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Abstract. The analysis and selection of indicators of well-being and quality of life play an
important role especially at local level where they are indispensable for policy makers to
identify the major economic and social problems and also to design, implement and
evaluate intervention policies. In this paper a multi-step procedure based on a series of
statistical analyses, involving local area at different levels, is suggested with the aim of
identifying an adequate number of indicators, of determining the specific aspects that
influence the dimensions of well-being and quality of life on which the intervention policies
should focus and of identifying which of the sub-areas need more attention. By using
regional and provincial data for Italy, we found interesting results which demonstrate the
potential of the proposed procedure.

Keywords: Well-being and quality of life, Local level, Spatial statistics, Quantile regression.

1. INTRODUCTION

There are many reasons for measuring well-being and quality of life (WB-QL)2 not
only at national level but also at regional and local level within a country by using

1 Tiziana Laureti, email: laureti@unitus.it
2 The term “quality of life is used in this paper in reference to those aspects of life that shape

human “well-being besides economic resources. What constitutes a “good life has interested
leading philosophers since Aristotle, and a multitude of definitions are given in literature, each
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a specific set of objective and subjective indicators (Fitoussi et al., 2009; Gruen et
al., 2011; Biggeri, 2011).

The construction and the analysis of these indicators play an important role
especially at local level where they are indispensable for policy makers. They
should use them in order to obtain a good knowledge and a better understanding of
the situation of the area in which they operate, to identify inhabitants’ major
economic and social problems and to design, implement and evaluate intervention
policies (Steuer and Marks, 2008).

Indeed, people build their sense of well-being by interacting with their local
community and neighbourhood (Russ-Eft, 1979), and when citizens are surveyed
about their well-being, they refer to the place in which they live and work. For this
reason, personal opinions, which are used to construct subjective indicators, are less
representative when they refer to larger territorial areas. Moreover, citizens can
only comprehend the indicators related to phenomena and issues that affect them
directly and for which they can carry out the social control of the intervention
policies and evaluate their effectiveness.

Therefore, it is essential to identify adequate and shared indicators at specific
territorial levels. In other words, it is necessary to determine which indicators of
local well-being are sufficiently accepted, robust and relevant to be able to play a
key role in policy making in each local area as well as to inform citizens and
decision-makers on the social progress achieved in the area in which they live. To
this aim, it is essential to enact a process which can involve the stakeholders and
which applies adequate statistical methods to the selection of the indicators. In this
process, the role of local stakeholders is not limited to the choice of WB-QL
indicators and their processing but also to participate in the development of a
framework defining at a theoretical and empirical level what local WB-QL is, and
identifying the main dimensions to be considered as well as the indicators to be
used. A bottom-up approach is important in this phase to ensure that the framework
is relevant to the society whose progress it intends to measure. To such an aim, a
local round table with a multitude of social actors involved in the process,
representing academia, policy makers, citizens, trade unions and the business
community, can be organized.

corresponding to a different philosophical perspective. However,  the idea that well-being is
a multidimensional concept, encompassing both material and immaterial aspects of well-
being, has by now become well-established in the academic and policy-oriented literature
(Fitoussi et al., 2009; Hall et al. 2010).
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Then, it is necessary to measure the phenomena and construct the indicators
that express the key facets of local WB-QL3. Once a set of indicators has been
constructed, local policy makers need tools to help them choose those indicators
that are the most appropriate to highlight problems to be solved. They should also
be able to use them to design policies for specific objectives.

In this study, we propose a multi-step procedure based on a series of statistical
analyses in order to provide stakeholders with information after the identification
of a first set of indicators. Obviously, the selection of indicators does not only rely
on a statistical process but the proposed multi-step procedure can help to: i) identify
an adequate number of indicators by assessing the importance of the information
they provide on the issues to be addressed by major stakeholders; ii) determine the
specific aspects that influence each WB-QL dimension on which the intervention
policies should focus; iii) identify which sub-areas need more attention.

In short, the suggested procedure aims at identifying the most suitable
indicators to correctly represent the various aspects of WB-QL at various territorial
levels, and especially at local level. Statistical analyses will provide local policy
makers with a useful tool for designing evidence-based policies.  To this aim it is
essential that these analyses be carried out periodically, so as to allow policy makers
to assess changes over time.

The multi-step procedure is empirically applied by using different data due to
the lack of availability in the various territorial levels (regional, provincial,
individual). In particular, the first step of the procedure is carried out by using data
at regional level, concerning 22 indicators over the period 2000-2011 taken from
ISTAT. As these indicators are only available at regional level and not at a more
disaggregated local level, which would be preferable, the empirical applications are
only presented in this study to illustrate the potential of the proposed procedure and
demonstrate its importance. Due to the lack of data at disaggregated level we were
not able to repeat all the suggested analyses, therefore our aim is essentially to
highlight the potential informative results of each analysis.

The remainder of the paper is organized as follows. Section 2 discusses the
definition of “local level and the identification of a suitable framework for
measuring WB-QL at local level. Section 3 illustrates the proposed multi-step
procedure and statistical techniques to be used in the analysis. Some results of the
proposed procedure are shown in Section 4 and concluding remarks are given in
Section 5.

3 Several strategies, which are not discussed here, can guide the process of indicator selection
(see for example Trewin and Hall, 2010).
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2. DEFINING “LOCAL” AND DEVELOPING A FRAMEWORK FOR
MEASURING WB-QL AT LOCAL LEVEL

Before presenting the multi-step procedure, to be used as an additional tool for
designing and implementing policies at local level,  it is important to define what
we mean by “local” level and to discuss how to choose and/or construct a
methodological framework of WB-QL at local level.

It is clear that WB-QL are space, place and time specific. Space can be defined
as a grid for measurement (spatial phenomena) and analysis (interpretive models),
while place indicates a smaller environment where a local society organizes itself
and policy makers decide and implement policies, i.e. supply of services,
administration, multilevel governance (Barbieri and Brezzi, 2012).

However, even if they refer to different aspects, both space and place must be
considered in relation to the objectives of the measures and analyses when defining
“local” to measure WB-QL. In fact, “local” has been defined in various ways yet
there is no universally accepted definition (Mguni and Caistor-Arendar, 2013) and
the term “community” does not help us to understand what is meant by “local” as
“community” is a vague and elusive concept which has a variety of meanings (Hird,
2003).

However “local” certainly refers to a sub-national area and from an economic,
social and, more importantly, administrative point of view it is possible to consider
various “local” levels corresponding to administrative divisions that are each
granted a certain degree of autonomy and are required to manage themselves
through their own local governments. Administrative divisions of a nation may have
different hierarchical levels, names and different functions across countries. By
referring to the case of Italy, we can consider four local levels, represented by the
hierarchical administrative divisions in which Italy is subdivided, such as
neighbourhoods, municipalities, provinces and regions.

Levels of well-being, quality of life and life satisfaction can vary from
neighbourhood to neighbourhood and the citizens usually refer to this kind of area
(place) when voicing opinions on their lives.  However, when evaluating WB-QL
for drawing up policies, it is important to consider the level of the areas where the
policy makers have the authority to define and implement these interventions
(space). Theoretically speaking this means that each of the areas (neighbourhoods,
municipalities, provinces and regions) can be considered “local” with reference to
larger areas depending on the subject of the policy.

A more disaggregated approach could help policy makers to obtain a more
accurate picture of how the areas are progressing so that they can better understand
local needs and draw up more precise policies that citizens are able to comprehend.
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Yet, the smaller the area (local definition), the more difficult it is to obtain reliable
data (accurate estimates from surveys) and achieve a higher level of comparability
of the measures. On the other hand, the representativeness of the survey is higher
when it refers to a large area, while the significance of the average value of the
indicators decreases due to the great differences found within large areas.

Moreover, policy makers have a variety of responsibilities when designing
and implementing policies and in some cases, for a specific dimension of WB-QL,
different policy makers are required to carry out interventions at various area levels.

Therefore from a WB-QL point of view, the term “local” should refer to a
municipality (or city) or at the most to an aggregation of municipalities such as a
province.

However, as already mentioned, indicators concerning WB-QL computed at
various levels must be linked to a general framework in order to make adequate
comparisons and coherent policies for the various area levels.

In order to determine a methodological framework of WB-QL at local level
and thus select appropriate indicators, it is essential to bear in mind already existing
international and national frameworks, as well as other initiatives aimed at
measuring progress at local level.

A number of frameworks were developed to measure and promote well-
being, quality of life, human development and sustainable development until some
years ago at international level (Hall et al., 2010). In particular, in 2008 OECD
launched the “Global Project on Measuring the Progress of Societies” (OECD,
2009) and the French President Sarkozy established a “Commission on the
Measurement of Economic Performance and Social Progress” chaired by Joseph
Stiglitz. These initiatives introduced many possible indicators for measuring the
progress of societies - including WB-QL - and subsequently OECD continued
holding meetings and developing studies in order to find a general international
framework that presents the indicators in a complete and coherent way (Hall et al.,
2010; European Framework for Measuring Progress, www.eframeproject.eu).

In Italy, in 2010, the National Statistical Institute (ISTAT) and the National
Council for Economics and Labour (CNEL) launched the “BES” initiative for
measuring Equitable and Sustainable Well-being. A specific framework was
constructed using both a conceptual and consultative approach for selecting the
dimensions of WB-QL and both objective and subjective indicators, bearing in
mind the inequalities at territorial level and for various segments of the population
also focusing on the issues at local level.

The BES framework and indicators have recently been presented (Istat-Cnel,
2013). The framework outlines 12 dimensions which are used to establish specific
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concepts and aspects of WB-QL and sustainable development and includes 134
indicators which are distinguished in objective and subjective indicators in nearly
all domains.

Although at present there are few frameworks available at a local level,
interest in this issue is increasing in various countries4. In Italy, two recent projects
for measuring WB-QL at local level, the provincial BES project, launched by the
Province of Pesaro e Urbino, and the Urban BES (Istat, 2013), developed logical
frameworks consistent with the national BES framework (Taralli and D’Andrea, 2013).

It is clear that the construction of a shared framework for measuring WB-QL
at local level is underway and will require time to complete, yet it would be
impossible to establish a unique framework for all the local areas. Each area needs
specific indicators which take into account the fields in which the policy makers
have the authority to implement policies, the characteristics of the area and the main
issues of the area in question. Therefore the framework should be based on the same
theoretical concepts but must be flexible in order to consider the requirements of
each level and the specificity of each area. This process should also guarantee the
comparability of the indicators among the various areas and the specificity of
indicators for each area.

3. A STATISTICAL APPROACH FOR SELECTING AND ANALYSING
WB-QL INDICATORS AT LOCAL LEVEL

3.1 THE MULTI-STEP PROCEDURE

Ideally, WB-QL indicators at local level should be seen as a means to improve
democracy, community outcomes and governance (Salvaris, 2000). The set of
indicators should provide citizens with more accurate information on progress in
their local “community” and administrative local area and should offer decision-
makers crucial guidance for policy action (Kroll, 2011).

The initial definition of indicators, which is not discussed here, should have
involved a range of criteria. According to Trewin and Hall (2010) and considering
the aim of our paper, important characteristics of indicators at local level should be:
their availability over long periods, sensitivity to changes and the possibility of
breakdown by different administrative levels.

4 The United Kingdom, Canada and Australia have been the forerunners of the debate on the
measurement of well-being at local level for several years (see, for example, Morton and
Edwards, 2012;  Cox et al, 2010; Mguni and Caistor-Arendar, 2013)
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Let us suppose that a lot of different indicators can be computed, by using
surveys and/or by resorting to small area estimation methods, and be available at
different administrative levels. In order to identify the most suitable indicators
among them to represent the various aspects of WB-QL, we must distinguish the
various objectives expressed by the main stakeholders involved. In this way we can
suggest a procedure, aimed at identifying the indicators to be used and to carry out
a set of statistical analyses therefore assisting the various stakeholders (citizens,
companies, public bodies) and policy makers to evaluate the situation of the area
where they live (knowledge) and then policy makers to design, implement and
verify policy interventions5.

The procedure is composed of three steps, each characterized by a specific
objective. Figure 1 illustrates the multi-step procedure referring to an Italian
administrative division, i.e. province (as an area), whose policy makers can design
policies which involve sub-level administrative divisions, i.e. municipalities (as
sub-areas). The analyses suggested can also be implemented at a lower level
considering the municipality as an area and neighbourhoods as sub-areas if
disaggregated data are available. Moreover, some of the analyses can be implemented
in more than one step but with different aims depending on the policy objectives.

With reference to a specific dimension of WB-QL, for which spatio-temporal
data are available, the most important objective of the policy makers could be to
evaluate the situation of the province in question. Obviously, the situation of the
province can be better evaluated in relative terms with reference to a target or
considering another area (province) as a benchmark. For this purpose, the policy
makers of the province need to compare the situation and results with those of other
provinces with similar economic and socio-cultural characteristics (spatial aspects).
The policy makers also need to evaluate whether the situation is improving or
worsening over time (temporal aspects). Therefore, the first step of the procedure
is composed of a series of statistical analyses which provide a clear and precise
picture of the area (in space and time), thus replying to the question: “How is the
situation of this area?”.

Firstly, the spatial dimension should be examined in order to compare the
performance of the area to those of “neighbours” at the same level and with similar
characteristics. The set of statistical analyses suggested for the area in question

5 It is worth noting that the objective of policy evaluation is not considered in the suggested
procedure as policy evaluation by local governments has a wider meaning and uses a variety
of analytical tools and methodological procedures from a wide range of academic disciplines
that makes a generalization meaningless.



132 Biggeri L.,  Laureti T., Secondi L.

(province or municipality) refers to both exploratory spatial data analysis (ESDA)
and exploratory data analysis (EDA) with the aim of describing and visualizing the
spatial and temporal distributions of the indicators included in a spatio-temporal
data base referring to a specific aspect of WB-QL (Rey, 2001; Anselin et al., 2007).

Figure 1: The multi-step procedure for selecting and analysing WB-QL indicators at local
level.

If more than one indicator is available for measuring the same aspect, a
correlation analysis together with a variability analysis could help to consider those
indicators containing a large amount of information. A principal component
analysis (PCA) can also be used to explore the relationships between the indicators
and to identify aspects with major problems for a specific dimension of WB-QL in
the areas in question.

For this purpose, firstly it is essential to comprehend if the performance on a
specific aspect of WB-QL is randomly distributed across the areas (provinces). The

 

             Administrative level                                           Objective                                                                  Statistical analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Area  

(i.e province) 

Stakeholders 

(Citizens, trade 

unions etc.)  

How is the situation of 

this area ? 

1) Across space 

2) Over time 

Where are the main 

problems? 

 sub-areas that need 

greater action  

Intervention 

policies 

Knowledge 

Knowledge 

Step 1 

 Variability analysis 

     (box maps;- cartograms) 

  PCA and  Spatial PCA 

 Time series graphs 

Step 2 

 Global spatial 

autocorrelation 

 Local spatial autocorrelation 

 PCA and  Spatial PCA 

 Convergence analysis 

Step 3 

 Analysis of indicators’ 

distribution  

 Quantile regression models 

Obtain information 

on “how, where and 

why questions” 

Why did this situation 

arise?  

 Factors affecting 

indicators  



Well-being and quality of life in Italy:  Assessing and selecting … 133

verification of spatial association through which location similarity (observations
in spatial proximity) is matched by value similarity (attribute correlation) can be
carried out by referring to global spatial autocorrelation measures of overall
clustering, and is generally assessed by testing a null hypothesis of random location.
The rejection of this hypothesis suggests the existence of a spatial pattern or spatial
dependence among spatial units. In this case, a spatial-adapted PCA must be carried
out instead of a classical PCA analysis.  The results of the classical or spatial PCA
analyses help policy makers to identify the major problems (i.e. identification of the
most important aspects) for a specific dimension of WB-QL.

Secondly, the temporal aspects should be considered. In order to reply to
questions such as “Is the situation of the area improving or worsening over time?”,
“Is there a specific trend over the last few years?” policy makers may use graphical
representations and variability analyses. Although specific time series analyses
and/or spatial-temporal analyses could be used in connection with the data pattern
and the policy objective, the above simple and easily implemented tools could be
helpful for identifying patterns in time-series data.

The second step of the procedure is aimed at helping policy makers to design
intervention policies that involve sub-areas (municipalities in the case of provinces)
and identifying which of the sub-areas need more attention. To this respect, it is
essential to understand where the main problems lie, and, in particular, in what way
the municipalities (sub-areas) affect the average results of the province. The
questions are: Do the sub-areas have the same characteristics and behaviour? Are
there specific aspects in the WB-QL dimension that determine a different perfor-
mance among areas?

Therefore, the statistical techniques to be used in this step should be able to
show the different contributions of each sub-area to the overall performance at area
level and to identify sub-areas in which there might be a greater need of intervention.

Firstly, ESDA techniques can be used to highlight if there are heterogeneous
levels across the municipalities within a province.

Secondly, in order to understand where intervention is primarily required,
global and local measures of spatial autocorrelation should be used. In fact if the
performance of the sub-areas is not randomly distributed, policy makers must
explicitly incorporate spatial information into their plans to account for the
disparities of the sub-areas. Moreover, the existence of spatial clusters of communities
with high/low WB-QL should be examined. In other words, it is interesting to verify
if areas (or sub-areas) that have high levels (low levels) of a specific aspect of WB-
QL are surrounded by areas (or sub-areas) with the same high levels (low levels) of
the same aspect of WB-QL. In addition, a spatial PCA can be carried out at sub-area
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level in order to identify the provinces or municipalities with a lower performance
than the average as well as to highlight the importance of the various indicators in
determining the performance of each sub-area in a specific WB-QL dimension.

With the aim of establishing if the situation emerged from the previous
analyses is the result of a convergent or divergent trend of the sub-areas, convergence
analyses, carried out by using different techniques, may represent useful tools for
policy makers so that they can verify if sub-area disparities and uneven spatial
developments occurred in the past. This does not suggest that the convergence
concept is a general aim of policy intervention but policy makers may obtain
interesting information regarding the dynamics of a specific phenomenon and
determine if and to what extent sub-areas display a tendency towards equality or at
the opposite towards inequality.

The third step of the procedure aims at providing policy makers with
information for a better understanding of the differences observed over time or
between sub-areas. The questions are: Why did this situation arise? Are there
population groups that need more attention or specific intervention policies?

Taking into consideration the entire distribution of a specific dimension of
WB-QL and inequalities amongst different population groups without only analyzing
the averages is essential in many policy issues which require decisions concerning
how to compare different types of outcome (Fitoussi et al., 2009). Micro-level data,
which provide information for the individual or household are needed in order to
consider distributional aspects and to obtain essential information for targeting
specific groups of the inhabitants.

Moreover, when defining policies at local level it is important to have a good
understanding of the situation in which the local community finds itself and how
the inhabitants experience it. In other words, policy-makers must have a good idea
of what the inhabitants want and need, in order to plan the most suitable interventions
and for this purpose it is essential to obtain and analyse subjective well-being
(Veenhoven, 2002; Dolan and White, 2007).

Together with some of the typical economic, social and environmental
indicators, subjective well-being data can provide policy-makers with an additional
perspective on the situation of the area and sub-areas and concerning the potential
impact of a policy (OECD, 2013). For this reason it is essential to comprehend the
drivers of subjective well-being by identifying variables that appear to have causal
relationships with it. In this way policy makers are able to identify areas of
intervention to focus on in order to enhance overall subjective well-being, e.g. to
increase peoples’ access to green spaces if green spaces are found to be a significant
determinant of well-being in the local area.
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It is clear that various methods can be applied in this step with the aim of
analysing relationships between the variables. The choice depends largely on the
type of data available6, the method of collection and the nature of the indicator in
question. Analytical options that may be used to investigate the drivers of subjective
well-being or life satisfaction include the regression analysis, structural equation
modelling and analysis of co-variance structures or path analysis.

The quantile regression is an interesting technique which has recently been
applied for this purpose (Biggeri et al, 2013). These models are of special interest
to studies dealing with distributions that have been found to be relatively skewed
such as life satisfaction distribution (Binder and Coad 2011; Yuan and Golpewar,
2012), as they enable us to estimate the potential differential effect of a covariate
on various quantiles in the conditional distribution. Moreover, from a policy
making point of view, it is interesting to understand what happens throughout the
entire distribution of life satisfaction and at its extremes.

3.2 METHODOLOGICAL ASPECTS

In this paragraph we illustrate the statistical analysis for carrying out each step of
the procedure. Naturally, other techniques could be applied but the following
methods are quite simple to use and easily understood.

Step 1

The first aspect to be analysed for assessing the distribution of an indicator
across space is its variability. A very useful and concise graphical representation is
the box-plot which addresses this issue although it is not possible to carry out a
comparative analysis among similar units.

The box-map and the cartogram, which belong to the ESDA groups of
statistical techniques and which can be easily implemented by using the GeoDa free
software (Anselin et al., 2006), allow for the identification of location of spatial
units. On one hand, the box map can be useful since it divides spatial units into six-
categories (the four quartiles and the lower and upper outliers) and therefore we are
able to identify spatial units with similar results and spatial units (when warranted)

6 Although panel data for the populations of interest should be preferred, the investigation of
the drivers of subjective well-being tend to rely on cross-sectional data, simply because these
are the most widely-available data sets. Cross-sectional data do not enable causal inferences
to be made directly, but can be interpreted alongside evidence about the direction of causality
from other sources.
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for which an extreme value is observed thus representing outliers. However, the box
map may not be a suitable tool for visualizing the spatial distribution of a variable
when the areas are highly heterogeneous (Anselin et al., 2007).

On the other hand, cartograms focus on the magnitude of the indicator
analysed thus enabling us to observe the performance of a specific area and make
comparisons with the performance of the neighbouring areas at the same level and
with similar characteristics.

With the aim of identifying the most important aspects of the WB-QL
dimension in question, a multivariate technique such as the PCA can be used. It is
worth noting that this analysis may involve a limited number of territorial areas
depending on the objectives of the policy makers and on data availability. However,
in our multi-step procedure PCA is suggested in order to provide descriptive information
regarding the structure of data as they are within the dataset7 (Jolliffe, 2002).

Before performing the PCA analysis in the context of spatial analysis, it is
essential to verify the existence of spatial autocorrelation among the statistical units
in order to correctly analyse the structure of the interrelationships among the
various indicators describing a specific dimension of WB.

The most well-known test for spatial autocorrelation is Moran’s I. This
statistic is essentially a cross product correlation measure that incorporates “space”
by means of a spatial weight matrix W. Significance can be based on analytical
derivations, or, more commonly, on a comparison to a reference distribution
obtained by randomly permuting the observed values. The Moran’s I can be
expressed as follows:
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Measures of spatial autocorrelation for each variable X take into account the
dependence among observations by means of a spatial weight matrix W, which

7 According to a descriptive perspective, the number of observations involved in the research
problem should be determined as a function of the size of variables. For example, Fabbris
(1997) suggested that the ratio between the number of observations (n) and the number of
variables considered in the analysis (p) should not be lower than 2, in order to obtain reliable
analysis results of the analysis. When PCA is used as an inferential methodology, probability
distributions for the coefficients in the sample principal components (PCs) and for the
variances of sample PCs have to be used to make inferences about population PCs (Jolliffe,
2002).
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defines the structure of spatial relationships. For a set of n observations (areas) the
spatial matrix W is a n x n matrix with the diagonal elements equal to zero; the other
elements wij represent the intensity of the effects of the territorial area i on the
territorial area j (Anselin and Bera, 1998).

It is worth noting that since measures of spatial autocorrelations may depend
on various specifications of W (Fischer and Getis, 2010), the sensitivity of the
results should be assessed by using different representations of spatial structure. In
literature there are very few formal guidelines concerning the choice of the most
adequate spatial weights. However, variables that show a good deal of local spatial
heterogeneity for the selected scale of analysis would probably be more appropriately
modelled by few links in W, while a homogeneous or spatial trending variable
would be better modelled by a W with many links. This implies that the scale
characteristics of data are crucial elements in the creation of W. As spatial units
become larger, the spatial dependence between the units tends to decrease.

By focusing on the results of the Moran I test, it is possible to determine
whether the classical PCA analysis or a spatial-adapted PCA can be carried out.

Whenever spatial dependence is not negligible, the spatial filtering technique
introduced by Griffith (Griffith, 2010; Chun and Griffith, 2013) can be considered
as a flexible tool for incorporating spatial variation as well as a technique which
directly relates to the PCA (Wang et al., 2013).

In general, the spatial filtering technique is based on the computational
formula of Moran’s I (MI) statistic and it exploits eigenvector decomposition
techniques by extracting n orthogonal and uncorrelated numerical components that
correspond to the computed eigenvectors of the n x n  modified spatial weight
matrix:

(I -11T/n)W(I -11T/n)

where I is an identity matrix of n x n dimension, and 1 is an n x 1 vector containing
1’s, while W is the chosen weight matrix. The solution of the problem is similar to
that obtained with PCA in which the covariance matrix is given by (I+k(I-11T/
n)W(I -11T/n) for some suitable values of k. The eigenvectors of the modified
matrix are computed, in sequence, to maximise the sequential residual MI values.

The linear combination of the eigenvectors can be defined as the spatial filter
for the variable of interest. Once the linear operator filtered component was
computed for each of the variables (Anselin and Rey, 2010), a PCA on these new
variables can be carried out,  thus enabling us to monitor the variance inflation caused
by spatial autocorrelation. For further methodological aspects as well as for details
concerning the statistical software and routines used, see Chun and Griffith (2013).
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The information concerning the performance of a specific area over time can
be obtained by referring to the EDA techniques.  A first simple and intuitive way
of studying data available for t periods is to use a Cartesian diagram which can be
used as an exploratory tool for supporting more complex methods (i.e. the
identification of a linear trend in the data or the detection of possible outliers) or
even to visually extrapolate the data.

Step 2

The statistical techniques to be used in this step can help policy makers to
identify the sub-areas that require more attention  (since they perform worse than
the others) and in which aspects these sub-areas present major problems.

Firstly, the variability analyses of the various indicators within the area and
across the sub-areas should be carried out as described in step 1. Moreover, a spatial
PCA carried out at sub-area level enables the policy maker to identify the sub-areas
with a lower performance than the regional (or provincial) average as well as the
importance of the various indicators in determining the performance of the sub-area
in a specific WB-QL dimension.

Secondly, in order to identify specific sub-areas representing significant
clusters or spatial outliers (as opposed to overall clustering), Local Indicators of
Spatial Association (LISA) should be used by policy makers. The LISA statistic
provides a useful means for assessing the significance of “local” spatial patterns and
it can be expressed as follows:
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This measure makes it possible to identify the presence of significant local
clusters (high-high or low-low) or local spatial outliers (high-low or low-high). A
map showing locations with significant LISA statistics, classified according to the
type of spatial correlation, is referred to as a LISA cluster map which represents an
important tool for assessing the extent to which the spatial distribution illustrates
“spatial heterogeneity”. In particular, the construction of the LISA map enables us
to identify four types of clusters: a high value surrounded by high values (HH
corresponding to the first quadrant of a Moran scatterplot); a low value surrounded
by low values (LL, the third quadrant of a Moran scatterplot); a low value
surrounded by high values (LH, the second quadrant of a Moran scatterplot); and
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a high value surrounded by low values (HL, the fourth quadrant of a Moran
scatterplot).

With the aim of establishing if the situation emerged from the previous
analyses is the result of a convergent or divergent trend of the sub-areas, convergence
analyses can be carried out by referring to different approaches.

Firstly, the β convergence based on the neoclassical growth theory can be
assessed through the  specification of a regression model estimating the growth of
some indicator (i.e. income or GDP per capita) in a certain period of time (in which
t0 is the initial period and t the final period) as a function of the initial level of the
same indicator in t0

8. In this specific case, the β convergence is applied to verify
whether studied areas converge towards the same steady-state and it is said absolute
since the various economies are assumed to not differ significantly in their level of
technology, i.e. without considering in the regression model any structural factors
(explicative variables), other than the initial level of the studied indicator. However,
the steady-state may depend on features specific to each economy in which case
convergence will still take place but not necessarily at the same long-run levels: the
inclusion in the analysis of characteristics that may vary across economies leads to
the definition of conditional convergence (Barro and Sala-i-Martin, 1992; 2004)
and it implies to introduce in the regression model a set of structural variables Xit
that are assumed to influence the phenomenon under study.

It is worth noting that the β  convergence approach provides no insight on the
dynamics of the whole cross-sectional distribution of the indicator among the areas
(Magrini, 2004). For this purpose, the analysis of the evolution of the cross-
sectional standard deviation (coefficient of variation) can be carried out. A decline
of the dispersion of an indicator over time provides empirical evidence of σ-
convergence. However, the σ-convergence approach does not represent an effective
solution since analysing the change of cross-sectional dispersion in levels of a
specific indicator does not provide any information on the intra-distribution
dynamics.

Therefore, both β and σ convergence approaches only provide summary
information about the distribution as they are not able to describe what is happening
to the shape of the distribution.  With the aim of obtaining knowledge about the
evolution (changes) of the entire distribution of an indicator and not only on the
dynamics of a system,  the distribution approach advocated by Quah and generally

8 In this model, the slope parameter β describing the speed of convergence captures the rate at
which studied areas approach their steady state. A negative sign of the β parameter indicates
convergence.
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carried out by using the Markov (probability) transition matrix methodology
(Quah, 1993; 1996) can be adopted. This approach examines how the whole
distribution changes over time and thus appears to be more informative than the
convergence empirics developed within the regression paradigm.

As a first step of the methodology, Quah suggests developing a probability
model describing how a certain economy (i.e. a region or a province) observed in
a given class of the distribution at time t moves to another class of the distribution
in a subsequent moment of time t+1 (Arbia et al, 2005). For this purpose, let us
assume the indicator distribution can be divided into k classes9 and T time periods
and define Ft as the distribution of the indicator at area level at time t with φt as the
associated probability measure. The dynamics of φt can be modeled as a first order
Markov process:

φ φ
t t+ =

1
M (3)

where M is the transition probability matrix. Each element of M describes the
probability that an area belonging to class i in time period t will move to class j in
the next time period (Quah, 1993).

A transition matrix defined in this way can be a useful tool in the process of
policy making. Firstly, given the transitions estimated for the period, the probabilities
of transition for future η periods may be forecasted by multiplying the transition
matrix by itself η  times. Secondly and more importantly, the estimated transition
probabilities point to the relative long-term distributions of the indicator in
question, known as the ergodic distribution.

Therefore, policy makers may obtain interesting information by studying the
ergodic distribution: if it shows a tendency towards a single point mass, they can
conclude that there is convergence towards equality. On the contrary, if the ergodic
distribution shows a tendency towards a two-point (or bimodal measure), this might
be interpreted as a sign of polarization.

9 Although the Markov Chain approach offers some clear advantages compared to the other
empirical strategies for studying convergence and its application is intuitively appealing and
easily computable, this approach has also been criticized. Firstly, it is worth noting that it is
indicator-depending since a specific indicator is analysed in order to evaluate if disparities and
uneven spatial developments occurred in the past. Secondly, from a methodological point of
view, the selection of the various classes (states) is arbitrary and therefore different sets of
classes may lead to different results. One way to overcome the problems, deriving from the
discretization of the number of states, is to allow the number of cells of the Markov transition
probability matrix to tend to infinity thus resorting to the estimation of conditional densities
using stochastic kernel estimators.
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Step 3

The third step of the procedure involves individual data analyses. Among the
range of analytic measures that can be derived from individual data, we suggest
using the frequency diagram (histogram) in order to illustrate the location and
spread of the distribution also concerning sub-groups of the population, the ratios
of percentile points to summarise the relative distance between two points on the
distribution and inequality measures, such as the Gini coefficient, for describing the
existence and characteristics of inequality.

Of the various regression techniques that can be used to understand the
determinants of subjective well-being, quantile regression models (QRMs) enable
us to get a better understanding of the relationship between selected covariates
(individual and group characteristics) and life satisfaction (LS) since QRMs are
able to model both location shifts and shape shifts. The QRMs specify the
conditional quantile as a linear function of covariates (Koenker, 2005) thus enabling
us to analyse the effects of explanatory variables on the different (various) quantiles
of the LS distribution as opposed to focus on the mean of the distribution.
Considering cross-sectional data, we can write the θth quantile as:

Q y
i i i iθ θ θεx x( ) = +'ββ (4)

where y i n
i
 ,...,=( )1  is the dependent variable (LS), xi is the sequence of the k-

vector of regressors while ββθ  is an unknown vector of regression parameters
associated with the θth  quantile and ε θi  is an unknown error term. The  regression
quantile, 0 1< <θ , is the solution to the minimisation of the sum of absolute
deviation residuals:
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which is solved by linear programming methods. When  is continuously increased
from 0 to 1, we obtain the entire conditional distribution of y conditional on x.

4. A FIRST APPLICATION OF THE MULTI-STEP PROCEDURE

With the aim of demonstrating the potential of the proposed procedure and its
relevance in helping policy making we refer to the economic dimension of WB-QL
and to the first and second level administrative divisions in Italy, represented by
regions (as areas) and provinces (as sub-areas). In particular, the first step of the
procedure is carried out by using data at regional level, concerning 22 indicators
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over the period 2000-2011 taken from ISTAT. In order to carry out some of the
analyses suggested in the second step we refer to provincial consumption expenditure
obtained from the Tagliacarne Institute. Finally the third step uses individual level
data taken from the 2011 “Aspects of daily life” survey carried out by ISTAT, which
collects information on individual and household daily life.

As already underlined, due to the lack of data at disaggregated level we were not
able to repeat all the analyses suggested in each step of the procedure, therefore our aim
is essentially to highlight the potential informative results of the multi-step procedure.

Let us assume to be a policy maker of the Lombardy region who is interested
in the economic dimension of WB and whose first objective is to obtain information
concerning the situation of the area. As usual, a large set of 22 indicators is available,
which includes objective and subjective indicators (i.e. GDP per capita; incidence
of relative poverty and percentage of very satisfied people with the economic
situation). We analysed these indicators in relative terms by calculating for each
region (or province) the ratio between the value of a certain indicator and the
national (or regional) average value for the year under analysis.

Almost all of the indicators are significantly auto-correlated, although different
intensities of spatial association are observed. High positive values (statistically
significant for a=0.01), indicating a tendency towards geographical clustering of
similar regions, are registered for the consumption expenditure (Moran I=0.5637),
the GDP per capita (Moran I=0.6416) and the incidence of relative poverty (Moran
I =0.65). As an example, Figure 2a and Figure 2b show the Moran’s I value and the
Moran scatterplot for the indicators regarding the incidence of relative poverty and
the GDP per capita.

Figure 2: Moran’s I and Moran scatter plot for: a) Incidence of relative poverty and b) GDP
per capita

 2a Incidence of relative poverty 2b GDP per capita
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The statistical significance of Moran’s I across regions and for the various
indicators led us to consider the spatial dependence in performing PCA.

Bearing in mind the number of observations (20 Italian regions) we carried out
a principal component analysis on nine spatial filtered indicators selected according
to preliminary variability and correlation analyses10. Although the number of units
is small, PCA is applied here in order to show what kind of useful information
regarding the structure of data can be obtained. The original variables considered
are: GDP per capita in Euro, Number of firms per 1000 inhabitants, Incidence of
relative poverty in percentage terms calculated over the total households, Average
monthly household expenditure, Median disposable household income, in Euro,
Percentage of very satisfied people with economic condition, Percentage of not at
all satisfied people with economic condition, Self-evaluation about the available
economic resources in terms of percentage of individuals declaring that resources
are i) adequate and ii) insufficient. Since the total generalised variance (i.e. the
determinant of the covariance matrix) decreases from 251.262 for the raw data to
116.931 for the PCA using spatial linear operator filtered data, we were able to
account for redundant information contained in geo-referenced data which increases
the overall variance by a factor of 2.15.

The results of the PCA indicate that the first two principal components
account for about 80% of the total variance. The first component highlights the
objective aspect of the economic dimension of WB-QL being mostly related to
consumption expenditure (with a strong positive correlation) and the incidence of
relative poverty (with a strong negative correlation). The second dimension is
mostly related to the satisfaction and dissatisfaction towards the economic situation
thus accounting for the subjective aspects of economic WB-QL.

Having identified the most important indicators describing the economic
dimension of WB-QL – i.e. consumption expenditure, incidence of relative poverty,
percentage of very satisfied individuals with economic conditions, GDP per capita,
percentage of very unsatisfied individuals with economic conditions – the policy
makers of Lombardy are able to carry out further analyses in order to comprehend
the situation of the area.

As described in the first step of the suggested procedure, the “knowledge”
objective is to evaluate the overall performance of the region across space (spatial
dimension) as well as whether the situation of the region is improving or worsening
over time (temporal dimension).

10 By referring to Fabbris (1997) we considered 9 variables so that the ratio between the number
of observations (n=20) and the number of variables (p=9) is not lower than 2.
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The spatial variability of each indicator can be assessed by using the box-plot.
A greater level of variability emerges for the subjective indicator concerning the
satisfaction of individuals towards economic conditions as well as the presence of
an upper outlier. By considering the localization of spatial units, the box-map and
the cartogram focus on the quartiles of the distribution and the magnitude of the
indicator, respectively (Figure 3a and 3b).

From the box map (Figure 3a) we can see that Lombardy is included in the
third quartile among Italian regions11 according to the percentage of individuals
very satisfied with economic conditions.

In comparative terms, the cartogram highlights that Emilia Romagna and
Piedmont, as neighbouring regions of Lombardy, show higher percentages of
inhabitants who are satisfied with the economic conditions (in comparison with the
national value).

11 It is worth noting that for the same indicator Trentino Alto Adige represents an upper outlier
(colored in red) since the percentage of people satisfied with economic condition exceed 1.5
times the inter-quartile range.

Figure 3: Percentage of individuals very satisfied with economic conditions: 3a Box map;
3b Cartogram (year 2010)

Let us hypothesise that policy makers would like to evaluate the performance
of Lombardy by referring to the consumption expenditure compared to that of
Emilia Romagna and Piedmont.
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Figure 4 shows the evolution of variability across areas over the period 2000-
2011 (4a) as well as the temporal evolution for Lombardy, Emilia Romagna and
Piedmont (4b). We can see that in a situation of increasing variability among
regions, Lombardy has shown a higher performance than their neighbours except
for the first two years of the studied period.

After having examined the situation in the area for a selected set of indicators,
policy makers in Lombardy would like to understand, by considering the sub-areas,
where the main problems are.

By focusing on the provinces of Lombardy (Figure 5a), we can see that Milan has
the highest level of consumption within the region. Varese, Lecco and in particular
Bergamo register a lower performance in terms of relative consumption than the
national level in the year 2009.

Figure 4: Consumption expenditure: 4a variability over time; 4b trend in Lombardy, Emilia
Romagna and Piedmont (years 2000-2011)
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From Figure 5b it is possible to comprehend where significant spatial clusters
and spatial outliers are located. Pavia, Milano, Monza-Brianza (the red-colored
provinces) represent provinces with high values of consumption expenditure
surrounded by provinces with high values while Brescia (the blue-colored provin-
ce) represents a province with low values of consumption expenditure surrounded
by provinces with low values. On the other hand, Lodi and Sondrio represent spatial
outliers with observed low (high) values surrounded by provinces with higher
(lower) values, respectively.

Further research could be focused on the calculation of indexes of location,
variability and skewness for the first and the last year of analysis (for which data at
provincial level were available) at least, as reported in Table 1.

Table 1: Descriptive statistics for consumption expenditure (in relative terms) of the
Lombardy provinces

Consumption
Expenditure Mean Min Q25 Q50 Q75 Max CV Skewness

Year 1995 0.9326 0.8414 0.8670 0.9310 0.9640 1.1291 0.0856 1.2680
Year 2009 0.9215 0.7985 0.8521 0.9088 0.9497 1.1723 0.1070 1.4872

The comparison between the two years of analysis shows a reduction in the
relative mean value between 1995 and 2009, an increase in the variability (the
coefficient of variation was equal to 0.0856 in 1995 and to 0.1070 in 2009) at
provincial level and a much more asymmetric shape of the distribution in 2009 than
1995. Moreover, the analysis of the quantiles shows that in 1995 the median value
of consumption expenditure was equal to 93.1% of regional expenditure while in
2009 the median relative consumption expenditure at provincial level was equal to
90.9% highlighting the tendency of the provinces to assume values of consumption
expenditure lower than the regional value (i.e. equal to 1 in relative terms). The
analysis of the first and third quartiles confirmed this result.

The dynamics of convergence or divergence emerged more clearly from the
Markov matrix which was constructed by considering the quartiles of the
consumption expenditure in each province divided by the mean value of regional
per capita consumption expenditure for the year under analysis.  In Table 2, the first
column (Transitions) shows the total number of transitions that have starting point
in each state. As an example, the first row shows that over the entire sample – across
11 provinces and 15 years – 38 observations had a relative consumption within the
first quartile of the distribution. Of these, 97% remained in the same state while 3%
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moved to the second quartile during the study period. Observations in the intermediate
states are more likely to migrate to higher or lower levels of relative consumption,
although diagonal entries are always greater than 0.85 with the probabilities of
remaining at the previous level of consumption expenditure for the lowest category
equal to 0.97.

In addition to the analysis of transitions from one category to another, the last
row of Table 2 shows the ergodic distribution for the provinces of Lombardy. The
(long-run) steady state distribution has one peak (point mass) in the first quartile
with a value equal to 0.67, therefore highlighting the existence of convergence
among the provinces of Lombardy towards low values of the consumption
expenditure.

Table 2: Markov transition matrix for provinces of Lombardy – years 1995-2009

Transitions Upper end-point:
[0.863] [0.919] [0.958] [∞]

(38) 0.97 0.03 0.00 0.00
(38) 0.08 0.89 0.03 0.00
(39) 0.00 0.08 0.87 0.05
(39) 0.00 0.00 0.10 0.90

Ergodic
 distribution 0.67 0.22 0.08 0.04

It is clear that this situation should be carefully monitored by policy makers,
by also considering the effects that other variables may have on the steady-state
distribution through the use of other statistical techniques such as the conditional
β convergence. However, lack of disaggregated data prevented us to carry out this
type of analysis in our study.

The final step of the procedure aims at providing policy makers with
information on the distribution of the most important indicators, in particular of
subjective indicators. As these analyses require individual level data for Lombardy
region, we obtained the necessary information from the survey “Aspects of daily
life”.

Considering the percentage of very satisfied people with the economic
situation, we can carry out an analysis for sub-groups of population, for example
according to the level of education of the individuals.

Table 3 shows that the percentage of individuals who are not at all satisfied
with the economic situation decreases according to the increase of the level of
education achieved. Likewise, the percentage of most satisfied individuals increases
with the increase of their education level.
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Policy makers may be interested in analysing drivers of subjective well-being
in order to focus their interventions on specific targets of population. Provided that
reported overall life satisfaction (LS) is a valid and empirically adequate measure
of human well-being, it is possible to model it as a function of socio-demographic
characteristics, individuals’ health status and economic conditions, physical and
social community characteristics (Stutzer and Frey, 2012). We used the quantile
regression (4) for estimating this function which provided interesting results
concerning the effects of covariates at different points across the LS distribution
(0.1, 0.25, 0.50, 0.75, 0.90 quantiles)12.

Table 3: Satisfaction towards economic situation: percentage values distinguished by level of
education

Satisfaction towards economic situation
% of very satisfied % of unsatisfied

individuals individuals
No education – Primary school 2.07 10.08

Middle school 1.83 11.33
Diploma (secondary school) 3.56 9.74

Degree / Ph.D. 7.93 6.61
Total 3.18 9.97

Notes: the percentages of very satisfied (unsatisfied) individuals are calculated by referring to the total

number of individuals for each level of education (row percentages); c2 test of independence: Education
versus Satisfaction with economic situation: Pearson chi2(9)= 44.1978;Pr = 0.000.

Although the economic dimension (i.e., the judgment concerning one’s own
economic situation) proved to be an important dimension for explaining individuals’
LS we also found that other aspects should be carefully considered by policy
makers. One of these aspects is represented by the difficulty of reaching public
transportation which negatively affects LS above all in the middle part of the
distribution and for the most satisfied individuals. Moreover, the individuals’
perception of being able to influence national and local decisions positively
influence the LS of individuals in the upper part of the distribution. The belief that
a neighbour or a stranger would return one’s own wallet is a factor that positively
influences LS of individuals lying in the central part of the distribution.

12 QRMs estimates are available from the authors upon request.
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5. CONCLUDING REMARKS

In this study we proposed a multi-step procedure, based on statistical analyses,
aimed at assisting the policy makers to understand how the situation of the area is,
where the main problems lie and why this situation arose. The procedure was
developed by following a logical thread linked to the specific objectives of the
policy makers and to the administrative level of the area under study.

In addition, the results of the analyses suggested that this procedure can
provide the various stakeholders, such as citizens, trade unions and the business
community, with more accurate information concerning the progress of and within
their “local” area and can help them to determine to what extent local decision-
makers are capable of improving their WB-QL (how, where and why).

The application of this procedure, carried out as an example on regional,
provincial and individual data, enabled us to emphasise its ability both for
determining the most important indicators  and for answering the questions that
policy makers usually ask themselves concerning the improvement or degeneration
of the WB-QL indicators across time, the differences among areas and sub-areas
and the possible convergence across time of the WB-QL situations in the various
sub-areas. In particular, in the third step, the individual level analysis, carried out
by using the QR method, can help policy makers to understand what happens
throughout the entire distribution of the subjective WB-QL indicators and to
identify the variables that influence life satisfaction.  This last type of analysis can
provide policy makers with useful information to implement specific interventions
targeting various groups of population.

It is worth noting that the analyses considered in the multi-step procedure
should be carried out periodically, so as to allow policy makers to assess changes
in WB-QL indicators over time.

However, the practical implementation of the suggested procedure relies on
the availability of data on objective and subjective indicators at provincial and
municipal level, which is recently endorsed at academic and political level through
a multitude of initiatives and research efforts. In this context, we deem it is also
crucial to make use of a general approach based on common statistical methods for
analysing WB-QL data at a local level without losing information and ensuring an
easy interpretation of the results.

Our aim was to contribute to this issue by proposing the multi-step procedure.
Naturally, we do not provide an exhaustive list of statistical techniques to use and
for specific problems and situations, policy makers must use more specific methods
and models. Nevertheless, we hope that our strategy will represent a starting point
for discussing these problems and lead to the sharing of a series of simple and
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coherent statistical analyses to be carried out at local level in order to select the right
indicators and carry out the first statistical analyses concerning WB and QL. If these
analyses are carried out in every local area by following the same framework, we
believe that it will facilitate the comparison of the results of the analyses of WB-QL
indicators throughout the nation.
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