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A B S T R A C T

New family structures have emerged in Italy in recent decades, with a trend towards smaller nuclear families
due to demographic, social and economic changes. An aging population, marital disruptions, declining fertility,
and later marriages have contributed to this trend. It is important to understand the changing needs of
families, especially the vulnerable, from both an economic and social perspective. Vulnerability is often related
to economic factors, but people living alone are often at risk. The goal of this study is to classify Italian
municipalities based on the prevailing characteristics of their one-person households, identifying areas of
greater or lesser fragility. This classification constitutes a tool to plan people-based policies. Starting from
the 2020 Italian Permanent Population and Housing Census data, a decision algorithm was used to identify
municipalities according to the different types of their one-person households and to study their geographical
distribution throughout the country. Our results show there is an unexpected heterogeneity that goes far beyond
the classical North–South divide, emphasizing the urgency of approaching the study of economic and social
processes at the local level.
1. Introduction

In the last decades, important changes in family structures and
dynamics have occurred in Italy, and new forms of families have spread
across the country [1–3]. Many demographic and economic factors
have contributed to this transformation. The aging of the population,
declining fertility, longer lengths of stays in the family of origin by
young adults, marital disruptions, and greater age at the time of one’s
first marriage, are the most important determinants of the changes
in family structures and dynamics that have occurred so far [4–8].
These changes are usually associated with the Second Demographic
Transition [9], a macro-demographic transformation that characterize
nowadays most of the Western societies, with different magnitudes
and dynamics [10,11]. In this framework, one of the major changes
is the so called nuclearization process, manifested by the progressive
decrease in the average number of family members and the spread of a
family structure in which multigenerational families are increasingly
rare [12]. This has led to an increase in the number of one-person
households. In the view of Cámara et al. [13], this is one of the most
significant demographic and socioeconomic phenomena that Western
societies have undergone since the mid-twentieth century. Such trans-
formations are related to macroeconomic changes such as the process
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of globalization [14] and the growth of the urban population [15]. But,
as is reasonable, the economy is also affected by these changes.

The growth in one-person households has implications for con-
sumption [16], housing [17,18] and environmental resources [19]. For
instance, when the process of growth of one-person households is linked
with the aging process, the issue of living standards and well-being
emerges [20]. The growth of one-person households is a process of
particular interest in societies where the family has traditionally been
held to be an important factor in determining living arrangements [13].
This is reinforced by the history of Italy, a Catholic country in which
the concept of family was (and in some way still is) highly influenced
by traditional values and religiosity [21]. The relevance of Italy is also
due to the aging process of its population, which is one of the causes of
the growth in one-person households, and which in Italy has reached a
high level [22].

From an economic and social planning perspective, it is necessary
to understand how the needs of families have changed, especially
those of the most vulnerable. The vulnerability of a family is generally
related to economic and social factors [23,24]. However, people living
alone can be reasonably considered to be more likely to be in fragile
situations [25]. In this general framework, the territorial dimension of
the one-person households emerges as a main topic and a challenge
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for applied quantitative research. As proved by many recent contribu-
tions regarding the Italian context [3,26–28], the population dynamics
and changes leading to the transformations fuelled by the Second
Demographic Transition are essentially spatial processes. Therefore, to
implement efficient and useful actions of regional planning and policy
interventions, it is necessary to consider how these processes mani-
fest themselves across spaces [29]. Indeed, territorial contexts are not
neutral elements with respect to the demographic and socio-economic
process that occurred in such areas [30]. For this reason, to study the
geographical distribution of the phenomenon is a fundamental step for
planning and promoting place-based policies [31]. These are policies
which attempt to reduce the gaps between territories in disadvantaged
conditions and those in better conditions, thereby increasing the eco-
nomic competitiveness of the former and the overall level of well-being.
From a more purely demographic point of view, interest lies in a partic-
ular subcategory of these policies, namely those defined by Ladd [32]
as place-based people strategies, which remain territorially targeted
but are oriented towards directly supporting specific groups of the
population who reside in those territories, in our case, the one-person
households. Naturally, to produce adequate statistical information it is
necessary to carry out our analysis at a very fine territorial scale (e.g., a
local scale), that is to say, with reference to Italy, at the municipal level.

In other words, it is necessary to think locally [33]. Before pro-
ceeding further, it is necessary to clearly define some key conceptual
issues as well as the objectives of this paper. Regarding the first point,
it is necessary to provide more details on what is meant, in this
paper, by the term ‘‘vulnerability’’. As is well known, vulnerability
is a multidimensional concept whose definition involves considerable
complexity [34]. Vulnerability, understood as the increased exposure
of a given population to exogenous risk factors and, therefore, as
a potential fragility of the individuals composing that population,
encompasses a range of dimensions including economic, social, and
psychological ones. Thus, phenomena such as economic deprivation,
loneliness and isolation, social exclusion, and marginalization, may
all be linked, more or less interchangeably, to the broader concept
of vulnerability [35]. These phenomena are not mutually exclusive
but often interact with each other, fuelling self-perpetuating vicious
cycles [36]. Indeed, limited economic resources can lead to social
integration problems and, consequently, processes of isolation – even
spatially – of specific segments of the population, which will gradually
become more fragile and more exposed to exogenous shocks, thereby
increasing their level of vulnerability. Territorial contexts where critical
conditions prevail are likely to negatively impact the level of fragility
of an individual residing in those areas, following a macro–micro logic.
From an empirical perspective, the type of dimension of vulnerability
to observe is closely linked to the availability of the data and, in
the case of territorial studies, to the geographic scale at which we
intend to investigate the phenomenon. These two conditions act in
opposite directions. Usually, as we move down the territorial scale,
the availability of data, and particularly individual variables, decreases.
Many survey investigations, while addressing issues closely related to
vulnerability, do not provide estimates below the regional level, a
rather coarse territorial level. A classic example is the Eu-Standard
Income and Living Conditions (Eu-Silc) survey. Our contribution arises
from the need to observe the phenomenon of single-person households
at a very granular geographic scale, that of the municipality. This
condition, as just mentioned, has influenced the choice of data from
among the somewhat limited set of options. Vulnerability is therefore
approached on a meso-scale, characterizing the places (municipalities)
where single-person households tend to concentrate more. The em-
pirical analysis focuses on a combined study of the distribution of
single-person households and the characteristics of the spatial contexts
in which they live. The general idea, therefore, is not so much to mea-
sure the level of vulnerability of single-person households per se, but to
study their territorial distribution on a local scale, taking into account,

at the same time, some characteristics of the places where these families
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reside, which may indicate situations of potential criticality. In doing
so, we will naturally consider some socio-demographic characteristics
of the household as well. For a single-person household to reside in
an area where the percentage of people receiving basic income is
high and where demographic dynamism is low may be indicative of a
(potentially) high level of vulnerability. Therefore, this paper is based
on two assumptions: (i) The vulnerability of a one-person household
depends on both individual characteristics and ecological variables, and
(ii) The vulnerability of one-person households is unevenly distributed
over Italy. The objectives we intend to pursue are: (i) to detect the
major categories of one-person households and (ii) to illustrate their
distribution over Italy.

In order to classify Italian municipalities according to the types
of one-person households within them, data from the 2020 Italian
Permanent Population and Housing Census (PPHC) have been used.
We employ a decision algorithm to identify the types of one-person
families, using various characteristics related to both the family and the
municipality. The decision algorithm leads us to four prevalent types
of one-person household, enabling us to analyse their geographical
distribution and create specific thematic maps.

The remainder of this paper is organized as follows: Section 2
provides an in-depth examination of the phenomenon of the one-person
household in Italy. In Section 3, we introduce the decision algorithm
employed for classifying Italian municipalities based on the key char-
acteristics of one-person households, accompanied by the definition of
the Prevalent One-Person Households type.

Moving forward, Section 4 offers a comprehensive overview of the
data used in applying the decision tree to Italian municipalities. Sec-
tion 5 presents the outcomes, focusing on the geographical distribution
of the Prevalent One-Person Households typology. Lastly, Section 6
engages in a discussion of the results and concludes the paper.

2. One-person households in Italy. Evolution across time and
space

The family is the fundamental and primary unit of any economic
and social system. On the family, and its structure, depends the struc-
ture of consumption and the dynamics of investment, and also the
adoption of demographic and social behaviours (e.g. having less or
more children, migrating, etc.) having economic effects. These pro-
cesses, in turn, influence the family’s structure. Demographers and
social scientists have explored the evolution of the Italian family and
the changes that have defined it [21,37–39].

An extremely significant element has been the marked growth and
spread of one-person households. In Italy this process had assumed
impressive dimensions, making deep changes in the social structures
of society. Fig. 1 shows the temporal dynamics of this process from the
beginning of the 20th century to the present day, both as an absolute
value (panel a) and as a relative weight with respect to the total number
of Italian households (panel b). In 1901, the number of one-person
households was 614,816, constituting 8.8% of all households. In the
same year, the mean size of the households was 4.5, with the larger
households (i.e. the ones with at least 6 persons) constituting 30.0%
of all households. Data coming from the permanent census, in 2021,
certified that the number of one-person households now exceeds 9.6
million, constituting 36.8% of all households and the mean size is 2.2
persons per household. Recently, Lo Conte et al. [39] predicted that the
scenario of the next 20 years (2041) will be characterized by similar
trends: an increase in the number of households, a decrease in their
size, and a significant growth in the number of one-person households.

This is at a national scale, but the differences in the levels and
the dynamics of such changes vary greatly across the country [3].
In 2021, there is a North–South gradient: the highest percentage of
one-person households, considering the total number of households in
each macro-geographical area, is recorded in the Northwest (39.0%),

while in the South, the level is the lowest (32.0%). Referring to the
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Fig. 1. The evolution of household composition in Italy, 1901–2021: households by
number of components (a); percentage proportion of one-person households (b).
Source: Own elaboration based on Istat ‘‘Serie Storiche’’ data (1901–2011) and Istat
Permanent Population and Housing Census (PPHC) 2021 data.

total number of one-person households in Italy, the lowest percentage
is recorded in the Islands (only 10.4% of all one-person households)
while the highest is recorded in the Northwest (29.6%). Territorial
differences increase when we consider a finer geographical scale. A very
high spatial variability is recorded at the municipality level (Fig. 2).
In the left panel (a) the percentage of one-person households at the
municipality level is mapped using the quantile maps. In the right panel
(b) a categorical map is shown, indicating in green the municipalities
where the percentage of one-person households is not higher than
the national level in 2021 (36.8%), red indicates those where the
percentage of one-person households is higher.

Evidently, the territorial distribution of the one-person households
does not present a clear geographical pattern. High percentages (fifth
quintile) of one-person households are recorded both in the inland and
remote areas of Italy, e.g. the Apennine and foothill areas and the
rural or in any case non-urban areas of both northern and southern
Italy and the Islands, and also in the large urban and metropolitan
municipalities such as Rome, Genoa, Milan, Turin, and Venice. Further-
more, the North–South distinction is quite tenuous and, in any case,
not generalizable. On the other hand, the lowest percentages of one-
person households (first quintile) are both in the North, typically in the
municipalities of the Po Valley, but more in general in the surroundings
areas of the large metropolitan municipalities affected by processes of
extensive suburbanization, and in the South and the Islands. This is the
case of Apulia, but also of large areas of coastal Campania and parts of
Sardinia.

The clear differentiation between municipalities with a percentage
of one-person households below the national average and those sur-
passing it (as depicted in the map on the right) underscores the lack of
a distinct North–South pattern. It also emphasizes the significance of
the local context. Moreover, the intra-regional variation is notably pro-
nounced, with only a few regions, particularly Apulia and Lombardy,
exhibiting some attenuation in this variability.
3 
What we have observed clearly indicates the importance of the
local dimension in the study of these phenomena, that is to say the
urgency of thinking locally [33]. In the following paragraphs we will
therefore try to refine the classification analysis taking into account
the local dimension and the different characteristics that may affect
the profiles of one-person households which, as is evident, are inter-
nally very heterogeneous in terms of demographic and socio-economic
characteristics.

3. Methods

We use some characteristics of the municipalities and the one-
person households residing in them to identify, by means of a decision
algorithm, the geographical distribution of Italian municipalities clas-
sified according to the type of one-person household. To do this, we
indicate the municipality by 𝑚, with 𝑌 the target variable defined
as the ratio between the number of one-person households in 2020
and the total population in each municipality 𝑚, and 𝑥𝑚𝑗 denoting the
𝑗th variable observed in municipality 𝑚 (𝑚 = 1,… ,𝑀 ; 𝑗 = 1,… , 𝐽 )
referring to the characteristics of both households and municipalities.

An initial classification is obtained by considering the quartiles of
the distribution of 𝑌 . The municipalities are then divided into four
groups based on the percentage of one-person households residing in
them. Using quartiles can simplify the initial classification process.
The division into quartiles can reduce the complexity of the problem,
making it easier to handle homogeneous groups of municipalities before
applying a more detailed decision algorithm. Applying the decision
algorithm to each of the four groups identified by the quartiles of
the target variable, the municipalities are classified according to the
different combinations of the categories of the variable 𝑋.

3.1. The decision algorithm

A classification tree is chosen for our classification, due to its
simplicity and interpretability. The process of building the tree follows
the greedy procedure outlined in Algorithm 1 of Mastroeni et al.
[40], which seeks to find the optimal data partition. This approach is
commonly used by CART [41] and its popular implementations [42,
43].

In decision tree algorithms, a cost function is used to measure the
effectiveness of splitting a node into child nodes during the construction
of the tree. The goal of a decision tree is to recursively split the data into
subsets based on certain criteria, and the cost function helps determine
the best way to make those splits. The cost function is closely related
to the splitting criteria, which are conditions used to decide how to
split a node into two or more child nodes. The splitting function, i.e. a
function for splitting, used to evaluate the ‘‘goodness’’ of the alternative
splits for a feature, determines the best feature and its corresponding
threshold as follows:
(

𝑗∗, 𝑡∗
)

= arg min
𝑗∈{1,…,𝐽}

min
𝑡∈𝑗

[

cost
({

𝐱𝑚, 𝑦𝑚 ∶ 𝑥𝑚𝑗 ≤ 𝑡
})

+

+cost
({

𝐱𝑚, 𝑦𝑚 ∶ 𝑥𝑚𝑗 > 𝑡
})]

where the cost function for a given dataset will be defined below. Here,
𝑗 represents the set of possible thresholds for feature 𝑗, which can be
derived by sorting the distinct values of 𝑥𝑚𝑗 . For example, if feature 1
takes the values {4.5,−12, 72,−12}, then we define 1 = {−12, 4.5, 72}.
In the case of real-valued inputs, we compare a feature 𝑥𝑚𝑗 to a numeric
value 𝑡. For categorical inputs, we consider splits of the form 𝑥𝑚𝑗 = 𝑐𝑘
and 𝑥𝑚𝑗 ≠ 𝑐𝑘 for each possible class label 𝑐𝑘. The training set  is then
divided into two subsets: the left subtree 𝐿 and the right subtree 𝑅,
using a single feature 𝑗 and a threshold 𝑡.

The function that determines whether a node is suitable for splitting
employs a stopping heuristic based on the cost reduction 𝛥:

𝛥 ≜ cost() −
(

|

|

𝐿
|

| cost
(

𝐿
)

+
|

|

𝑅
|

| cost
(

𝑅
)

)

|| ||
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Fig. 2. Geographical distribution (%) of one-person households in Italy, 2021 (a) and quantile details (b).
Source: Own elaboration based on Istat Permanent Population and Housing Census (PPHC) 2021 data.
To define the cost of a classification, we use impurity functions. Let 𝑓
denote an impurity function, and define the impurity of a node 𝐴 as
follows:

𝐼(𝐴) =
𝐶
∑

𝑘=1
𝑓
(

𝑝𝑘𝐴
)

(1)

Here, 𝑝𝑘𝐴 denotes the proportion of individuals in node 𝐴 belonging to
class 𝑘 (in our case, 𝐶 > 2).

We consider two potential candidates for 𝑓 : the information entropy
𝑓 (𝑝) = −𝑝 log(𝑝) and the Gini index 𝑓 (𝑝) = 𝑝(1 − 𝑝). In this paper,
our algorithm splits the tree based on the Gini index. To determine
the importance of a variable, we calculate the reduction in the Gini
index associated with each variable at each split and then sum these
reductions.

The approach adopted in this context is to initially grow a large
tree, denoted by 𝑇0, and then prune it to identify an optimal subtree.
We define a subtree, 𝑇 , as any tree that can be derived by pruning
𝑇0, and we use |𝑇 | to denote the number of terminal nodes in 𝑇 . Each
node, 𝐴ℎ, corresponds to a region with 𝑁ℎ observations, and the node
𝐴 referenced in Eq. (1) is just one of them. Therefore, we introduce a
cost complexity criterion as follows, following [44]:

𝐿𝛼(𝑇 ) =
|𝑇 |
∑

ℎ=1
𝑁ℎ𝐼

(

𝐴ℎ
)

+ 𝛼|𝑇 | (2)

In this equation, 𝐼
(

𝐴ℎ
)

= 𝐼
(

𝐴ℎ, 𝑇
)

as defined by Eq. (1), and 𝛼 is a
complexity parameter. The objective is to identify the optimal subtree
that minimizes 𝐿𝛼(𝑇 ). Larger (smaller) values of 𝛼 result in smaller
(larger) subtrees. For instance, when 𝛼 = 0, the solution corresponds
to the full tree, 𝑇0.

We used the method of cross-validation, with 10-fold cross-validation
repeated 10 times. This is a technique used to evaluate the performance
of a machine learning model. In this approach, the dataset is randomly
divided into 𝑘 non-overlapping subsets (folds). The model is trained on
𝑘 − 1 folds and tested on the remaining fold. This process is repeated
𝑘 times, using each fold exactly once as the test set. In the case of
repeated cross-validation, this process is repeated multiple times over
different random splits of the data. This helps reduce the variance
in the estimation of the performance of the model resulting from the
randomness of the data split.
4 
Ten-fold cross-validation is a specific instance of cross-validation,
one in which the dataset is divided into 10 folds. Out of these, 9 folds
are used for training and 1 fold is used for validation. This process is
repeated 10 times so that each fold is used exactly once as the test set.
Finally, the performance of the model is computed as the average of
the performances obtained in each of the 10 iterations.

The complexity parameter is chosen from among those that, over
the different folds (10 in our case), minimize the accuracy.

3.2. Multiclass metrics assessment for map classification

Since we consider the quartiles of the distribution of 𝑌 , we have a
multiclass problem unlike what we had in a previous paper [45], where
we examined the binary case.

For multiclass models, the definition of the accuracy can be ex-
tended from binary classification to encompass multiclass problems.
In the case of multiclass accuracy assessment, the overall accuracy
is calculated by considering the number of true positives across all
observations. The evaluation of accuracy in multiclass classification
involves using a confusion matrix, where the predicted class is depicted
in the rows and the observed class is depicted in the columns [46,47].

To determine the overall accuracy for a multiclass problem, the
main diagonal of the confusion matrix is summed, giving the total
number of correct observations. The resulting sum is then divided by
the total number of pixels in the error matrix. This approach provides
a comprehensive measure of accuracy for multiclass classification. For
instance, in Eq. (3),

𝛺 =

⎛

⎜

⎜

⎜

⎜

⎜

⎜

⎝

Class 1 2 … 𝐶 Total
1 𝜔1,1 𝜔1,2 … 𝜔1,𝐶 𝜔1,⋅
2 𝜔2,1 𝜔2,2 … 𝜔2,𝐶 𝜔2,⋅
⋮ ⋮ ⋮ … ⋮ ⋮
𝐶 𝜔𝐶,1 𝜔𝐶,2 … 𝜔𝐶,𝐶 𝜔𝐶,⋅

Total 𝜔⋅,1 𝜔⋅,2 … 𝜔⋅,𝐶 𝑛

⎞

⎟

⎟

⎟

⎟

⎟

⎟

⎠

(3)

the confusion matrix 𝛺 illustrates the relation between the predicted
and the observed classes. E.g., 𝜔𝑘,𝑘′ denotes the number of observations
classified as type 𝑘′ when they are actually of type 𝑘; 𝐶 is the number
of rows and columns of the matrix and corresponds to the number of
classes. By 𝛺[𝑘, 𝑘′], we denote the entry of the confusion matrix at row
𝑘 and column 𝑘′.
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The overall accuracy is computed as the sum of the number of
correct observations for each class (𝜔𝑘𝑘) divided by the total number
f observations (𝑛):

ulti-Class Accuracy =
∑𝐶

𝑘=1 𝛺[𝑘, 𝑘]
∑

𝑘,𝑘′ 𝛺[𝑘, 𝑘′]
= 1

𝑛

𝐶
∑

𝑘=1
𝛺[𝑘, 𝑘] (4)

In the context of binary classification tasks, Precision is defined as the
ratio of True Positives to the total number of positive predictions of
the model (the column sum of the predicted positives). Specifically,
True Positive refers to elements labelled as positive by the model that
are indeed positive, while False Positive refers to elements labelled as
positive by the model that are actually negative.

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

‘Recall’ is the ratio of True Positive elements to the total number of
units actually belonging to the positive class (the row sum of actual
positives). In this case, False Negative represents elements labelled as
negative by the model that are actually positive.

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

‘Recall’ assesses the model’s predictive accuracy for the positive class,
measuring its ability to identify all positive units in the dataset.

The extension to multi-class problems involves aggregating values
over rows or columns of the confusion matrix. Assuming the matrix is
oriented such that a specific row corresponds to a particular ‘‘truth’’
value, the Precision and Recall for class 𝑘 are calculated as follows:

Precision𝑘 = 𝛺[𝑘, 𝑘]
∑

𝑘′ 𝛺[𝑘′, 𝑘]

Recall𝑘 = 𝛺[𝑘, 𝑘]
∑

𝑘′ 𝛺[𝑘, 𝑘′]

n other words, Precision represents the proportion of instances where
lass 𝑘 was correctly identified out of all instances where the algorithm
dentified 𝑘, while Recall is the proportion of instances where class 𝑘
as correctly identified out of all instances where the true state of the
orld is 𝑘.

.3. Prevalent one-person household type

Applying the decision algorithm to the municipalities of Italy, we
btain multiple classes of municipalities for each quartile, namely, the
lgorithm leads to a total of 50 classes of municipalities (𝑐𝑘, where 𝑘 =

1,… , 50). Since the aim of this paper is to classify Italian municipalities
according to the prevailing characteristics of their one-person house-
holds, only the ‘barycentre’ class was considered for each quartile. We
define the barycentre class as the one to which the largest number of
municipalities belong, i.e. the class that saturates the quartile the most
in terms of statistical units (municipalities). The 𝐽 variables’ categories
combination corresponding to the barycentre, defines the Prevalent
One-Person Household type (POPH).

This yields 4 groups of municipalities – one for each quartile – with
which to study the geographical distribution. Municipalities in each
quartile that do not fall in the ‘barycentre’ (residuals) are excluded from
the analysis.

Fig. 3 shows the distribution of the percentage frequencies of munic-
ipalities, by quartiles and classes. It is evident that in each quartile, the
municipalities excluded from the analysis – those that do not belong to
the barycentre class – are distributed among the remaining classes quite
evenly with a very low frequency. For this reason, in order to summa-
rize the characteristics of the most frequent one-person households in
Italy, we have excluded from the analysis all municipalities that do not
fall within the POPH of each quartile. However, since the percentage
of excluded municipalities is not negligible (Table 3), it is necessary
to verify whether they define a specific pattern, different from that of
the municipalities falling within the POPH. The results of the analysis
conducted on the municipalities excluded from the POPH are reported
in Section 5.
5 
4. Data description

In order to classify Italian municipalities according to the types of
one-person households, data from the 2020 Italian Permanent Popu-
lation and Housing Census (PPHC) on households residing in Italian
municipalities are used, jointly with information coming from other
administrative archives of Istat.

Specifically, the characteristics referring to the one-person house-
holds are age (AGE), sex (SEX), citizenship (CIT), ownership of one
or more dwellings (DWE), ownership of one or more cars (CAR), ed-
ucational level (EDU), and whether they receive citizenship income or
not (CIN). For each of the characteristics of the one-person households,
we have a set of variables corresponding to each of the categories
of a specific characteristic. For example, for AGE, whose categories
are 18–34, 35–66, and 67 and over, we have three variables: the
number of one-person households between 18 and 34 years old; the
number of one-person households between 35 and 66 year old; and the
number of one-person households over 67 years of age. Specifically, the
characteristics of the one-person households are defined as follows:

• For SEX, we have two variables, counting, respectively, the num-
ber of male (M) and female (F) one-person households in each
municipality.

• For CIT, there are two variables, counting, respectively, the num-
ber of Italian (IT) and foreign (NoIT) one-person households in
each municipality.

• For DWE, there are three variables, counting, respectively, the
number of one-person households owning 0, 1 or 2 or more
houses, in each municipality.

• For CAR, there are three variables, counting, respectively, the
number of one-person households owning 0, 1 or 2 or more cars,
in each municipality.

• For EDU there are eight variables, counting the number of one-
person households that are Illiterate (ILL), Literate with no edu-
cational qualification (LWD), having a primary school level (PRI),
a secondary school level (SEC), an high school level (HIG), a first
level degree (FLD), a secondary level degree (SLD), and a Ph.D.
(PHD), in each municipality.

• For CIN, there are two variables, counting, respectively, the num-
ber of one-person households receiving (CIYes) or not (CINo)
citizenship income, in each municipality.

Istat also provides the interactions between some of these variables:
for example, we have the variable counting the number of male (or
female) one-person households for each of the three age classes 18–
34, 35–64, and 65 and over. The available interactions refer to the
categories of AGE combined with those of all the other characteristics
of the one-person households just described. Moreover, we consider
6 contextual characteristics of municipalities: geographic macro-area
(GA), and region (REG), referring respectively to the administrative
division of the Italy into 5 macro-areas (Northwest, Northeast, Centre,
South, Islands) and 20 regions; degree of urbanization (DU) [48],
classifying municipalities into Cities (CITY), Small towns or suburbs
(SCITY) and Rural areas (RURAL) according to the classification based
on the criterion of geographical contiguity and minimum density and
population thresholds of the regular grid with 1 km2 cells; capacity of
elderly care homes (BED), considering two variables, BED1 – number
of beds available in elderly housing facilities – and BED2 number of
guests in elderly housing facilities. Furthermore, we consider the local
wealth variable (WEA). The variable WEA is a proxy of local wealth
obtained from the total amount of the personal income tax paid and
the number of taxpayers in each municipality, both derived from 2019
tax returns.

As for the geographical data (shape files), these are related to the
Italian municipalities and are provided by the Italian National Institute
of Statistics on its official website. The thematic maps were obtained
using QGIS Desktop version 3.20.2.
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Fig. 3. Distribution of municipalities (%), by quartiles of target variable and decision tree classes.
Table 1
Municipalities distribution (%) by geographical area, region and quartile.

Geographical area Region 𝑄1 𝑄2 𝑄3 𝑄4 Total

North Piedmont 11.26 22.35 29.47 36.92 100.00
Valle d’Aosta 0.00 1.35 22.97 75.68 100.00
Lombardy 37.58 32.20 16.33 13.88 100.00
Veneto 61.46 18.29 9.95 10.30 100.00
Friuli-Venezia Giulia 15.35 29.77 30.23 24.65 100.00
Emilia-Romagna 13.41 36.89 26.52 23.17 100.00
Liguria 0.85 4.70 21.37 73.08 100.00
Trentino-Alto Adige 9.22 37.94 39.01 13.83 100.00

Total North 32.51 28.48 19.63 19.37 100.00

Centre Marche 9.22 37.94 39.01 13.83 100.00
Lazio 12.17 22.75 30.69 34.39 100.00
Tuscany 22.34 23.08 31.87 22.71 100.00
Umbria 9.78 30.43 46.74 13.04 100.00

Total Centre 13.85 27.71 34.73 23.71 100.00

South and Islands Abruzzo 21.64 21.31 22.95 34.10 100.00
Basilicata 8.40 22.14 29.01 40.46 100.00
Calabria 18.32 22.28 34.41 25.00 100.00
Campania 39.82 21.09 22.36 16.73 100.00
Molise 5.88 19.12 29.41 45.59 100.00
Apulia 51.36 24.51 16.34 7.78 100.00
Sardinia 13.53 22.81 27.32 36.34 100.00
Sicily 20.51 25.90 33.08 20.51 100.00

Total South and Islands 25.14 22.59 26.82 25.45 100.00

Italy 26.85 26.12 24.68 22.35 100.00

5. Results

As we have already described in Section 3, the municipalities were
initially classified according to the quartiles of the target variable;
thus, for example, the first quartile contains all municipalities in which
the percentage of one-person households out of the total number of
residents in the municipality does not exceed 25%. This initial classi-
fication shows that the regional distribution of one-person households
in Italy is not homogeneous (Table 1).

Differences are found both between regions belonging to the same
macro-area and between regions belonging to different macro-areas.
Among the northern regions, Piedmont, Valle d’Aosta and Liguria
6 
register the highest percentage of municipalities belonging to Q4, with
percentages above 70% in the latter two regions. These regions are
marked by a limited number of urban centres and a monocentric struc-
ture. It is noteworthy that Lazio, in the Centre, and, in the breakdown
of the South and the Islands, Abruzzo, Basilicata, Molise, and Sardinia,
share this common characteristic.

Nevertheless, the heterogeneity is substantial, and each regional
context possesses its unique identifying profile. Geographically exten-
sive and populous regions such as Lombardia and Veneto, in the North,
Campania and Apulia, in the South and the Islands, record the majority
of municipalities classified as Q1. Emilia Romagna, located in the
macro-area of the North, is the only regional context where a majority
of municipalities classified in Q2 are recorded, whereas the remaining
regions record the majority of municipalities classified in cluster Q3.
Note that this occurs in three out of four regions in the Centre while in
only two out of eight regions in both the North and the South and the
Islands.

For a deeper assessment of the adequacy of the choice of using
quartiles instead of a different classification of municipalities, we com-
pared the results in terms of the accuracy of the decision tree, with
those obtained in the case of a different distribution of municipalities.
In particular, Appendix A shows the results for the transition from
the 4 groups defined by the quartiles to the 7 groups inferred from
the empirical distribution of the units. The performance of a 7-group
classification is significantly lower than that obtained by grouping
municipalities into quartiles.

A decision tree as described in Section 3.1 is applied with the full
set of the 𝐽 variables described in Section 4. The resulting multi-class
accuracy is 0.96, with the recall and precision presented in Table 2. In
our case, the complexity parameter 𝛼, defined by (2), is near to zero:
𝛼 = 0.0002812148, indicating a decision tree that is close to being the
full tree.

The application of the decision algorithm to each of quartiles results
in a classification into subgroups of homogeneous municipalities with
respect to the category combinations of the 𝐽 variables.

The decision algorithm leads to the identification of 50 classes of
municipalities; some of these classes have a small number of munici-
palities. To synthesize the phenomenon according to its most frequent
characteristics and thus provide a key for easily reading its distribution
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Fig. 4. Outline of the classification procedure for Italian municipalities.
Table 2
Multi-class precision and recall.

Class Precision Recall

Q1 0.970 0.980
Q2 0.954 0.949
Q3 0.950 0.959
Q4 0.985 0.970

across Italy, from the classification provided by the decision algorithm
we consider for each quartile only the class that contains the largest
number of municipalities (i.e. the barycentre).

The barycentre in each quartile is defined as the Prevalent One-
Person Household type (POPH). Fig. 4 shows an outline of the proce-
dure for classifying Italian municipalities into POPHs.

The barycentre classes, i.e. the four POPH types, have different
weights in terms of the number of municipalities (Table 3). The residual
municipalities, i.e. those that do not fall into any of the four POPH
types, number 2264 and correspond to 28.6% of the total number of
Italian municipalities. However, since the number of municipalities
excluded from the territorial representation is quite high, especially
in quartiles Q2 and Q3 (Table 3), we conducted a further analysis
to verify whether the excluded municipalities exhibit significantly dif-
ferent characteristics from those included in the POPH. Firstly, we
compared the means and standard deviations of each of the 𝐽 variables
used, calculated for Italy, for the four quartiles, and for the 4 POPH.
The results (Table B.6, in the Appendix) show the consistency of the
results between the different groups of municipalities Secondly, to
investigate further the differences between the municipalities included
in the POPH and those excluded, for each quartile of the target variable
we conducted a test for the difference between means (average number
of one-person households exhibiting a specific variable’s category) of
all the variables used to define the profiles, considering two reference
groups for each quartile: municipalities belonging to the POPH and
those excluded. At a significance level of 𝛼 = 0.01, the results of the
analysis (Table B.7, in the Appendix) show that for the first and fourth
quartiles, the difference between means is significantly equal to zero for
all variables, while in the second quartile, the means are significantly
different from zero only with reference to four variables: Education-
Illiterates, Bed1 (beds in facilities for the elderly) and Bed2 (guests in
facilities for the elderly), and Wealth. In the first case, it concerns a very
rare characteristic of individuals in Italy (the percentage of illiterates in
2020 is 0.5%) [49]. The second and third cases concern the variables
counting the number of beds and guests in facilities for the elderly,
which differ significantly from the average of municipalities included
in POPH2 only for 6 large cities (Genoa, Milan, Padua, Bologna, Rome,
Palermo). Large cities in Italy can be considered as special cases with
respect to the variable BED, as they exhibit values of the capacity
of elderly care facilities that are very different from those of smaller
and more numerous municipalities. The fourth case refers to a proxy
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of the wealth of municipalities, which in the second quartile presents
average values of 19,431.04 euros in municipalities included in POPH2
and 18,400.04 euros in municipalities excluded from POPH2. Since the
differences highlighted by the test appear to be of slight magnitude
and related to particular cases, we prefer a synthetic representation of
the phenomenon using the group of municipalities in POPH2 already
identified. The test provides completely different results in the case of
the third quartile. For municipalities in the 3rd quartile, there exists
a difference between the means of the two groups of municipalities,
significantly different from zero for almost all considered variables.
Therefore, with reference to only the municipalities in the 3rd quartile
that do not fall into POPH3, we repeated the classification using
the decision algorithm to determine whether these municipalities, not
represented in terms of household characteristics by the POPH3 profile,
present specific peculiarities defining spatial patterns different from
those already identified with the first classification. The results of
this analysis are presented in the Appendix and clearly show that
the decision algorithm does not classify municipalities into homoge-
neous groups with acceptable reliability. In other words, this highlights
that one-person households residing in municipalities excluded from
POPH3, although having different characteristics from households in
municipalities included in POPH3, are very heterogeneous internally
and do not allow for a geographic representation that can highlight
particular patterns of their spatial distribution.

In Fig. 5, the top 10 variables used in the classification model,
ranked by their importance, are presented: Citizenship Income, Citi-
zenship, Sex, Age, and Car Ownership. As already seen in Section 3,
the algorithm splits the tree based on the Gini index. To determine
the importance of a variable, we calculate the reduction in the Gini
index associated with each variable at each split and then sum these
reductions, which are presented in Fig. 5 for the top 10.

It is worth emphasizing that the inclusion or exclusion from citizen-
ship income plays a pivotal role in defining all categories within the
POPH classification. In each split of the decision tree, the importance of
a variable is calculated by measuring how much the split based on that
variable has contributed to reducing the overall Gini index compared to
the situation where no such split would have occurred. The importance
assigned to a variable in a specific split is the difference between the
Gini index before and after the split. The greater the reduction in the
Gini index, the higher the importance attributed to that variable. The
importance of a variable is then tabulated by summing the reductions
in the Gini index attributed to that variable across all splits in the
tree. It is important to note that even variables that were not actually
used to split the data in a particular division will contribute to their
importance, as the model considers all variables as potential candidates
for splitting.

Table 4 explicitly presents the combinations of features of the 𝐽
variables defining the POPH class.

From Table 4, it is possible to deduce the prevalent characteristics of
the municipalities belonging to the POPH in each of the quartiles. The
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Fig. 5. Variable importance (top 10).
Table 3
Number of municipalities in the POPH class, by quartiles.
Quartile Number of

municipalities
Number of municipalities
in POPH class

Percentage of municipalities in the POPH class
out of total municipalities in each quartile

Q1 1976 1736(𝑐7) 87.8
Q2 1976 1112(𝑐18) 56.2
Q3 1975 1199(𝑐35) 60.7
Q4 1976 1592(𝑐50) 80.5
Total 7903 5639
Table 4
Combination of 𝐽 variables’ categories defining the POPH classes, by quartiles.

POPH Variables

Citizen Income Citizen Income Citizenship Age

POPH1: foreign citizens
and in working age with
high potential vulnerability

Percentage of one-person
households not receiving
citizenship income less
than 29%

Percentage of Italian
one-person households less
than 29%

Percentage of non-Italian
one-person households
aged between 18 and 34
less than 1.4%

POPH2: medium–high
potential fragility, with
mixed citizenship who own
a car

Percentage of one-person
households not receiving
citizenship income between
29.7% and 32.9%

Percentage of one-person
households receiving
citizenship income between
0.5% and 3.3%

Percentage of Italian
one-person households less
than 32.8%

Percentage of one-person
households aged between
18 and 34 without a car
less than 3%

POPH3: medium–low
potential fragility, with a
mixed composition of
citizenship

Percentage of one-person
households not receiving
citizenship income between
29.6% and 38.4%

Percentage of Italian
one-person households
between 33.8% and 39.9%

Percentage of one-person
households aged between
35 and 66 between 12.3%
and 21.5%

POPH4: low potential
fragility

Percentage of one-person
households not receiving
citizenship income greater
than or equal to 40.7%
POPH of the first quartile (POPH1) consists of municipalities (𝑐7) where
the percentage of one-person households receiving citizenship income
is high (at least 71% of the families in POPH1 receive citizenship
income). It is therefore characterized as a group of municipalities
with high economic vulnerability and a high presence of one-person
households of non-Italian citizenship, especially of working age (mostly
over 34 years old). POPH1 can be defined as ‘‘foreign citizens and of
working age with high potential vulnerability’’. The spatial distribution
of the municipalities (Fig. 6) reveals diverse patterns with certain
consistencies: Emilia Romagna stands out with a notably low number
of municipalities falling into this category, while considerable concen-
trations are observed in Apulia and Campania, particularly in proximity
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to the regional capitals. Additionally, there are notable concentrations
in some central regions such as Marche, especially along the coast, and
in specific areas of southern Lazio. The Islands (Sicily and Sardinia)
also exhibit a significant presence, particularly close to their respective
regional capitals. Regions characterized by high population density
include those with intense urbanization in Veneto and Lombardy,
outlining a densely populated and intricate spatial continuum.

Among the 14 metropolitan city capitals in Italy, only Naples
and Palermo belong to POPH1, underscoring how the potential vul-
nerability dimension primarily impacts central urban areas. In other
metropolitan cities, especially in the North, the suburbs are more
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Fig. 6. Italian municipalities by POPH of each quartile.

affected by these dynamics, signalling extensive suburbanization pro-
cesses that have, to some extent, ‘‘weakened’’ the outskirts of these
areas, mirroring trends observed in other Southern European con-
texts [28,50,51].

The POPH of the second quartile (POPH2) comprises a collection of
municipalities (𝑐18), primarily situated in non-central areas of Italian
provinces (Fig. 6), where the percentage of one-person households
receiving citizenship income is slightly lower than in POPH1. Addition-
ally, the presence of one-person households with foreign citizenship is
slightly less compared to POPH1.

Municipalities falling into POPH2 also exhibit a distinct characteris-
tic, which is ownership of cars. POPH2 can be defined as ‘‘medium-high
potential fragility, with mixed citizenship (Italians and foreigners) who
own a car’’. The occurrence of municipalities falling under POPH2 is
more evident in Central-Northern Italy than it is in the South, where
the number of such municipalities is notably lower. Specifically, in
Central-Northern Italy, a substantial number of POPH2 municipalities
are situated in the proximity of major metropolitan city, such as Mi-
lan, Turin, Venice, Florence, Bologna, and Rome, albeit with varying
degrees of intensity and geographic spread. The predominant charac-
teristic of the municipalities within POPH2 is their non-rural nature,
and the overall geographic distribution mirrors that of municipalities
representing the third quartile (POPH3).

Municipalities falling under POPH3 (𝑐35) are typically small in size
and are often situated in inland areas of Italy, predominantly charac-
terized as non-urban. This typology can be described as ‘‘medium-low
potential fragility, with a mixed composition of citizenship’’. These
municipalities are distributed to varying degrees across all regions, with
a notable concentration in the South, especially in insular areas such
as the Ogliastra region in Sardinia, which experiences a comparatively
higher impact from this type of municipality.

The municipalities within the POPH4 category (𝑐50) are primarily
distinguished by their geographical features. POPH4 encompasses all
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the principal municipalities of Metropolitan Cities in Central-Northern
Italy: Milan, Turin, Genoa, Venice, Bologna, Florence, and Rome, as
well as Cagliari, which belongs to the southern and island macro-
area. Municipalities classified under POPH4 are characterized by ‘‘low
potential fragility’’, mainly consisting of single Italian individuals with
a relatively higher age. These are households of elderly individuals
residing alone in major cities, often owning the property they live in
and receiving pensions (with a lower percentage of citizenship income
recipients compared to other POPH categories). The vulnerability of
one-person households in POPH4 municipalities is, therefore, lower.
This might seem counterintuitive given their elderly demographic;
however, one-person households in urban areas, particularly in Central-
Northern Italy, often include individuals without profiles of fragility.
It is noteworthy that the other metropolitan city capitals, specifically
those in the South, excluding Cagliari, do not fall within this particular
classification.

Supporting this conclusion, various empirical studies have indi-
cated that the well-being of individuals living alone, primarily in
metropolitan areas, tends to be comparatively higher among the elderly
demographic than among the younger population [25]. Additionally,
it is crucial to highlight that metropolitan regions, particularly in
Italy, and specifically in Central-Northern contexts, enjoy a greater
provision of infrastructure and demographic dynamism [52]. In the
POPH4 classification, there are also municipalities that are notably
aged and typically non-urban, concentrated mainly along the Apennine
ridge and in regions characterized by advanced age, such as Liguria,
which registers a significant number of municipalities falling under
POPH4 (Fig. 6). Similarly, these municipalities are often found along
border areas, particularly in alpine and pre-alpine zones.

6. Discussion and conclusion

Space is a continuous variable, and any classification and synthesis
of it is necessarily partial and improvable [53]. However, the loss of
information due to synthesis is an unavoidable aspect when dealing
with spatially varying processes, on the one hand, and with fragmented
and heterogeneous territories on the other. Their classification, fur-
thermore, becomes a necessary condition for the adoption of effective
policies that truly support the needs of inhabitants. To achieve this goal,
it is necessary for policies to be territorially targeted; the territory, in
fact, is not a neutral element for these policies but interacts with them,
often determining their success or failure [54].

Italy is a privileged laboratory for studies and research in this
field. It is characterized by profound and lasting territorial imbal-
ances, both of an economic and demographic-social nature. Growing
territories, typically urban areas in the Centre-North, are opposed to
others in systematic decline, becoming increasingly marginal and more
exposed to exogenous shocks, both natural and economic [55]. These
differential trends hide many other diversities and are often linked to
broader processes, such as the spread of single-person households. The
latter phenomenon, considered by many as the most significant change
in industrialized societies in recent decades, is projected to continue
relentlessly and unavoidably in the near future, according to recent
forecasts [39].

In the present paper, which constitutes an exploratory analysis, Ital-
ian municipalities have been categorized according to certain attributes
of their one-person households, establishing connections between these
features and the geographical placement of the municipalities. The
decision algorithm employed for the classification has facilitated the ex-
amination of the probability distribution across numerous combinations
of family and municipal variables, leading to an intelligible synthesis
of the phenomenon.

A decision algorithm, something still rarely applied in geographic
studies, provides some useful insights in terms of representing a social
phenomenon on a local scale. In particular, the extensive use of much
statistical information at a very detailed and granular geographic level
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has allowed us to propose a taxonomy of Italian municipalities that
shows how local heterogeneity is an indispensable element and con-
firms the urgency and importance of thinking locally [33]. All of this
also underscores the importance of producing increasingly detailed and
timely municipal-based statistics to refine classification studies and,
hopefully, enable the adoption of ever more efficient and effective
policies.

The present study is not without some limitations that are important
to briefly mention. The analysis refers to only one year and should
therefore be considered partial. Some aspects that emerged could be
linked to temporary conditions which, especially when the analysis is
conducted at a very fine geographic scale like that of municipalities, can
sometimes have a significant impact on the results. On the other hand,
having a greater number of temporal observations could allow the iden-
tification of more structural aspects as well as possible transitions in
the state of municipalities. Another limitation is that the classification
method adopted here is essentially a non-spatial approach, in the sense
that the spatial attributes of the elementary units (the municipalities)
do not directly (explicitly) enter the analysis, which indeed does not
consider any neighbourhood structure (no spatial weights matrix) or
any spatial constraint. While this allows obtaining a classification less
constrained by contiguity conditions, which often bias the results,
especially when contiguous spatial partitions (i.e. regionalization) are
desired, it is a limitation both methodologically and substantively, as
the clusters obtained are often formed by municipalities that are very
far apart from each other, posing a challenge to the implementation of
specific policies.
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Fig. A.7. Histogram of the Target variable.

Table A.5
Multi-class precision and recall.

Class Precision Recall

Q1 0.942 0.971
Q2 0.927 0.959
Q3 0.909 0.925
Q4 0.907 0.845
Q5 0.887 0.922
Q6 0.962 0.850
Q7 0.924 0.984

Appendix A. Transition from 4 to 7 classes

We considered the empirical distribution of a target variable given
by the histogram represented in Fig. A.7. We assigned the data in the
first two columns of the histogram to class Q1, the data in the five
central columns to classes Q2–Q6, and the remaining tail of the data to
class Q7. This classification scheme increases the number of classes in
the classification problem from 4 to 7.

In our case, the complexity parameter 𝛼, as defined by (2), is
approximately ten times greater than that for the case with 4 classes,
specifically 𝛼 = 0.002173484. In Fig. A.8, the depiction of the top
10 variables employed in the classification model with 7 classes is
presented.

The resulting multi-class accuracy is 0.915404, with the recall and
precision presented in Table A.5. The expansion of our classification
problem from 4 to 7 classes has led to notable changes in the perfor-
mance metrics. In particular, the overall accuracy has decreased from
0.9646 in the 4-class scenario to 0.9154 in the 7-class scenario. Ex-
amining the precision and recall for individual classes provides deeper
insights into the nuances of the model’s performance. In the 4-class
setting, the precision ranged from 0.950 to 0.985, with recall ranging
from 0.949 to 0.980. Notably, the model achieved high precision and
recall for each of the four classes, indicating a robust ability to correctly
identify instances belonging to those categories. However, with the
transition to a 7-class problem, the precision and recall exhibit more
variability. While precision remains relatively high for several classes,
there is a noticeable decline for some, with Q4 decreasing from 0.985
to 0.907. This reduction in precision suggests that, in the 7-class
scenario, the model is less precise in correctly classifying instances for
certain classes. Additionally, the values of the recall also vary, with
Q7 standing out with a remarkable increase from 0.970 to 0.984. On
the other hand, Q4 shows a substantial decrease in recall from 0.970
to 0.845. These shifts in recall indicate changes in the model’s ability
to capture all instances belonging to a particular class. Hence, the
expansion to a 7-class classification problem introduces both challenges
and opportunities. The model’s overall accuracy decreases, reflecting
the increased complexity of distinguishing between seven classes. Pre-
cision and recall highlight the trade-offs and variations in the model’s
performance across individual classes, emphasizing the importance of
a nuanced evaluation when dealing with a higher number of classes in
a multiclass classification problem.



F. Benassi et al.

T
M

Socio-Economic Planning Sciences 95 (2024) 102014 
Fig. A.8. Variable importance (top 10) for the classification model with 7 classes.
able B.6
ean and standard deviation of the number of one-person households for each of the characteristics of the one-person households, by group of municipalities.

Variables Group of municipalities

Italy Q1 POPH1 Q2 POPH2 Q3 POPH3 Q4 POPH4

Mean StD Mean StD Mean StD Mean StD Mean StD Mean StD Mean StD Mean StD Mean StD

Age 18 − 34 137.89 1361.71 98.03 313.89 101.27 333.56 111.16 239.72 112.93 238.16 130.27 373.23 90.53 242.94 212.11 2667.55 234.48 2962.53
35 − 66 559.92 4544.90 459.90 1567.41 477.38 1667.09 491.22 958.71 525.31 967.08 550.62 1448.18 392.39 1028.67 737.95 8782.17 804.53 9752.32
67+ 472.56 3022.53 423.72 1378.41 443.50 1466.77 445.31 849.09 461.18 822.17 476.35 1169.85 361.05 884.07 544.85 5705.66 588.03 6332.59

Sex Male 532.33 4009.19 440.38 1378.33 456.07 1465.29 475.13 895.35 498.80 885.43 526.79 1322.76 383.69 941.74 687.00 7734.63 746.26 8588.23
Female 638.05 4851.73 541.27 1877.47 566.08 1998.17 572.56 1143.36 600.63 1137.11 630.45 1656.63 460.29 1209.14 807.90 9303.91 880.78 10 329.35

Citizenship Italian 1059.91 7475.10 913.34 2926.00 951.47 3112.37 969.51 1859.47 1013.95 1836.70 1053.72 2647.81 787.81 1963.02 1303.05 14 298.56 1409.59 15 870.19
Not Ita. 110.47 1420.05 68.32 354.37 70.68 376.14 78.18 193.29 85.48 189.99 103.52 347.71 56.17 196.17 191.85 2788.36 217.44 3100.43

Dwelling 0 443.63 3620.04 360.05 1467.45 377.51 1562.22 375.35 781.49 379.34 775.45 442.87 1191.86 311.71 822.14 596.23 6943.56 653.14 7710.38
1 569.05 3666.87 513.98 1383.28 533.40 1468.90 544.36 1009.00 576.52 980.02 566.95 1420.91 424.13 1043.58 650.92 6988.36 699.45 7753.90
2+ 157.70 1623.72 107.62 431.45 111.23 459.05 127.98 270.54 143.56 281.87 147.42 409.97 108.13 305.77 247.75 3179.56 274.44 3533.98

Car 0 515.67 4515.14 432.51 1770.22 455.99 1885.10 437.82 960.93 438.60 950.75 482.60 1269.80 360.17 928.19 709.73 8708.96 784.97 9679.70
1 631.11 4295.10 526.12 1459.32 542.24 1549.71 587.91 1062.54 637.17 1054.65 650.15 1667.38 465.36 1194.70 760.26 8230.58 816.51 9127.22
2+ 23.59 109.58 23.02 69.23 23.91 73.35 21.95 34.77 23.66 35.69 24.49 58.67 18.45 35.80 24.92 196.45 25.56 217.21

Cit. Inc. Yes 69.00 488.80 77.70 459.47 84.83 489.54 61.05 192.30 47.23 154.20 66.03 243.90 55.11 177.45 71.21 805.12 73.22 890.09
No 1101.38 8410.65 903.96 2805.01 937.31 2982.47 986.63 1861.84 1052.19 1874.57 1091.21 2776.15 788.87 1990.56 1423.70 16 242.92 1553.81 18 036.09

Edu. ILL 11.12 49.87 14.61 54.08 15.75 57.38 11.31 28.87 7.82 22.49 10.12 27.28 9.53 19.13 8.46 73.67 8.21 81.27
LWD 41.17 182.99 48.23 144.07 51.70 152.87 42.57 93.48 36.26 80.94 40.73 97.82 33.49 64.65 33.14 307.90 32.83 340.20
PRI 234.94 1049.64 245.88 658.80 255.83 700.12 240.39 409.03 252.11 396.50 234.90 520.48 179.04 382.91 218.62 1880.31 228.83 2080.91
SEC 279.74 1716.97 253.19 802.86 262.78 853.89 261.36 466.73 275.48 451.72 280.14 684.86 208.95 504.50 324.26 3234.30 346.68 3586.65
HIG 395.96 3300.96 295.96 957.56 305.76 1018.13 346.97 679.56 373.62 672.43 401.39 1059.07 283.20 766.46 539.50 6408.07 591.85 7117.78
FLD 41.87 459.48 25.96 85.02 26.75 90.22 32.11 67.96 35.31 70.94 40.30 121.62 27.12 82.04 69.09 903.86 77.48 1004.25
SLD 158.64 2089.05 94.56 553.20 100.15 589.62 109.23 322.80 114.47 348.51 144.17 492.70 99.16 351.49 286.57 4096.94 323.60 4554.25
PhD 3.25 55.31 1.53 11.46 1.61 12.21 1.74 6.90 2.04 8.52 2.55 11.02 1.62 7.34 7.16 109.15 8.24 121.35
Table B.7
Test for the difference between means 𝐻0 ∶ 𝜇𝑄𝑖

− 𝜇𝑃𝑂𝑃𝐻𝑖
= 0 𝑖 = 1, 2, 3, 4.

Variables Q1-POPH1 Q2 − POPH2 Q3-POPH3 Q4-POPH4

Age 18−84 t(3580) = −0.3036 t(2315) = −0.1980 t(3157) = 3.6312 t(3236) = −0.2348
P-value = 0.7614 P-value = 0.8431 P-value = 0.0002 P-value = 0.8148

Age Age 35−66 t(3579) = −0.3276 𝑡(2286) = −0.9433 𝑡(3095) = 3.5882 𝑡(3236) = −0.2118
P-value = 0.7432 P-value = 0.3456 P-value = 0.0003 P-value = 0.8322

Age 67+ 𝑡(3579) = −0.4215 𝑡(2365) = −0.5088 𝑡(3024) = 3.1440 t(3237) = −0.2115
P-value = 0.6734 P-value = 0.6109 P-value = 0.0017 P-value = 0.8325

(continued on next page)
Appendix B. Classification of excluded municipalities

We conducted further analysis on the municipalities excluded from
the Prevalent One-Person Household type (POPH) in the third quartile.
Specifically, we applied the classification algorithm with both two and
four classes to these excluded municipalities, yielding the following
results.

The algorithm achieved an accuracy of 65% for the two-class prob-
lem, while the multi-class accuracy was 35%, confirming that the
11 
exclusion of minority classes may lead to a significant loss of infor-
mation regarding the diverse characteristics of municipalities within
each quartile. If we consider that the accuracy for the entire dataset
is 96%, this indicates that the algorithm’s performance significantly
drops when applied to the subset of municipalities excluded from the
Prevalent One-Person Household type in the third quartile. This sug-
gests that these excluded municipalities possess distinct characteristics
that cannot be adequately captured by the classification approach.
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Table B.7 (continued).

Variables Q1-POPH1 Q2 − POPH2 Q3-POPH3 Q4-POPH4

Male t(3580) = −0.3346 𝑡(2324) = −0.7102 t(3093) = 3.5491 t(3236) = −0.2141
Sex P-value = 0.7379 P-value = 0.4777 P-value = 0.0004 P-value = 0.8305

Female t(3578) = −0.3881 t(2313) = −0.6571 𝑡(3067) = 3.3313 𝑡(3236) = −0.2189
P-value = 0.698 P-value = 0.5112 P-value = 0.0009 P-value = 0.8267

Italian t(3579) = −0.3830 t(2326) = −0.6425 𝑡(3048) = 3.2333 t(3287) = −0.2083
Citizenship P-value = 0.7017 P-value = 0.5206 P-value = 0.0012 P-value = 0.8350

Not Italian t(3582) = −0.1956 t(2336) = −1.0180 𝑡(3156) = 4.9013 𝑡(3233) = −0.2563
P-value = 0.8449 P-value = 0.3088 P-value = 1e−06 P-value = 0.7977

0 𝑡(3578) = −0.3494 t(2317) = −0.1367 t(3121) = 3.6616 t(3236) = −0.2290
P-value = 0.7268 P-value = 0.8913 P-value = 0.0002 P-value = 0.8188

Dwelling 1 𝑡(3581) = −0.4131 𝑡(2359) = −0.8662 t(3059) = 3.2503 𝑡(3237) = −0.1941
P-value = 0.6796 P-value = 0.3865 P-value = 0.0012 P-value = 0.8461

2+ t(3579) = −0.2457 𝑡(2225) = −1.4961 𝑡(3041) = 3.0769 𝑡(3234) = −0.2344
P-value = 0.8059 P-value = 0.1348 P-value = 0.0021 P-value = 0.8147

0 𝑡(3578) = −0.3895 t(2323) = −0.0217 t(3065) = 3.125 t(3234) = −0.24113
P-value = 0.6969 P-value = 0.9827 P-value = 0.0018 P-value = 0.8093

Car 1 𝑡(3581) = −0.3249 t(2317) = −1.2424 𝑡(3086) = 3.6253 t(3238) = −0.1911
P-value = 0.7453 P-value = 0.2142 P-value = 0.0003 P-value = 0.8484

2+ 𝑡(3584) = −0.3794 𝑡(2253) = −1.2865 𝑡(3171) = 3.6023 t(3248) = −0.0915
P-value = 0.7044 P-value = 0.1984 P-value = 0.0003 P-value = 0.9271

Yes 𝑡(3577) = −0.4559 t(2730) = 2.1831 t(3070) = 1.45472 t(3244) = −0.0702
P-value = 0.6485 P-value = 0.02911 P-value = 0.1458 P-value = 0.9440

CIN No t(3580) = −0.3496 t(2289) = −0.9352 t(3086) = 3.5613 t(3236) = −0.2238
P-value = 0.7267 P-value = 0.3498 P-value = 0.0004 P-value = 0.8229

ILL t(3582) = −0.6215 𝑡(2781) = 3.7804 t(3107) = 0.7165 𝑡(3248) = 0.0935
P-value = 0.5343 P-value = 0.0002 P-value = 0.4737 P-value = 0.9255

LWD t(3582) = −0.7084 𝑡(2585) = 1.9656 t(3149) = 2.5072 t(3245) = 0.0283
P-value = 0.4788 P-value = 0.0494 P-value = 0.0122 P-value = 0.9774

PRI t(3580) = −0.4441 t(2368) = −0.7798 t(3057) = 3.4679 t(3242) = −0.1521
P-value = 0.657 𝑃 -value = 0.4356 𝑃 -value = 0.0005 P-value = 0.8791

SEC t(3579) = −0.3507 t(2366) = −0.8237 t(3056) = 3.3565 t(3238) = −0.1939

P-value = 0.7258 P-value = 0.4102 P-value = 0.0008 𝑃 -value = 0.8463
EDU HIG t(3580) = −0.3008 t(2323) = −1.0531 t(3076) = 3.6357 t(3235) = −0.2282

P-value = 0.7636 P-value = 0.2924 P-value = 0.0003 P-value = 0.8195
FLD t(3582) = −0.2708 t(2221) = −1.2210 t(3137) = 3.6401 t(3235) = −0.2591

P-value = 0.7866 P-value = 0.2222 ⃖⃗P-value = 0.0003 P-value = 0.7956
SLD t(3576) = −0.2969 t(2159) = −0.4114 t(3091) = 2.9946 t(3234) = −0.2523

P-value = 0.7666 P-value = 0.6808 P-value = 0.0028 P-value = 0.8008
PhD t(3577) = −0.2022 t(1930) = −0.9895 t(3144) = 2.8820 t(3234) = −0.2782

P-value = 0.8597 P-value = 0.3225 P-value = 0.0040 P-value = 0.7808

1 t(3621) = 0.1809 t(2106) = −3.2514 𝑡(2977) = 3.7241 t(3252) = −0.2443
BED P-value = 0.8564 P-value = 0.0012 P-value = 0.0002 P-value = 0.8070

2 t(3626) = 0.2248 t(2115) = −3.3547 t(2993) = 3.7805 t(3252) = −0.2448
P-value = 0.8222 P-value = 0.0008 P-value = 0.0001 P-value = 0.8067

WEA 𝑡(3669) = 1.4285 𝑡(2591) = −7.8214 𝑡(2605) = 5.9043 𝑡(3424) = −2.4016
P-value = 0.1532 P-value = 7.539e−15 P-value = 4.002e−09 P-value = 0.01638
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