
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appropriate weighting scheme in the typical CI-context justifies the
adoption of this data-oriented weighting method which represents a
deviation from common practices in the CIs construction.
The application of DEA to the field of composite indicators is tra-
ditionally named as Benefit of Doubt (BoD) approach. This method
was originally used by Melyn and Moesen (1991) in the context of
macro-economic performance evaluation. The underlying intuition
of BoD method is that a good relative performance of a unit in a
particular dimension means that this unit considers that dimension
as relatively important. Equally, a poor performance indicates that
a unit attaches less relative importance to that dimension. As high-
lighted by de Witte et al. (2013), unlike standard DEA, BoD exclu-
sively focuses on aggregating outputs. It can be easily verified that
the BoD model is like a DEA model with “dummy inputs” equal for
all units and the indicators as outputs (Cherchye et al., 2007). Other
than the consideration that the weights implemented for each indi-
cator vary from unit to unit and they are the most advantageous for
each unit, other valuable remarks arising from the BoD application
in the context of CIs are that the aggregation between indicators is
done as a linear combination and the index obtained is related to
the units analyzed and ranges from 0 to 1.
The implementation of DEA methods to constructs CIs can be found in
different studies in which DEA-based CIs have inter alia been used to as-
sess environmental performance (Färe et al., 2004), macro-economic perfor-
mance (Ramanathan, 2006), sustainable energy (Zhou et al., 2007), technology
achievement (Cherchye et al., 2008) and road safety performance (Hermans et al.,
2009; Shen et al., 2010).
Furthermore, DEA has greatly contributed to construct CIs for hu-
man development. The properties of DEA as a powerful aggregation
tool have been exploited for the first time to evaluate the quality of
life by Hashimoto and Ishikawa (1993). After the above-mentioned
work, there have been other experiences involving the application
of DEA to human and social development.
Among these researches, the prominent papers that rely on DEA-
BoD are those of Despotis (2005a,b), Zhou et al. (2010), Murias et al.
(2006), Guardiola and Picazo-Tadeo (2014). Anyway, a structured
literature review focusing on human development and DEA is pro-
vided in Mariano et al. (2015). In our case, to introduce DEA as a tool
for constructing urban well-being composite indicator, we consider n entities,
the Italian Province capital cities, for each of them m indicators are available.
To be in line with the standard DEA jargon, we also refer to indicators as out-
puts. We denote with yij the value of indicator i in the province j. In order to
provide an aggregated performance score for each capital Province j in terms
of well-being outputs, we consider the following linear programming problem:
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CIj = max
∑n

j=1
yijwi

s.t
∑n

j=1
yikwi ≤ 1 ∀k = 1, ..., n

wi ≥ 0 ∀i = 1, ...,m

From above, it results that all weights are required to be positive. Also, in
the objective function the weights, automatically derived, have to guarantee
that no capital Province city achieves a value greater than unity. In such way,
we obtain an intuitive interpretation of the CI, whose values are in the range
[0,1], with higher values indicating better relative performance.
The assumptions underlying this specific analysis are the variable
returns-to-scale (VRS) and the output-oriented approach. In this
latter regard, as pointed out by Despotis (2005a), it should be noticed
that the above linear programming is, indeed, conceptually equivalent to per-
form an output-oriented DEA model with constant inputs. More exactly, the
indicators represent the different outputs and a single “dummy input”, with
unitary value, is assigned to each city. Lovell et al. (1995) and Cherchye et al.
(2007) emphasize the appropriateness of a DEA model with only outputs and
a single unitary input to deal with situations in which one does not have
the classic production model but one can only rely on secondary variables,
obtained as rates or combinations of primary variables.

4 Urban well-being in Italy: the case of Provincial Capitals

To evaluate the relative efficiency of Italian Province capital cities in promot-
ing human and ecosystem well-being, we refer to the Ur-Bes framework which
appraises well-being by a great deal of variables, belonging to eleven different
dimensions. It is worth noting that unlike the national BES project, in the
urban initiative the subjective well-being is not measured at all.
Owing to the data unavailability and missing values, our analysis is restricted
to 103 Province capital cities and takes into account eight out of eleven do-
mains of the original Ur-Bes dataset. In particular, we focus on the follow-
ing domains: “Health”, “Education and Training”, “Work and Life Balance”,
“Economic well-being”, “Social Relationships”, “Security”, “Landscape and
Cultural Heritage”, “Environment”. The list of the elementary indicators avail-
able at NUTS3 (provincial) level is provided in Table 2, displayed in the
Appendix.
According to the method described in the previous section, we first compute
a spatial composite index for each Ur-Bes dimension, exploiting the weights
extracted from GW PCA.
GW PCA analyses were performed in R, utilising the GWmodel package
(Gollini et al., 2015; Lu et al., 2014). Before the application of the GW PCA,
the original set of indicators have been normalized to a common, comparable,



12 **

unitless scale using a max-min method. The linear transformation obtained
through the normalization of individual variables preserves the ranking and
correlation structure of the original data (Tran et al., 2010).
In the analysis, we used a bi-square kernel function with adaptive bandwidths,
whose sizes are selected via cross-validation (Farber and Páez, 2007). Such
specification tends to provide outputs that vary smoothly over space, with the
useful property that the weight is zero at a finite distance. Besides, the cal-
ibration of GW PCA with adaptive bandwidths is required to suit irregular
sample configurations.
The output of GW PCA returns both local change in the structure of mul-
tivariate data and how the original well-being indicators influence the local
principal components retrieved for each Ur-Bes pillar.
To highlight how the results of analysis are affected by spatial effects, both the
conventional PCA and its local version (GW PCA) were separately applied to
the selected domains of Ur-Bes framework.
Using the global PCA, it was possible ascertain that for the majority of di-
mensions the first two components can collectively explain more than 70% of
the total variances, as shown in Table 3 provided in the Appendix.
Albeit the global PCA has its merit in dealing with comprehensive and com-
plex data sets, the standard version ignores any spatial variation across a study
area. In fact, PCA related outputs are whole map statistics which are unable
of capturing local characteristics.
By plotting the scores of first component for each Ur-Bes pillar, we observe
that their spatial distributions exhibit a certain degree of geographically clus-
tering trend across the Italian peninsula. The correspondent maps are shown
in the Appendix. Specifically, there is a strong spatial differentiation between
the positive and negative principal component scores, recorded in the North
and the South part of the country, respectively. As a further analysis, we car-
ried out the Moran I test for the two first global components scores. In general,
the results of Moran I test (see Table 4 in the Appendix) reveal a statisti-
cally positive spatial autocorrelation for both the components we considered,
leading to reject the hypothesis that principal components scores express a
random spatial pattern.
Accordingly, it is crucial to extricate the detailed local variations by means
of GW PCA. GW PCA has the benefit to distinguish regions in the
geographic space in which different and distinct PCA have to be
performed. The spatial nature of GW PCA enables to map the spatial vari-
ations of each local component. Besides, the use of GW PCA ensures that the
percentage of the total variance explained is returned for each spatial unit.
Figure 1 shows, for each pillar, the localized proportion of the total variance
(PTV) for the robust GW PCA. The PTVs maps reveal that the spatial pat-
terns in the proportion of the explained variance vary significantly across the
study region, allowing, in such way to highlight urban differences.
In general, for the majority of the urban well-being domains the highest PTVs
are located in the Province capital cities of the Southern Italy. Some exceptions
are recorded for the “Security” pillar, for which the PTVs data are lower in
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the Province capital cities of Central Italy. The spatial clustering trend for the
variance values (Figure 1) suggests that the interactions among the selected
urban well-being indicators converge spatially. In the areas characterized by
highest PTVs it is sensible to assume a major correlation (or local collinearity)
among well-being data, thereby not all Ur-Bes indicators should be considered.
To extricate how each Ur-Bes elementary indicator influences a given dimen-
sion, it is possible to map, the “winning variable”, that is the variable with
the highest loading value (Lloyd, 2010).
Previous to interpreting the localized PCA, we carried out a significance anal-
ysis to diagnose if there is any spatial heterogeneity in the distribution of
indicators across the study region. A significance test has been performed for
the first principal component of the Ur-Bes dimensions; results of Monte Carlo
test confirm the presence of spatial heterogeneity for all dimensions.
In what follows, we present the findings obtained retaining only the first com-
ponent, accounting for a substantial proportion of the variability in the original
data (Figure 2). It should be noted that, owing to the large number of spatial
units involved, the calibration of GW PCA in R environment does not allow to
automatically detect the variable with the highest loading value, the so-called
“winning variable”. As a feasible compromise, we consider the use of the vari-
able loadings of the first components, which explain a large part (more than
70% for all urban well-being domains) of total variance of the data.
Looking at the robust outputs for the domain “Health”, the thematic maps
of the local principal components reveal multifaceted geographical variations
in the variables with the largest loadings. From GW PCA robust results, we
see that first component is mainly represented by the age-standardised cancer
mortality rate (19-64 years old) in the Province capital cities of Piemonte and
Trentino Alto Adige; by life expectancy at birth (male) in most cities of central
Italian regions and in Sardinia, and by life expectancy at birth (female) and
mortality rate for road accidents (15-34 years old) for the Southern Province
capital cities.
By mapping the spatial variation of the first local component of the “Education
and Training” domain, we find out that it mainly considers the participation
to primary school and this elementary indicator dominates in most urban ar-
eas, with some exceptions for a number of Province capital cities of Calabria
and Sicily, where the leading variable is represented by the early leavers from
education and training, aimed to capture the problem of school dropout.
For ‘Work and life balance” pillar we observe a lesser geographic variation in
the influence of each variable on the first component: for the majority of cities
the dominant variable is the employment rate of women.
Focusing on the “Economic well-being” dimension, the map of robust GW
PCA results indicates some geographical differences in the highest absolute
loadings. In particular, in the Italian Northern Province capital cities the win-
ning variable on the first local component is households with suffering bank
debts, while in the Central area of study region the dominant indicator is re-
lated to the per capita adjusted disposable income; finally in the Southern cities
the most influential variable is linked to quality of dwellings.
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As for the “Social relationships” dimension, we record that in the Northern
Italian Province capital cities the first local component is characterized by the
disseminations of no-profits institutions and by the number of paid workers
in local units of social cooperatives ; in the urban areas of the South of Italy
determinant for this component is the presence of social cooperatives.
Moving to analyze the results for the “Security” domain, we observe geograph-
ical variations in the indicators selected for having a picture of crime. On the
basis of the winning variable for first local component, we are able to discrimi-
nate the Northern spatial units, where the dominant variable is represented by
the number of burglaries, from the Southern provinces, for which the relevant
indicator is linked to the homicide rate.
The presence of spatial differences is also confirmed for the “Landscape and
cultural heritage” pillar. In the provinces of Northern Italy, the winning vari-
able is related to the conservation of historic urban fabric; conversely, in the
Central and Southern urban areas determinant is the influence of the variable
associated to the fruition of museums.
Finally, we focus on the “Environment” domain. We see that for the robust
GW PCA, the “winning variable” in the Northern cities is the indicator re-
lated to the exceeding of the daily limit for the protection of human health for
PM10 ( ; whereas, in the Central and South part of Italy mostly dominant is
the variable describing the drinkable water supplied every day per capita.
Within each pillar, the set of well-being elementary indicator is combined
through the GW PCA, exploiting the advantageous property of accounting
for local differences in the spatial scale of variations of the utilized indicators.
Through this spatial version of PCA we achieve the loading for each variable
in each of 103 locations of the spatial model. Once weights are obtained for
each variable in each location, the spatial composite indicator for the urban
well-being dimensions, has been computed as the weighted sum (linear combi-
nation) of the variables, location by location. For the arising composite indices
a data transformation has been undertaken to respect their positive o negative
linkages with equitable and sustainable well-being and assure strictly positive
data.1

In the second stage of the analysis, the overall well-being index is obtained via
DEA-BoD, with entities defined only by outputs. DEA is applied to eval-
uate and compare the relative efficiency of Italian Province capital cities in
promoting well-being. Table 1 shows the efficiency scores and ranking levels of
the Italian Province capital cities. Efficiencies are between 78.8 % and 100%
while the mean efficiency is 97.2 %. For thirty-four cities we record a well-being
efficiency score which is below average. A large number of efficient cities are
located in the North and Central part of Italy; among the provinces of South
achieve the highest level in the ranking Taranto, Enna, Ragusa, Palermo, Tra-
pani, Caltanisetta and Oristano. In the last positions of the ranking we find
Napoli, Salerno, Foggia, Bari, Benevento, Isernia, Caserta, Ascoli Piceno, Chi-

1 We adopted a min-max transformation in a continuous scale from 70 (minimum) to 130
(maximum), which represents the range of each indicator over the given time period.



Title Suppressed Due to Excessive Length 15

eti, Macerata and Agrigento.
Our results can act as vehicle for policy makers, spur public sup-
port and create a mechanism for prioritizing resources. For instance,
the capability of GW-PCA to extract the local importance of a cer-
tain indicator by means of the local variable loading, gives insights
on local determinants of wellbeing. From a planner’s point of view,
knowledge on the spatial structure of data can be used to shape local
policy priorities. For this specific study, as previously observed, we
found out that some Province capital cities in the South have a clear
disadvantage in terms of early leaving from education and training.
Accordingly, education authorities should strive to address the un-
derlying factors of this phenomenon which, as known, translates into
a reduced opportunities in the labour market and an increased like-
lihood of unemployment, socio-economic inequalities, health prob-
lems, as well as reduced participation in political, social and cultural
spheres. Abundant research indicates that strategies to tackle and
combat early leaving from education and training should include
prevention, intervention and compensation policies. On the other
hand, it is easy to understand that the characterization and identi-
fication of specific well-being drivers and the way they accumulate
in a given area would missing using global multivariate analysis.
The usage of global PCA for the dimension at hand (the education
pillar) would have only revealed the leading role of the elementary
indicator associated to early leavers for the whole country, mask-
ing the geographic heterogeneity that might exist between variables
over space. This, in terms of policies, would means a less coherent
and focused strategies to improve outcomes well-being delivery.
Similarly, another clear example of policy implications arising from
our study, can be inferred for the security domain. Taking the spatial
characteristics of data into account, we found out that the homicide
rate is the driver of that domain in the Southern urban areas. It
is well known that crime has direct and huge long-lasting effects
on victims as well as economic and social consequences, such as
the erosion of human and social capital, a worse business climate.
As a result, it is desirable to bring down homicide rates. To this
end, potential decision-makers should target interventions backed
by sustained engagement and trust between communities and law
enforcement. As before, these local peculiarities cannot be captured
through the lens of global analysis. In terms of efficiency ranking,
one can interpret the overall spatial composite indices for each ur-
ban context as useful tools for evaluating areas where human and
ecosystem well-being inequalities are accumulating.
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5 Conclusions

This study has proposed a spatial composite indicator of urban well-being
which can provide objective measures to decision makers and insights on how
cities are governed and regulated.
The research we conducted has the merit to evaluate and compare the Italian
Province capital cities well-being according to different perspectives. Specif-
ically, to evaluate the relative efficiency of Italian Province capital cities in
promoting human and ecosystem conditions, we have gone through two differ-
ent steps of analysis.
Initially, we looked at each city emphasizing the driving elementary indicators
for the Ur-Bes dimensions and taking into account the spatial effects that may
occur among the involved variables. To this end, we exploited the advantage of
employing the GW PCA to understand the spatial dimension of the data. Our
approach has the potential to give proper attention to the spatial dimension of
variables which characterize the urban well-being pillars, highlighting in this
way the spatial differences in values of a given elementary indicator for the
probable presence of spatial heterogeneity.
From GW PCA results, it can be concluded that there is the presence of
different spatial relations among indicators, depending on the place, with con-
sequently varying importance in contributing to the overall index.
Our empirical study confirms the presence of heterogeneity between Northern
and Southern capital cities. Among the specificities arising from the analysis,
it is worth underling the leading role, for the education index, that the rate
of early leavers from education and training play in most cities of Sicily and
Calabria. Analogously, significant spatial divergences also characterize almost
all the dimensions of well-being considered. Overall these results, confirm that
the urban well-being divide in Italy is as important as the economic gaps,
suggesting to give more attention in public policies to the well-being features
of the Italian progress.
In the second stage of analysis, by using a BoD model to construct a com-
posite indicator of urban well-being, we reduce subjectivity in the process
involved in the building of this overall measure because the weights that best
support the cities in the analysis are not driven by a prior choice but they are
endogenously decided. Results arising from this study provide comparable in-
formation on urban areas and interesting opportunities in terms of usefulness
to policy makers and local policies aimed at increasing citizens’ well-being. Lo-
cal managers can rely on synthetic information on urban well-being valuable
to understand the strengths and weakness of their cities and to optimize the
allocation of territorial resources and, in general, to make more robust and
and more effective decisions.
Finally, it should be noted that the results of cities performance assessment
here presented is obviously different from that obtained in our previous work
on the same data (Authors,2018) where other assumptions, mainly in terms
of weighting system and spatial effects, have been adopted. In this respect,
we believe that embedding the spatial dimension on the construction of a CI
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enables to obtain a more robust representation of the area under study and
more insightful findings for local policy-making.
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Table 1 Efficiency scores

Province Capital citiesEff. ScoreRank Province Capital citiesEff. ScoreRank
Torino 0.982 24 Mantova 1 1
Vercelli 1 1 Bolzano / Bozen 0.964 43
Novara 0.948 53 Trento 0.998 4
Cuneo 0.981 26 Verona 1 1
Asti 0.992 12 Vicenza 1 1
Alessandria 1 1 Belluno 0.952 50
Aosta 0.999 2 Treviso 0.949 52
Imperia 1 1 Venezia 0.971 39
Savona 1 1 Padova 0.954 48
Genova 1 1 Rovigo 0.998 3
La Spezia 0.971 37 Udine 0.954 47
Varese 0.947 54 Gorizia 0.975 33
Como 0.994 9 Trieste 0.993 10
Sondrio 1 1 Piacenza 1 1
Milano 0.971 38 Parma 0.956 46
Bergamo 1 1 Reggio nell’Emilia 0.987 18
Brescia 1 1 Modena 0.995 8
Pavia 0.981 25 Bologna 1 1
Cremona 0.979 28 Ferrara 1 1
Ravenna 1 1 Bari 0.915 61
Forl̀ı-Cesena 0.986 21 Taranto 1 1
Pesaro e Urbino 1 1 Brindisi 0.987 20
Ancona 0.965 42 Lecce 0.991 14
Macerata 0.794 67 Potenza 0.979 29
Ascoli Piceno 0.826 65 Matera 0.952 51
Massa-Carrara 0.989 16 Cosenza 0.943 56
Lucca 1 1 Catanzaro 0.942 57
Pistoia 1 1 Reggio di Calabria 0.953 49
Firenze 1 1 Trapani 1 1
Livorno 1 1 Palermo 1 1
Pisa 0.991 13 Messina 0.965 40
Arezzo 1 1 Agrigento 0.788 68
Siena 1 1 Caltanissetta 1 1
Grosseto 1 1 Enna 1 1
Perugia 0.976 31 Catania 0.998 5
Terni 0.977 32 Ragusa 1 1
Viterbo 0.993 11 Siracusa 0.972 35
Rieti 0.987 17 Sassari 0.974 34
Roma 1 1 Nuoro 0.965 41
Latina 0.983 23 Cagliari 0.956 45
Frosinone 0.971 36 Pordenone 0.99 15
Caserta 0.863 64 Isernia 0.875 63
Benevento 0.9 62 Oristano 1 1
Napoli 0.935 58 Biella 1 1
Avellino 0.962 44 Lecco 0.981 27
Salerno 0.933 59 Lodi 0.997 6
L’Aquila 0.987 19 Rimini 1 1
Teramo 0.997 7 Prato 0.976 31
Pescara 1 1 Crotone 0.946 55
Chieti 0.826 66 Vibo Valentia 1 1
Campobasso 0.983 22 Verbano-Cusio-Ossola 1 1
Foggia 0.932 60
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Fig. 1 Robust PTV data for the first two local components for each Ur-Bes domain
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Highest abs. loading on local Comp.1 (robust)

cancer mort.rate
mortality rate dementia
life expect. male
life expect. female
mortality rate road accid.
infant mortality rate

Education

Highest abs. loading on local Comp.1 (robust)

part.prim.sch
early leavers from educ.
level of literacy
neet

Work and life balance

Highest abs. loading on local Comp.1 (robust)

employm_rate female
incidence rate
employm_rate
non−particip.rate

Economic well−being

Highest abs. loading on local Comp.1 (robust)
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hous. with suffer. bank debts
adjust.dispos.income
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Landscape and cultural heritage

Highest abs. loading on local Comp.1 (robust)

libraries
historic urban fabric
museums

Environment

Highest abs. loading on local Comp.1 (robust)

drink. water disp.
air qual.
cars Euro4
urban green areas

Fig. 2 Robust GW PCA results for the winning variable on the first component for each
Ur-Bes domain
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Table 2 List of elementary indicators for each domain and their expected effect on well-being

Dimension Indicator Polarity
Life expectancy at birth (male) (year 2011) +

Health Life expectancy at birth (female) (year 2011) +
Infant mortality rate (year 2011) -
Mortality rate for road accidents (15-34 years old) (year 2011) -
Age-standardised cancer mortality rate (19-64 years old) (year 2011) -
Age-standardised mortality rate for dementia and -
related illnesses (people aged 65 and over) (year 2011)

Education and training Participation primary school (year 2011) +
Participation in upper secondary education (year 2011) +
Participation in tertiary education (19-25years old) (year 2011) +
Early leavers from education and training (year 2011) -
Young people who do not work and do not study (year 2011) -
Level of literacy (year 2011) +
Level of numeracy (year 2011) +
Employment rate of people 20-64 years old (year 2011) +

Work and life balance Non-participation rate (15-74 years old) (year 2011) -
Incidence rate of fatal occupational injuries or injuries leading to permanent disability (year 2011) -
Employment rate of women with and without children(year 2011) +
Per capita adjusted disposable income (year 2011) +

Economic well-being Distribution of IRPEF incomes (year 2011) +
Quality of dwellings (year 2011) +
Number of people in workless households (year 2011) -
Households with suffering bank debts (year 2011) -
Volunteers in no-profit organizations (per 100 residents aged 14+) (year 2011) +

Social relationships No-profit organizations (year 2011) +
Social cooperatives (year 2011) +
Number of paid workers in local units of social cooperatives (year 2011) +

Security Homicide rate (year 2011) -
Burglaries (year 2011) -
Pickpocketing (year 2011) -
Robberies(year 2011) -

Landscape and cultural heritagePresence of historic rural landscapes (year 2011) +
Conservation of historic urban fabric (year 2011) +
Libraries (year 2011) +
Museums (year 2011) +
Visitors of libraries (year 2011) +
Visitors of museums and similar institutions (year 2011) +
Drinkable water supplied every day per capita (year 2011) +

Environment Exceeding of the daily limit for the protection of human health for PM10 (Maximum number) (year 2011) -
Urban parks and gardens (year 2011) +
Protected Natural Areas (year 2011) +
Urban green areas (year 2011) +
District heating (year 2011) -
Noise pollution (year 2011) -
Cars with Euro-4 standard (year 2011) +



Title Suppressed Due to Excessive Length 29

Table 3 Results of global PCA analysis by retaining the first two components

Health Education and training

Comp.1 Comp.2 Comp.1 Comp.2

Eigenvalues 2.270 1.208 3.923 1.382
Proportion of variance 0.378 0.201 0.561 0.197
Cumulative proportion 0.378 0.58 0.561 0.758

Work and life balance Economic well-being

Comp.1 Comp.2 Comp.1 Comp.2

Eigenvalues 2.085 0.969 3.329 0.941
Proportion of variance 0.521 0.242 0.666 0.188
Cumulative proportion 0.521 0.763 0.666 0.854

Social relationships Security

Comp.1 Comp.2 Comp.1 Comp.2

Eigenvalues 2.300 1.005 1.692 1.262
Proportion of variance 0.575 0.251 0.423 0.315
Cumulative proportion 0.575 0.826 0.423 0.739

Landscape and cultural heritage Environment

Comp.1 Comp.2 Comp.1 Comp.2

Eigenvalues 2.256 1.066 1.902 1.184
Proportion of variance 0.376 0.178 0.317 0.197
Cumulative proportion 0.376 0.554 0.317 0.514

Table 4 Results of Moran I test for the first two components scores

PC1 PC2

Moran I p-value Moran I p-value

Health 0.635 <0.0001 0.339 <0.0001
Education 0.769 <0.0001 0.417 <0.0001
Work and life balance 0.761 <0.0001 0.287 <0.0001
Economic well-being 0.883 <0.0001 0.216 <0.0001
Social relationships 0.769 <0.0001 0.375 <0.0001
Security 0.607 <0.0001 0.420 <0.0001
Landscape and cultural heritage 0.679 <0.0001 0.406 <0.0001
Environment 0.661 <0.0001 0.001 0.4382
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Global PCA: spatial variation of 1st component

Health

Global PCA: spatial variation of 1st component

Education

Global PCA: spatial variation of 1st component

Work and life balance

Global PCA: spatial variation of 1st component

Economic well−being

Global PCA: spatial variation of 1st component

Social relationships

Global PCA: spatial variation of 1st component

Security
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Global PCA: spatial variation of 1st component

Landscape and cultural heritage

Global PCA: spatial variation of 1st component

Environment

Fig. 3 Spatial distribution of first component. (Blue points positive values-red points neg-
ative values)
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