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Abstract. The paper is based on the idea that the organization of services by local
authorities should take into account both the demographic features of the resident
population and the spatial dimension of the territory involved. As regards the former, it
seeks to identify homogeneous and spatially contiguous areas between the municipal
and regional levels in Tuscany, the region analysed in this study. Demographic
indicators of usually resident population plus the spatial attributes of each tuscan
municipality have been used as the input of a spatial clustering and regionalization
model in order to obtain n areas that minimize the inner heterogeneity of the
demographic structure under the constraint of spatial contiguity.

Keywords: Spatial clustering, Regionalization, Spatial demography, Regional
planning.

JEL Classification: R580, R140, R150

1. Introduction’

The study of spatial distribution constitutes an element of primary importance
whenever the phenomenon of interest can be georeferenced. This holds all the
more when the objective is the analysis of themes closely connected with

! Thanks are due to Prof. Luciano Pieraccini, for valuable suggestions on this article and for his
constructive comments.



populations of individuals that live in a specific area on a permanent basis and
manifest their social habits, behaviors and interactions between subgroups there
(Voss, 2007). In this perspective, the planning of the resources required by a
population in terms of public services cannot, in our view, dispense with careful
study of how it is distributed over the territory with reference to the
demographic characteristics that define it (De Castro, 2007).

The integration of spatial information into the context of social and
especially demographic studies is a process broadly developed in the literature
of the last few decades (Goodchild and Janelle, 2010), not least due to the
availability of computational processes capable of handling vast amounts of
information and dedicated software for the mapping of spatial distribution.

Studying how a population is distributed over a territory can make it
possible to define models for the allocation of resources in areas such as
education (Elis-Williams, 1987) and health services (Lwasa, 2007) or for the
planning and organization of economic resources in general (Linard et al.,
2012) in such as way as to take into account how the demographic
characteristics of a population—which largely define the needs of individuals in
terms of services—manifest themselves in the territory in question.

In Italy most of the public services are organized at the provincial level (a
province is an area equipped with administrative structures within a region) and
even the services not provided directly by provinces appear to require an
intermediate level of management between the municipal and the regional.
Given this situation and the plans put forward in the last few years for the
reorganization of local government in Italy (regions, provinces and
municipalities), the aim of this work is to ascertain—with reference to the
region of Tuscany—whether the territorial distribution of population resulting
from indicators of demographic structure corresponds to the present division of
the region into provinces. If the population inside the province proves to be
distributed homogeneously with respect to the primary demographic
characteristics, the planning and provision of the services can continue to take
place efficiently at the provincial level; if not, it will be necessary to adopt an
area of reference other than the province.

This study is based on the idea that the spatial distribution of a
phenomenon does not depend exclusively on topographical elements such as
spatial proximity and/or Euclidean distance between individual locations but
also on other aspects lying outside the dimension strictly connected with spatial



metrics (Anselin, 1995, 2003; Haining et al., 2010; Naccarato, 2012). It follows
from this that the organization of services within a territory at the level of sub-
regional areas must take into consideration not only the spatial proximity of the
areas or the morphological characteristics of the territory but also the
demographic characteristics of the population of the areas in question. If a local
authority is called upon to organize the provision of a particular service for a
population distributed over various municipalities, it will have to hope both that
they are close to one another, in order to comply with the constraints of costs
and efficiency, and that they present no radical differences in terms, for
example, of demographic structure. In the case of providing nursery schools,
for example, the population interested in this service will presumably consist of
young families, who are more likely to have children of pre-school age. The
task is thus to provide the structures required in such a way that all of the
younger population can make use of them. Given the need to comply with
economic constraints, the optimal situation is for this population to live in
neighboring municipalities that can be served by a smaller number of nursery
schools. If the young families are instead resident in municipalities distant from
one another, it will be necessary either to provide more nursery schools to cater
for their needs or to provide a efficient system of public transport.

The study presented is divided into two phases. In the first, the
municipalities are divided into homogeneous clusters as regards selected
demographic indicators with no constraints of territorial contiguity. The results
obtained show a division of Tuscan municipalities into clusters that are
internally homogeneous but differ from one another, which suggests a certain
differentiation of demographic structure. Mapping of the individual units
(municipalities) belonging to the various clusters shows that in a certain number
of cases these differences follow clearly defined spatial patterns in the sense
that it is not infrequently possible to identify groups of municipalities that are
similar in demographic profile and geographically close to one another. This
bears out the first law of geography, namely that everything is connected with
everything else but what is spatially close is more connected (Tobler, 1970).
This regularity does not always obtain, however, especially when constraints of
territorial contiguity are imposed. This aspect emerges in the second phase,
where the results obtained in the first phase and the imposition of a constraint
of territorial contiguity are used for the purposes of regionalization in order to
obtain a number n of contiguous areas at an intermediate level between the



municipal and the regional. The results are not in line with the present division
of the region of Tuscany into provinces and unsatisfactory as regards the
primary objective of maintaining a good degree of internal homogeneity under
the constraint of contiguity. The areas obtained therefore do not differ from one
another in terms of demographic structure and the characterization found in the
first phase of the work - where the spatial element, though present, was not
imposed as a constraint - thus disappears.

This appears to indicate that the territorial patterns of demographic
structures undergo a scale effect when they refer to provincial aggregates or in
any case to areas intermediate between the local (municipal) level and the
regional. The province would therefore seem to lose significance in terms
closely connected with the demographic structures of the resident population.
The geographical scale of reference appears to have an effect of a certain
importance in this connection, as the same result is not obtained in the case of
areas of a supra-municipal nature but less extended over the territory, such as
metropolitan areas (White and Engelen, 2000; Mu and Wang, 2008; Benassi et
al., 2013).

It is of course impossible to force the population to reside on the territory
in such a way as to follow a homogeneous demographic structure that also
complies with the constraint of contiguity. The solution is therefore to be
sought at the administrative and managerial level, not confining the
organization of local services within the present provincial boundaries but
rather identifying macro-aggregates of neighboring municipalities that are
homogeneous as regards the primary demographic characteristics of the
resident population.

It should be noted that reference is made in this context to “primary”
services meeting the needs of the community and generally provided by
government bodies such as education, health care, road infrastructures and
some social and welfare services.

The paper is organized as follows. Section 2 presents the method of spatial
clustering and regionalization adopted. Section 3 describes the data used, the
demographic indicators and the results obtained by applying the method
outlined in section 2. The concluding section 4 presents some observations on
the results and possible future developments.



2. Spatial data mining for clustering and regionalization

While spatial data mining was regarded as the multidimensional equivalent of
temporal data mining for several years (Roddick and Spiliopoulou, 1999), it is
now largely seen by scholars as an independent approach to the analysis of data
and the measurement of phenomena (Angayarkkani and Rdhakrishnan, 2009;
Behnisch and Ultsch, 2010; Jin and Guo, 2009; Moran and Bui, 2002).

It can be said in general terms that the difference between data mining and
spatial data mining is the same as between classical statistical analysis and
spatial statistical analysis. As it is known, one of the most important
assumptions of classical statistical analysis is that the sample data are generated
independently. The spatial approach drastically eliminates this assumption on
the grounds that the spatial location of the samples (data) is an element that
cannot be ignored (Tobler, 1970).

In much the same way, data mining is closely connected with the concept
of patterns and spatial data mining instead with spatial patterns. These
theoretical differences obviously have important repercussions in operative
terms. Adopting a spatial approach means in fact that the scale of large
databases becomes still greater because the data in this case also comprise
geographical and topological information. This necessitates access to more
powerful techniques of data processing and knowledge extraction, new
methodologies for the construction of maps capable of presenting the results
obtained in readily comprehensible terms also to non-specialists (policy
makers, local government officials, etc.), and finally flexible software that
encourages the interaction of users with data (Koperski et al., 1996).

Spatial clustering and regionalization are directly connected with spatial
data mining. The former is a process for grouping a set of spatial objects into
meaningful subclasses (clusters) so that the members of a cluster are as similar
to one another as possible whereas members of different clusters differ as much
as possible (Jiao and Liu, 2008). The role of spatial data mining is to scale a
spatial clustering algorithm to deal with large geographical datasets. Spatial
clustering algorithms and approaches can be separated into four general
categories: partitioning method, hierarchical method, density-based method and
grid-based method (Han et al., 2001, 2009). As defined by Guo (2008),
regionalization is a process that divides a large set of spatial objects into a
number of spatially contiguous regions while optimizing an objective function,



normally a homogeneity (or heterogeneity) measure of the identified regions.
Regionalization is therefore a special kind of spatial clustering where the
condition of spatial contiguity between spatial objects plays a key role. As
recalled by Bernetti et al. (2011), regionalization processes play an important
part in many sectors of research, finding application in areas like climatic
zoning (Fovell and Fovell, 1993; Jin and Guo, 2009; Wang et al., 2010),
environmental analysis (Henderson, 2006; Romano ef al., 2010; Angayarkkani
and Radhakrishanan, 2009), the analysis of units of landscape (Long et al.,
2010), the interpretation and organization of census data (Openshaw and Rao,
1995) and public health data (Haining ef al., 1994; Osnes, 1999), the analysis of
socio-economic phenomena (Assuncao et al., 2006; Benassi and Ferrara, 2010;
Benassi et al., 2010), and the analysis and interpretation of demographic and
urban dynamics (Behnisch and Ultsch, 2009; Benassi et al., 2013). In
particular, the concept of regionalization hypothesized and applied to socio-
economic entities by Openshaw (1977) results in the creation of geographic
objects formed by combining contiguous elements sharing one or more
characteristics and is closely connected with spatial statistics (Bernetti et al.,
2011).

Regionalization with Dynamically Constrained Agglomerative Clustering
and Partitioning (RedCap), a method of spatial data mining recently put
forward by Guo (2008) for operations of spatial clustering and regionalization,
is employed in this work.

RedCap is based essentially on a set of six methods of regionalization
given by the combination of three methods of agglomerative clustering—Single
Linkage (SLK), Average Linkage (AVG), and Complete Linkage (CLK)—and
two different strategies of spatial constriction, namely First-Order and Full-
Order. Guo (2008) shows in his work that out of these six methods, the
combination of Complete Linkage clustering with the Full Order constraining
strategy (CLK-Full order) gives the best overall performance. Readers are
referred to Guo et al. (2005) and Guo (2008) for the technical and
computational details of the six methods of regionalization.

RedCap consists of two basic steps. In the first, which is based on the
interactive algorithms of the Self-Organizing Map (SOM) developed by Guo et
al. (2005), the method identifies spatial clusters without imposing any spatial
constraints, i.e. without imposing the constraint of territorial contiguity. The
results of this first step are visually presented by the Unified Distance Matrix of



the SOM, by the Parallel Coordinate Plot (PCP), and by an interactive map of
the area under examination. In the second step, based on a matrix of spatial
contiguity and a set of strategies of spatial constraints, the process of
regionalization is completed. As stated, the results of these two steps are linked
to and visually presented in interactive maps.

3. Data and results

3.1 Input variables

The population of reference is the one of 3,667,780 units resident on January 1,
2012 in the 287 municipalities of the region of Tuscany divided into the 10
provinces of Arezzo, Florence, Grosseto, Livorno, Lucca, Massa Carrara, Pisa,
Pistoia, Prato, and Siena. In particular, use was made for the municipalities
examined of data issued by the Istituto Nazionale di Statistica on the population
as broken down by age and sex. The indicators of demographic structure then
calculated for each municipality on the basis of this information were also
employed in a recent study focused on a more specific territorial context but
again in the region of Tuscany, namely the Florentine Metropolitan Area
(Benassi et al., 2013). The indicators calculated, which are described below,
and the spatial attributes of each municipality constitute the input variables of
RedCap (Guo, 2008), the method of spatial clustering and regionalization
adopted.

The five indicators of demographic structure are (a) the aging index, (b) the
youth dependency ratio, (c) the old-age dependency ratio (d) the structure of the
population of active age, and (e) the ratio of replacement of the population of
active age. The aging index (a) is an indicator of the aging of the population
and consists of the ratio of the population aged 65 and over to the 0—14 age
group. This is a dynamic index in that the aging of a population means both an
decrease in the weight of the very young and an increase in the weight of the
old; in other words, both terms of the ratio change in opposite directions (Livi
Bacci, 1981). The youth dependency ratio (b) and the old-age dependency ratio
(c) are dealt with separately here even though they are part of the total
dependency ratio, a more general demographic indicator of a certain economic
and social importance. These are the ratios of people presumed to be dependent
due to age—the 0-14 age group in the first case and the 65 and over age group



in the second—to the people of active age (15-64), as these are theoretically
responsible for supporting the other two sections of the population (the young
and the old) through their work and economic activities (Livi Bacci, 1981). The
structure of the population of active age (d) is an indicator of the degree of
aging of the population aged between 15 and 64, and consists of the ratio of the
25 older generations (ages 40-64) to the 25 younger generations (15-39)
contained within this segment of the population and destined to take their place.
Finally, the ratio of replacement of the population of active age (e) is the ratio
of those about to exit the population of active age (the 60—64 age group) to
those about to enter it (the 15-19 age group) (Livi Bacci, 1981).

While fairly elementary and also comparatively crude, these indicators are
capable of revealing imbalances in terms of the demographic structure
characterizing the population of a specific area. As is known, these structural
imbalances are substantially attributable to the dynamics of fertility and
mortality of the population over time as well as internal and internationl
migration. All these events (births, deaths, emigration and immigration) have a
substantial—albeit differentiated, especially in our day—impact on the age
structure of a population.

3.2 Spatial clustering with no constraining strategy

On the basis of the input variables, after standardization of the demographic
indicators, RedCap identified 16 clusters of municipalities in the first phase.
This numerosity is due to the dimension of the SOM, namely 4 x 4, which was
chosen out of the various alternatives because it proved to ensure the best result
in terms of cluster differentiation. The results obtained are presented by means
of a multidimensional system composed of three elements: (a) multivariate
mapping, (b) clustering with SOM, and (c) multivariate parallel coordinated
plot (PCP). In each of these, the dimensions represented are multiple and refer
to topographical characteristics of clustering but also more strictly to
dimensions that regard measurement of the individual input indicators in such a
way as to permit the comparison both of clusters and of clusters with the values
of the individual indicators calculated for the area under examination as a
whole (the regional level in our case). It should be noted in this connection that
the PCP is made up of as many axes as there indicators introduced into the
model of spatial clustering and regionalization. Every axis is scaled using the



nested means method so that the central value of each corresponds to the value
of the indicator in question for the regional territory as a whole.

Particular importance attaches to color in the reading of these three
elements. In the multivariate mapping (a), the units (municipalities) with the
same color belong to the same cluster. In the clustering with SOM (b), node
hexagons with similar colors present a lower level of dissimilarity. This
difference can also be seen in the PCP (c), where lines of very different color
refer to clusters that present divergent values of the input indicators. It should
also be noted that the circumference of the node hexagons in (b) and the
thickness of the lines in (c) are indicative of the size of the clusters.

Figure 1 shows that a certain degree of variability exists in terms of
demographic structures (c) and that this variability appears to follow particular
spatial patterns, at least in a certain number of cases. In actual fact, a fairly
large number of municipalities with similar demographic structures, and
therefore belonging to the same cluster or to clusters with a low level of
dissimilarity, quite often prove contiguous in terms of spatial location (Fig. 1a).

On the basis of these results, an exploratory analysis was carried out with
the aim of further classification of the 16 clusters so as to identify 4 primary
groups. The first is characterized by a very high proportion of old people with
respect to a limited presence of young people, and is therefore called the old
group (Fig. 2). It presents high values of (a) the aging index, (c) the old-age
dependency ratio, and (d) the structure of the population of active age.

The municipalities belonging to this first group present territorial
contiguity in some cases. In terms of location, we have municipalities in the
mountain and foothills in areas along the northeast border of Tuscany;
municipalities in insular and coastal areas, albeit with no interruption of
contiguity, and municipalities with a lower level of urbanization in the area of
Chianti (Fig. 2 a).



Figure 1: (a) Multivariate mapping. (b) Clustering with SOM. (c¢) Multivariate
visualization of clusters (parallel coordinate plot)




Figure 2: Group 1 — “Old” (a) Multivariate mapping. (b) Clustering with SOM. (c)
Multivariate visualization of clusters (parallel coordinate plot)




The second or young group consists of municipalities with the opposite age
structure, i.e. a lower proportion of old people and a higher proportion of
young. The demographic profile therefore proves significantly different, as
shown in the PCP (Fig. 3 c). The values of (a) the aging index, (c) the old-age
dependency ratio (d) the structure of the population of active age, and (e) the
ratio of replacement of the population of active age prove far below the regional
average, whereas the youth dependency ratio (b) is high (Fig. 3 ¢).

The municipalities belonging to this second group present a discreet level
of spatial contiguity. They are mostly located on the Tyrrhenian coast and in
areas adjacent to the large urban and industrial agglomerations (Fig. 3 b).

The third or medium group is characterized by a prevalence of
municipalities with demographic profiles not far from the average regional
levels located in the medium and large urban areas of Tuscany (Fig. 4 a, b and
¢). The fourth group (“no name”) consists of municipalities that belong to none
of the above groups due to their demographic characteristics and, in some
cases, also their location. These residual municipalities are few in number and
present no particular territorial patterns (Fig. 5 a, b and c).



Figure 3: Group 2 — “Young” (a) Multivariate mapping. (b) Clustering with SOM. (c)
Multivariate visualization of clusters (parallel coordinate plot)




Figure 4: Group 3 — “Medium” (a) Multivariate mapping. (b) Clustering with SOM. (c)
Multivariate visualization of clusters (parallel coordinate plot)




Figure 5: Group 4 — “No name” (a) Multivariate mapping. (b) Clustering with SOM.
(c) Multivariate visualization of clusters (parallel coordinate plot)




3.3 Regionalization (spatial clustering with spatial constraining strategy)

The results obtained in the first phase of the work were used initially to
calculate a matrix of spatial contiguity and then, therefore as suggested by Guo
(2008), a Complete Linkage Clustering method combined with a Full Order
Constraining Strategy (CLK - Full Order) was applied in order to identify a
cluster of municipalities that are both homogeneous in terms of demographic
structure and spatially contiguous. The constraint was imposed of a maximum
of ten intermediate areas between the municipal and regional levels and a
minimum of about 370,000 for the population resident in each area.

On the basis of these parameters, RedCap identifies six intermediate areas
between the municipal and the regional level (Fig. 6). The result that appears
most evident is that when the constraints indicated above are imposed, the areas
identified lose internal homogeneity in terms of demographic structure, which
indicates that the constraint of territorial contiguity has a substantially negative
effect in this sense. This prompts reflection on the ensuing implications as
regards the organization of services on the part of local authorities. It appears in
fact that the province should not necessarily be seen in terms of territorially
contiguous areas, as this condition impairs the homogeneity of the population in
terms of demographic structure and thus leads to greater fragmentation of the
demand for services.

Above and beyond any considerations of an economic and political
character, it would make no sense, at least in Tuscany, to take the province as a
basis for organizing the provision of services in relation to the demographic
characteristics of the population, i.e. the characteristics that can be plausibly
regarded as determining the demand for the services in question. It would
instead make sense, as shown in the first phase of municipal clustering, to target
a sub-provincial grouping with urban and non-urban areas kept separate. In
point of fact, the clustering of municipalities with no constraints of contiguity
makes it possible to identify territories that are demographically homogeneous
and sufficiently contiguous. Imposing the constraint of contiguity instead gives
us territories of very little homogeneity that are therefore more difficult to
organize in terms of the provision of services.



Figure 6: Regions obtained




4. Concluding remarks

The results show that the Tuscan municipalities can be grouped homogeneously
with respect to the structural characteristics of the resident population at a level
higher than the municipal but not corresponding precisely to the provincial. It
appears in fact that the provincial territory does not present areas that are
particularly homogeneous in demographic terms, which instead emerge for less
extended territories made up of neighboring municipalities that can also belong
to different provinces. Given that the composition by age of the resident
population and its spatial distribution are elements to be taken into
consideration in the planning of policies and the organization of service for a
specific territory, this suggests that the operative spheres of local government
bodies should be identified as areas that are not too large and do not correspond
to the existing provinces. The results obtained through application of the same
demographic indicators and the same method of investigation to the
municipalities of the Florentine Metropolitan Are instead proved satisfactory in
terms of constructions of homogeneous and contiguous supra-municipal areas.
This suggests that if the provinces are abolished, the right approach could be
either to identify local super-areas around metropolitan areas (the actual
existence of which is recognized, as they were instituted in 1991 by a national
law that has yet to be implemented) or, in the extreme case, to operate at the
municipal level.

This naturally leads us to conclude that the aggregations of municipalities
on a regional basis probably present still less demographic homogeneity than
the provincial aggregations. In this sense, a future development of the study
presented should involve municipalities belonging to a number of neighboring
regions. Clustering organized on a multiregional basis would probably result in
aggregations of homogeneous municipalities equal in size to the provinces but
made up in many cases of municipalities belonging to different regions.

A further observation regards the marked internal variability of the
provinces in terms of demographic structure found in the case of Tuscany.
While this is unquestionably related to the demographic indicators used for the
purposes of spatial clustering, it should in any case be pointed out that these are
the ones known to be used for the purpose of planning or redefining public
projects.

In conclusion, a further development of this study, above all in terms of
comparison at the regional level, regards the impact of the usually resident



foreign population. While their presence is certainly reflected in the age
structure of the population, closer analysis could unquestionably lead more
detailed observation.

Finally, we have to say that the results of any kind of regionalization
process also depend on the type and the number of variables adopted.. The
demographic indicators used in this study are the most known and applied in
order to describe the demographic structure of a given population. Nevertheless
a system of weight of these indicators could better summarize the relative
importance of any single variables. If, for example, services for older people
have major economic impact for local administration rather than services for
primary school the regionalization could be computed giving more attention to
the older population rather than to the younger one.
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