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Abstract

The population dynamics in Italy show a strong spatial heterogeneity within a
framework of persistent demographic territorial disparities. From a local point
of view, it is necessary to understand what demographic determinants govern
this process. In the paper, we model the population change according to a local
(i.e., spatial varying coefficients) multiscale approach. To this aim, local demographic
growth rates of each Italian municipality for the period 2011 — 2019 were estimated
and modeled by means of a classic a-spatial global model (i.e., ordinary least-square),
and a multiscale geographically weighted regression. The multiscale dimensions of
local population changes are therefore analyzed by means of three sub-dimensions:
Level of influence, scalability, and specificity. The results show that the determinants
of local population changes are not spatially constant and that they vary in their
effect at different geographical scales.

Keywords: Spatial demography; Local approach; Spatial varying coefficients; Multiscale
geographically weighted regression model; Italy

1. Introduction

In Italy, demographic changes present a strong spatial heterogeneity (Billari & Tomassini,
2021). Fertility and mortality, on the one hand, are affected by local and global spatial
autocorrelation (Salvati et al., 2020) and by spatial diffusion (Benassi & Carella, 2022;
Vitali & Billari, 2017). On the other hand, migrations - internal and international - are
affected by “classic” spatial variations, like the north-south divide, urban-rural divide,
and new ones (for example the ones related to inner areas) (Benassi et al., 2019; Bonifazi
et al, 2021; Lamonica & Zagaglia, 2013; Strozza et al., 2016). The result of these
processes is a dual demographic spatial landscape in which some spatial contexts grow,
and some others shrink, with several (negative) effects on territorial cohesion and social
sustainability (Reynaud et al., 2020).

It is crucial to understand demographic components that act as drivers of that process
considering spatial dependence and scale heterogeneity. Although studies that approach
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the process of demographic change in Italy from a spatial
perspective already exist, they usually address a rather
large geographic scale. A few studies that have referred to
a local scale (i.e., at municipality level) have used mainly
explorative approaches. The rare cases that have used a
regression approach are mainly based on a-spatial models
or, at most, spatial global models (i.e., spatial autoregressive
models). In other words, there is a lack of local multiscale
approach in studying demographic changes in Italy.

To fill this gap, and based on these premises, this paper
proposes a study on population change at the local level
(municipality) using a multiscale approach: Multiscale
geographically weighted regression (MGWR hereafter)
recently proposed by Oshan et al. (2019). This class of
model has been recently used in several studies regarding
different issues like COVID-19 fully vaccinated rates (Yang
et al., 2022a), opioid use disorders in older populations
(Yang et al., 2022b), and mortality (Cupido et al., 2021;
Song et al., 2021) and has proved to be extremely useful to
grasp the multiscale nature of population spatial processes.
However, quite surprisingly, to the best of our knowledge,
no application to Italy has been made. This is paradoxical if
we bear in mind that the demographic and socio-economic
processes in Italy are deeply interested in spatial divides
and spatial dependence processes (Benassi & Naccarato,
2017; Reynaud & Miccoli, 2018; Reynaud et al., 2018;
Caltabiano et al., 2019; Zambon et al., 2020). Indeed, on
a local scale, the heterogeneity of demographic dynamics
increases significantly, especially with regards to the drivers
of changes. Migrations (both internal and international)
play a key role in such changes since the natural growth
is negative (or at most equal to zero) almost everywhere.
The determinants of the capacity of a municipality to
attract people (both from other Italian municipalities
and/or abroad) are many: Spanning from the opportunity
of finding a job, which is typically higher in urban areas
located in the north and the center part of Italy, to the
level of accessibility to services and infrastructures, which
remains nowadays very low in many areas of the country,
especially, mountainous and inland areas, and from many
other factors related for example the presence of certain
services (in particular primary school) that had proven to
be crucial to counteract depopulation processes (Benassi
et al., 2021; 2023).

The main goals of the paper are straightforward: (i)
Identifying what demographic determinants govern the
process of local population change in Italy; (ii) verifying if
these determinants are spatially constant or not; and (iii) if
their effects vary at different geographical scale.

The paper is structured as follows: In the next section,
data and methods are described, and then results are

shown. The final section draws some conclusions and
future developments.

2. Data and methods

In the paper, we modeled the yearly average total population
growth rate (TOTPGR) by means of MGWR in function
of a set of pure demographic determinants (independent
variables).

These are:

e Yearly average natural population growth rate
(NATPGR),

e  Yearly average internal migratory population growth
rate (MIGPGR),

e Yearly average international migratory population
growth rate (INTPGR),

e Yearly average of Italian population growth rate
(ITAPGR), and

e Yearly average of foreign population growth rate
(FORPGR).

The variables refer to the Italian municipalities
(7,904 cases) and cover the period 2011 - 2019. They have
been standardized to a Z distribution so that their mean is
equal to zero (1 = 0) and their standard deviation is equal
to one (0 =1).

In the analysis and the interpretation of the multiscale
regression results, we follow the approach of Yang et al.
(2022a; 2022b) in which three multiscale dimensions of
spatial process are defined:

e Level of influence, the percentage of population
affected by a certain determinant across the entire area;

o  Scalability, the spatial process of a determinant into
global, regional, and local process; and

e  Specificity, the determinant that has the strongest
association with the yearly average total population
growth rate.

These dimensions are evaluated in relation to each
independent variable (Key findings section).

Population data used are based on the intercensal
reconstruction of resident population and are provided by
the Italian National Institute of Statistics (Istat). Basically,
they refer to stocks (resident population at a given time)
and flows (births, deaths, emigrations, and immigrations
occurred in a given period) of resident population (Italians
and foreigners). The period refers to 2011 - 2019.

The local dimension of the study lies both in the
regression approach used (MGWR, that is a local
regression approach) and, therefore, in the statistical
units adopted. Indeed, our statistical units are the Italian
municipalities. Municipalities, local administrative units
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(LAUs) based on the Eurostat definition, are the basic
spatial units adopted in this study. LAUs are defined with
the aim to dividing the territory of the European Union
for the purpose of providing statistics at local levels. They
are low-level administrative divisions of a country below
province, region, or state. LAUs may refer to a range of
different administrative units, including municipalities,
communes, parishes, or wards. In Italy, they correspond to
municipalities.

For each municipality, we computed the rates following
the approach proposed in Preston et al. (2001) and applied,
among others, by Strozza et al. (2016). In such approach,
the idea is that TOTPGR is the instantaneous growth rate
(from one year to another) and can be expressed as the ratio
between population change during time interval 0-t and
the number of persons for that period ¢ (P~P)/In (P/P,))
(Preston et al., 2001). We computed all the other rates in
the same way. These rates, standardized to a Z distribution,
act as dependent (TOTPGR) and independent variables
(NATPGR, MIGPGR, INTPGR, ITAPGR and FORPGR)
in a MGWR model. As known, scale is a fundamental
concept in spatial and regional demography (Howell
et al., 2016; Lloyd, 2016). This is currently discussed in
the considerable and diverse literature that investigates the
various roles that scale plays in different social processes
(Fotheringham et al., 2017). It is generally accepted that
different processes can operate at different spatial scales,
and we often make a distinction between micro and
macro, or between local and global processes, but in real-
world scenarios, data are often generated from spatial
processes operating at different spatial scales (Wolf et al,
2017). If we consider a less restrictive assumption that
all spatially variable processes in a model operate at the
same spatial scale, we can think of a more flexible model.
Local models such as geographically weighted regression
(GWR) (Fotheringham et al., 2002) can capture process
heterogeneities but do not adequately incorporate the
multiscale properties of processes into modeling. Indeed,
the bandwidth of the latter is closely related to the spatial
scale of the processes examined, and bandwidths for each
independent variable are assumed to be the same. In this
respect, the semiparametric geographically weighted
regression (SGWR) model (Nakaya, 2015; Nakaya et al.,
2005) provides, even if in a strictly rigid or extreme form, a
first response to the multiscale problem by distinguishing
between factors that play a role at a local and the global
levels. Demographic research is often based on individual
and contextual level data over a wide range of spatial
scales, and therefore, the corresponding variables, which
involve correlated social and economic aspects, require
a deep understanding of the spatial context (Mucciardi,
2021). To overcome this problem, the development of the

GWR/SGWR model, called MGWR, removes the single
bandwidth assumption, and allows covariate-specific
bandwidths to be optimized (Oshan et al., 2019).

The scale of a spatial non-stationarity relationship may
vary for each predictor variable. The MGWR model has the
ability to differentiate local, regional, and global processes
by optimizing a different bandwidth for each covariate
(Li & Fotheringham, 2020). The following equation gives
the specification of MGWR:

b2 =Zm:ﬂbwj(ui,uj)xij+£i (1)
j=0

Where f, . represents the coefficient of the bandwidth
with the spatial weighting kernel used for estimating the
J-th predictor variable x; at local site (i.e., municipality)
i, € is the error term, and y, is the response variable. As
pointed out by Oshan (Oshan et al., 2019), MGWR provides
an extension that allows each variable to be associated with
a distinct bandwidth by recasting GWR as a generalized
additive model such that:

k
Vi :ij+gi 2)
i1

Where f is a smoothing function applied to the j-th
explanatory variable at location i that may be characterized
by distinct bandwidth parameter and e, the error term
of the model. Hence, a key advantage of MGWR over
GWR is that it can more accurately capture the spatial
heterogeneity within and across spatial processes, minimize
overfitting, mitigate concurvity (i.e., collinearity due to
similar functional transformations), and reduce bias in
the parameter estimates (Oshan et al., 2020). The MGWR
model is calibrated using a “back-fitting” algorithm which
maximizes the expected log likelihood, and the criteria
for selecting the bandwidths are derived from the same
procedure used in the conventional GWR framework
using the corrected Akaike information criteria corrected
(AICc) for finite samples (Burnham & Anderson, 2004).
The calibration process concerns the method and the
criterion of choosing the bandwidth. In our empirical
estimation, we used an adaptive (bi-square) kernel because
it is more favorable when dealing with non-uniform spatial
distributions of observations (i.e., municipalities in our case)
and it is also able to better handle irregularly shaped study
areas. We recall that, although the fixed kernel could be used
in the MGWR model, a limitation of this approach is that
there may have calibration issues when there are sparsely
populated regions of a study area (Oshan et al., 2019).
Furthermore, to compare each of the bandwidths obtained
from an MGWR model, it is necessary to standardize the
dependent and independent variables so that they are

Volume X Issue X (2023)

https://doi.org/10.36922/ijps.393



International Journal of
Population Studies

Local population changes as a spatial varying multiscale process

zero-centered and based on the same range of variation.
Consequently, the bandwidths are unconstrained from the
scale and the variation of the explanatory variables, helping
the relative comparison of bandwidths (Oshan et al., 2020).
In the first phase, we built a classic ordinary least square
(OLS) model (which assumes processes to be constant
across the study area) as a benchmark for evaluation of
the MGWR model and report comparison. Before moving
to the presentation of the results, it should be noted one
limitation of the present study. The independent variables
used (demographic rates obtained by a decomposition
approach) can interact with each other. The estimation done
cannot grasp this (possible) effect of interaction between
independent variables. Nevertheless, our primary goal here
is not to understand the “net” effect of the independent
variables on the dependent one nor to explain the variance
of this latter. Our primary goal is to prove that the local
demographic change in Italy is a local multiscale process
(i.e., it varies across spaces and across scales).

3. Key Findings

From 2011 (January 1) to 2019 (January 1), the resident
population in Italy passed from 59,948,497 to 59,816,673 (a
decline by —2.2%o). Those changes present a strong spatial
variation as clearly shown in Figure 1. The right panel map
clearly shows a sort of “broken” space that divides local contexts
that recorded an increase of resident population during 2011 —
2019 from the other. The positive growth areas are most of the
cases represented by urban areas and big cities mainly located
in the center and northern Italy (like Milan, Bologna, Florence,
Rome) while the negative growth areas are represented by
inner contexts but also by some important medium and
medium-large cities mainly located in the southern part of

the country. It is important to underline that, if we refer to the
Italian population only (i.e., people with Italian citizenship), the
decrease was even sharper, from 55,847,162 million residents
to 54,820,515 (a total decline by —18.3%o), proving the growth
of the foreign population counterpart, from 4,101,335 to
4,966,158 (a total increase by +210.9%o).

The results of global (OLS) and local (MGWR)
regression models are clear (Table 1). The first important
finding is that, based on the Monte Carlo randomization
significance test for spatial variability, all the variables
introduced in the model are affected by spatial variability
so that it would be misleading to treat them as constant in
space (like in the OLS model). Moreover, they are supposed
to be not correlated because the variance inflation factor
(VIF) value is always lower than 10.

MGWR outperforms the OLS model: AICc is lower,
Adj-R-square is higher, and the distribution of residuals is
not spatially autocorrelated (see the not significant value of
the I |, ¢ ... respect to the significant value of the I | .
in Table 1). OLS results tell us that all the independent
variables are statistically significant. The net effect on the
dependent variable is always positive. NATPGR has a

higher net impact, followed by MIGPGR.

What is important, in our view, in addition to the spatial
variability of the local coefficients, is the variation of the
scale (i.e., the bandwidth) for each regression coeflicient.
In the case of adaptive kernel, the bandwidth represents
the number of nearest neighbors from the regression point
which receives a non-zero weight in the local regressions
(i.e., the ones which are considered as neighbors to 7). The
selection of the optimal bandwidth parameters is based on
statistical optimization criteria like Akaike Information

Table 1. OLS and MGWR models for the growth rate of the total population in 2011-2019 by municipality, Italy

Parameters OLS MGWR

Min Median Mean Max S.D. Bandwidth®
Intercept ® 0.000 -0.162 -0.007 -0.032 0.083 0.061 361
NATPGR® 0.477*** 0.093 0.342 0.355 0.649 0.133 161
MIGPGR® 0.455%* 0.082 0.323 0.327 0.668 0.120 170
INTPGR®@ 0.2274%* 0.025 0.171 0.165 0.343 0.057 105
ITAPGR® 0.281*** 0.011 0.477 0.458 0.848 0.179 78
FORPGR® 0.099*** 0.034 0.155 0.159 0.302 0.067 202
Note: OLS model results: AICc = -5691.82; Adj-R-square=0.972; Moran I  ;  =0.034***
VIF: NATPGR=4.154; MIGPGR=4.165; INTPGR=1.800; ITAPGR=7.582; FORPGR=1.628
MGWR model results: AICc = -9779.45; Adj-R-square=0.985; Moran I =-0.002 (n.s.)

Spatial kernel=adaptive bi-square

_MGWR _res

@ Monte Carlo randomization significance test for spatial variability p<0.001 (Monte Carlo tests are based on 1,000 randomizations of the data)
® The bandwidth is determined with the number of nearest neighbors for each location
OLS: Ordinary least square. MGWR: Multiscale geographically weighted regression.

Dependent variable is TOTPGR 2011-2019.
*p<0.05; **p<0.01, ¥**p<0.001 n.s.: Not significant.
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Figure 1. Yearly average total population growth rate per 1000 (TOTPGR)
2011 - 2019, Italian municipality

Note: TOTPGR: Yearly average total population growth rate.

Source: Author’s elaboration on Istat data.

Criteria (Fotheringham et al., 2002; Yu et al., 2020). From
a spatial perspective, the bandwidth is an indicator of the
spatial scale over which the processes under observation
operate. It is interesting to note that the higher bandwidth
is recorded by FORPGR (202) while the lower one by
ITAPGR (78). This means that the spatial scale over
which the effect of FORPGR operates on the dependent
variable (TOTPGR) is higher, although it is relatively
small in geographical sense (the total bandwidth, i.e., the
total number of municipalities is equal to 7904). Results
of Table 1 provide evidence that the TOTPGR is greatly
influenced by local determinants that have different effects
at different scales.

As known, one of the major strong points of local
regression models is that we can map the local coefficients
(Matthews & Yang, 2012). From Figure 2, we can understand
how space matters. In particular, we can observe how the
strength of the net effect of each local coefficient varies
across space - where it is statistically significant, in MGWR
model a “specific” adjusted alpha-value and critical t-value
are computed for each of the independent variables
(Oshan et al., 2020)- and the different magnitude of
local R-squares. The historical north-south geographical
contrast of Italy only partially explains the spatial patterns
of local coeflicients underlying the relevance of local
scale dimension in measuring the demographic process
(Salvati et al., 2020). The geographical distributions of the
local parameters of NATPGR and MIGPGR draw similar
patterns: higher values are recorded in the north and in
particular in the north-east part of the country. It seems to
indicate that local context that act as attractors for internal
migration flow are the ones where the natural growth is,
comparatively, higher. If we bear in mind that, usually,
the internal mobility of foreigners is higher than the one

Table 2. Three dimensions of multiscale spatial process for
each independent variable based on the MGWR models

Variable Level of Scalability®  Specificity®
(bandwidth) influence®
NATPGR (361)  Primary (7,527) Local 2,511 (31.8%)
MIGPGR (161)  Primary (7,527) Local 326 (4.1%)
INTPGR (170) Primary (7,423) Local 0 (0.0%)
ITAPGR (78) Primary (7,783) Local 5,067 (64.1%)
FORPGR (202)  Primary (7,800) Local 0(0.0%)

Note: The model was adapted from Yang et al., (2022a, 2022b).

NATPGR (yearly average natural population growth rate), MIGPGR

(yearly average internal migratory population growth rate), INTPGR

(yearly average international migratory population growth rate),

ITAPGR (yearly average of Italian population growth rate), FORPGR

(yearly average of foreign population growth rate).

@ If the variable affects more than 50% the total population it is a
primary influencer; otherwise (<50%) it is a secondary influencer.
The percentage of municipalities affected by a factor is included in
the parentheses.

®) If the bandwidth of a variable is larger than 75% of the global
bandwidth, it is a global determinant; if the bandwidth is smaller
than 25% of the global bandwidth, it is a local determinant; if the
bandwidth is between 75% and 25% of the global bandwidth, it is
a regional determinant. Global bandwidth is the total number of
municipalities (7,904).

© The number and percentage of municipalities that the focal variable
has the strongest significant impact on the dependent variable (i.e.,
the largest absolute value of the standardized coefficients that are).

of Italians (Benassi et al., 2019) and it follows a south to
north axis, we can infer how relevant is the contribution of
foreign population to the local population changes (Strozza
et al., 2016). The map of the local estimation of INTPGR is
quite different in terms of intensity from that of NATPGR
and of MIGPGR. The north still remain the part of Italy
with higher values (the majority of the municipalities
located in the north part of the country are classified in the
last two classes of the legend, i.e., >0.300), but the intensity
of the local coefficients is lower than the one of the first
two maps. Interesting to note that among all of these
first three maps the Sardinia Island does not present any
statistically significant local estimation. The geographies of
the local regression coeflicients related to the ITAPGR and
FORPGR variables appear partially mirrored each other
and, to some extent, help to better understand what has
emerged so far. The effects are generally more intense for
the ITAPGR variable than for FORPGR. However, in both
cases, the largest effects occur in central and southern Italy,
where the effects (i.e., local coefficients) of the NATPGR,
MIGPGR, and INTPGR were smaller. In contrast to the
Italian component, in the case of foreigners, FORPGR,
particularly small effects are also registered in the north-
east and, albeit to a lesser extent, in the north-west as well
as in some specific areas of the south including the islands.
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Figure 2. MGWR local coefficients and local R? for the growth rate of the total population 2011 - 2019 by municipality, Italy

Note: Dependent variable is TOTPGR 2011 - 2019. NATPGR: Yearly average natural population growth rate, MIGPGR: Yearly average internal migratory
population growth rate, INTPGR: Yearly average international migratory population growth rate, ITAPGR: Yearly average of Italian population growth
rate, and FORPGR: Yearly average of foreign population growth rate, NS: Not significant. All other parameters are statistically significant at p<0.05.

Source: Authors’ elaboration on Istat data.

Finally, the geographical distribution of local R? is very
peculiar. Indeed, local R? values are all very high although
the highest values are found in southern Italy itself. The
levels then tend to decrease moving northward. This means
that in southern Italy the local variation in population
is basically totally explained by the combination of the
variables introduced in the model (local R?> > 0.98).

A way to analyze these local and spatial scale varying
effect has been recently proposed by Yang et al. (2022a;
2022b). In their approach, they proposed three dimensions of
multiscale spatial process: level of influence, scalability, and
specificity. Following Yang et al. (2022a; 2022b) based on the
local estimates of an independent variable, we could identify
the municipalities where the effect of this independent
variable on TOTGR is statistically significant. We then
divided the sum of the municipalities where the variable is
statistically significant by the total number of municipalities
in the entire study area. If a variable is found to influence

50% or more of the total number of municipalities, this
variable will be categorized as into the primary influencer
group; otherwise, (<50%) it is a secondary influencer.
Scalability can be defined with the calibrated bandwidth of
a variable. It has three groups: Global, regional, and local.
According to Yang et al. (2022a; 2022b) when a calibrated
bandwidth of a variable is >75% of the global bandwidth
(i.e., the total number of municipalities in our case: 7,904), it
can be defined as a global factor. If the bandwidth is between
75% and 25% of the global bandwidth, it is regarded as a
regional factor. Finally, when the bandwidth of a variable
is smaller than 25% of the global bandwidth, this variable
is defined as local. Specificity is based on the standardized
coefficients produced by MGWR. Each municipality has
its own estimates of the independent variable and these
estimates can be compared within each municipality. An
independent variable may have strongest association with
the dependent variable in some municipalities but not in
others. Specificity is based on the number and percentage
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Figure 3. Specificity for ITAPGR, NATPGR, and MIGPGR®

Note: (a)In brackets the number of municipalities. ITAPGR: Yearly
average of Italian population growth rate, NATPGR: Yearly average
natural population growth rate, and MIGPGR: Yearly average internal
migratory population growth rate.

Source: Authors’ elaboration on Istat data.

of municipalities that the focal variable has the strongest
significant impact on the dependent variable, TOTPGR
(Yang et al., 2022a; 2022b).

Multiscale results with the three dimensions are presented
in Table 2. They are quite interesting because they prove the
relevance to modeling population growth not only as a spatial
process but, most of all, as local spatial varying process. In
particular, we can see — column (a) — that each independent
variable plays primary level of influence on the dependent
variable (TOTPGR). Therefore, the local importance of each
covariate is high. Moreover, all the independent variables prove
to be local determinants in terms of scalability so that their
effects have to be detected at local level. In terms of specificity,
we can appreciate a quite high heterogeneity between the
dependent variables. ITAPGR records the highest specificity
while INTPGR and FORPGR presents no specificity.

The map of specificity in Figure 3 reveals different
spatial patterns for the three variables that prove to have
a specificity effect, namely, ITAPGR, NATPGR, and
MIGPGR. In particular, we can observe how the effect of
ITAPGR involves much more municipalities than the other
two. Most of them are located in the southern Italy but also
in the north-east area. The NATPGR specificity cover the
central part of Italy and the north-west too. Finally, the
MIGPGR local specificity distribution covers few areas
that are almost located in the northern part of Italy.

4. Concluding Remarks

In recent years, many papers have underlined the intrinsic
spatial nature of demography (De Castro, 2007; Gu et al,

2020; Raymer et al., 2019; Voss, 2007; Weeks, 2016) and
the need to use appropriate spatial methodologies in
population-based studies, i.e., considering space in the
analysis (Chi & Zu, 2008; Matthews, 2019; Matthews &
Parker, 2014; Weeks, 2004). In this general framework, a
crucial variable is the scale of analysis (Burillo et al. 2020;
Oshan et al. 2022).

In this study, we showed that this is particularly true
for Ttaly and its local demographic dynamics but with
two major additions: the spatial varying relationships and
multiscale nature of these relationships. In our view, this
proves the spatial complexity of demographic changes in
Italy and the need for measuring demographic processes
without a constant scale approach.

Indeed, it can be misleading if modeling the spatial
demographic process is without considering the spatial
dimension (classic OLS model), without considering local
dimensions - such as, spatial global regression models like
spatial lag model, spatial error model, and spatial Durbin
model - or without a multiscale framework (classic GWR
model).

At least, the case for Italy for the period 2011 - 2019
as this paper clearly proves it. We argue that the results
achieved provide new insights into the importance of
treating the population process as spatial phenomena and
in particular as local and multiscale (spatial) phenomena.
The achieved results also have relevance in terms of policy
implications. In Italy, as in other parts of Europe, there are
vast areas of land in systematic depopulation (shrinking
regions) (Klingholz, 2009), a real challenge for territorial
planners and policy makers. Adopting this type of model
(MGWR) allows the depopulation phenomenon to be
modeled locally by identifying the radius of influence of
the different explanatory variables and thus enabling the
territorial calibration of policies to counter it.

Acknowledgments

The authors would like to thank the two anonymous
reviewers and the editor for their suggestions, which
helped to improve the paper significantly.

Funding

None.

Conflict of interest

The authors declare that they have no competing interests.

Author contributions

Conceptualization: Federico Benassi and Gerardo Gallo
Investigation: Federico Benassi

Volume X Issue X (2023)

https://doi.org/10.36922/ijps.393



International Journal of
Population Studies

Local population changes as a spatial varying multiscale process

Methodology: Massimo Mucciardi

Formal analysis: Massimo Mucciardi

Writing - original draft: Federico Benassi and Massimo
Mucciardi

Writing — review & editing: Federico Benassi, Massimo
Mucciardi, and Gerardo Gallo

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Availability of data

Data used in the paper can be downloaded from the Italian
National Statistical Institute (Istat) web site: https://www.
istat.it/en

References

Benassi, F, & Carella, M. (2022). Modelling geographical
variations in fertility and population density of Italian and
foreign populations at the local scale: A spatial Durbin
approach for Italy (2002-2018). Quality and Quantity.

https://doi.org/10.1007/s11135-022-01446-1

Benassi, F, & Naccarato, A. (2017). Households in potential
economic distress. A geographically weighted regression
model for Italy, 2001-2011. Spatial Statistics, 21:362-376.

https://doi.org/10.1016/j.spasta.2017.03.002

Benassi, F, Bonifazi, C., Heins, E, Licari, F,, & Tucci, E. (2019).
Population change and international and internal migration
in Italy, 2002-2017: Ravenstein revisited. Comparative
Population Studies, 44: 497-531.

https://doi.org/10.12765/CP0S-2020-16

Benassi, F, Busetta, A., Gallo, G., & Stranges, M. (2021).
The Inequalities between Territories. In: Billari, EC.,, &
Tomassini, C. (A Cura di). AISP-Population Report. Italy and
the challenges of demography. Bologna: Il Mulino, p.135-161.
[In Ttalian].

Benassi, E, Busetta, A., Gallo, G., & Stranges, M. (2023).
Neighbourhood Effects and Determinants of Demographic
Changes in Italy: A Spatial Perspective. Vienna Yearbook of
Population Research. Vienna, Austria: Austrian Academy of
Sciences Press.

https://doi.org/10.1553/p-5dfz-c44a

Billari, EC., & Tommasini, C. (2021). Population Report. Italy
and the Challenges of Demography. Bologna: Il Mulino. [In
Ttalian].

Bonifazi, C., Heins, F, Licari, F, & Tucci, E. (2021). The
regional dynamics of internal migration intensities in Italy.
Population, Space and Place, 27(7):e2331.

https://doi.org/10.1002/psp.2331

Burillo, P, Salvati, L., Matthews, S.A., & Benassi, F. (2020). Local-
scale fertility variations in a low-fertility country: Evidence
from Spain (2002-2017). Canadian Studies in Population,
47(4):279-295.

https://doi.org/10.1007/s42650-020-00036-6

Burnham, K.P,, & Anderson, D.R. (2004). Multimodel inference:
Understanding AIC and BIC in model selection. Sociological
Methods and Research, 33(2):261-304.

https://doi.org/10.1177/0049124104268644

Caltabiano, M., Dreassi, E., Rocco, E., & Vignoli, D. (2019).
A subregional analysis of family change: The spatial diffusion
of one-parent families across Italian municipalities, 1991-
2011. Population, Space and Place, 25(4):2237.

https://doi.org/10.1002/psp.2237

Chi, G., & Zhu, J. (2008). Spatial regression models for
demographic analysis. Population Research and Policy
Review, 27(1):17-42.

https://doi.org/10.1007/s11113-007-9051-8

Cupido, K., Fotheringham, A.S., & Jevtic, P. (2021). Local
modelling of U.S. mortality rates: A multiscale geographically
weighted regression approach. Population Space and Place,
27(151):e2379.

https://doi.org/10.1002/psp.2379

De Castro, M.C. (2007). Spatial demography: An opportunity to
improve policy making at diverse decision levels. Population
Research and Policy Review, 26(5):477-509.

https://doi.org/10.1007/s11113-007-9041-x

Fotheringham, A.S., Brunsdon, C., & Charlton, M. (2002).
Geographically Weighted Regression: The Analysis of Spatially
Varying Relationships. Chichester: Wiley.

Fotheringham, A.S., Yang, W., & Kang, W. (2017). Multiscale
geographically weighted regression (MGWR). Annals of the
American Association of Geographers, 107(6):1247-1265.

https://doi.org/10.1080/24694452.2017.1352480

Gu, H,, Lao, X., & Shen, T. (2020). Research progress on spatial
demography. In: Ye, X., & Lin, H. (eds.). Spatial Synthesis:
Computational Social Science and Humanities. New York
City: Springer International Publishing, p.125-145.

Howell, EM., Porter, J.R. & Matthews, S.A. (2016). Recapturing
Space: New Middle-Range Theory in Spatial Demography.
Champ: Springer.

Klingholz, R. (2009). Europe’s Real Demographic Challenge. Policy
Review.Vol.157,p.61-70 Availablefrom:https://www.proquest.
com/openview/30d877f0a74alcb1d568d0a9a57d1f0b/1.
pdf?cbl=47546&pq-origsite=gscholar [Last accessed on
2022 Jul 20].

Lamonica, G.R., & Zagaglia, B. (2013). The determinants of

Volume X Issue X (2023)

https://doi.org/10.36922/ijps.393



International Journal of
Population Studies

Local population changes as a spatial varying multiscale process

internal mobility in Italy, 1995-2006: A comparison of Italians
and resident foreigners. Demographic Research, 29:407-440.

https://doi.org/10.4054/demres.2013.29.16

Li, Z., & Fotheringham, S. (2020). Computational improvements
to multi-scale geographically weighted regression.
International Journal of Geographical Information Science,
34(7):1378-1397.

https://doi.org/10.1080/13658816.2020.1720692

Lloyd, C.D. (2016). Are spatial inequalities growing? The scale
of population concentrations in England and Wales.
Environment and Planning A, 48(7):1318-1336,

https://doi.org/10.1177/0308518X15621306

Matthews, S.A. (2019). Methods and applications in spatial
demography. Mathematical Population Studies, 26(4):183-184.

https://doi.org/10.1080/08898480.2019.1653058

Matthews, S.A., & Parker, D.M. (2013). Progress in spatial
demography. Demographic Research, 28(10):271-312.

https://doi.org/10.4054/demres.2013.28.10

Matthews, S.A., & Yang, T.C. (2012). Mapping the results of
local statistics: Using geographically weighted regression.
Demographic Research, 26:151-166.

https://doi.org/10.4054/DemRes.2012.26.6

Mucciardi, M. (2021). Local and global analysis of fertility
rate in Italy. In: Popkova, E.G., & Sergi, B.S. (eds.) Smart
Technologies for Society, State and Economy. Cham: Springer,
p. 465-474.

Nakaya, T. (2015). Semiparametric geographically weighted
generalized linear modelling: The concept and implementation
using GWR4. In: Brunsdon, C., & Singleton, A. (eds.).
Geocomputation: A Practical Primer. London: Sage, p.201-220.

Nakaya, T., Fotheringham, A.S., Brunsdon, C., & Charlton, M.
(2005). Geographically weighted Poisson regression for disease
association mapping. Statistics in Medicine, 24:2695-2717.

https://doi.org/10.1002/sim.2129

Oshan, T.M.,, Li, Z., Kang, W., Wolf, L.J., & Fotheringham, A.S.
(2019). MGWR: A Python implementation of multiscale
geographically weighted regression for investigating process
spatial heterogeneity and scale. ISPRS International Journal
of Geo-Information, 8(6):269.

https://doi.org/10.3390/ijgi8060269

Oshan, T.M., Smith, J.P,, & Fotheringham, A.S. (2020). Targeting
the spatial context of obesity determinants via multiscale
geographically weighted regression. International Journal of
Health Geography, 19(1):11.

https://doi.org/10.1186/s12942-020-00204-6

Oshan, T.M., Wolf, L.]., Sachdeva, M., Bardin, S., & Fotheringham,
A.S. (2022). A scoping review on the multiplicity of scale in
spatial analysis. Journal of Geographical Systems, 24:293-324.

https://doi.org/10.1007/s10109-022-00384-8

Preston, S.H., Heuveline, P.,, & Guillot, M. (2001). Demography:
Measuring and Modeling Population Processes. Oxford:
Blackwell Publishers.

Raymer, J., Willekens, E.,, & Rogers, A. (2019). Spatial demography:
A unifying core and agenda for further research. Population,
Space and Place, 25(4):e2179.

https://doi.org/10.1002/psp.2179

Reynaud, C., & Miccoli, S. (2018). Depopulation and the aging
population: The relationship in Italian municipalities.
Sustainability, 10(4):1004.

https://doi.org/10.3390/su10041004

Reynaud, C., Miccoli, S., & Lagona, E. (2018). Population ageing
in Italy: An empirical analysis of change in the ageing index
across space and time. Spatial Demography, 6(3):235-251.

https://doi.org/10.1007/s40980-018-0043-6

Reynaud, C., Miccoli, S., Benassi, E, Naccarato, A., & Salvati, L.
(2020). Unravelling a demographic ‘Mosaic: Spatial
patterns and contextual factors of depopulation in
Italian municipalities, 1981-2011. Ecological Indicators,
115:106356.

https://doi.org/10.1016/j.ecolind.2020.106356

Salvati, L., Benassi, E, Miccoli, S., Rabiei-Dastjerdi, H., &
Matthews, S.A. (2020). Spatial variability of total fertility
rate and crude birth rate in a low-fertility country: Patterns
and trends in regional and local scale heterogeneity across
Italy, 2002-2018. Applied Geography, 124:102321.

https://dx.doi.org/10.1016/j.apge0g.2020.102321

Song, J., Yu, H., & Lu, Y. (2021). Spatial-scale dependent risk
factors of heat-related mortality: A multiscale geographically
weighted regression analysis. Sustainable Cities and Society,
74:103159.

https://doi.org/10.1016/j.5¢s.2021.103159

Strozza, S., Benassi, F, Ferrara, R., & Gallo, G. (2016).
Recent demographic trends in the major Italian Urban
agglomerations: The role of foreigners. Spatial Demography,
4(1): 39-70,

https://doi.org/10.1007/s40980-015-0012-2

Vitali, A., & Billari, EC. (2017). Changing determinants of low
fertility and diffusion: A spatial analysis for Italy. Population,
Space and Place 23(2):e1998.

https://doi.org/10.1002/psp.1998

Voss, PR. (2007). Demography as a spatial social science.
Population Research and Policy Review, 26(5):457-476.
https://doi.org/10.1007/s11113-007-9047-4

Weeks, J.R. (2004). The Role of Spatial Analysis in Demographic
Research. In: Goodchild, M.E, & Janelle, D.G. (eds.).
Spatially Integrated Social Science. New York: Oxford

Volume X Issue X (2023)

https://doi.org/10.36922/ijps.393



International Journal of
Population Studies

Local population changes as a spatial varying multiscale process

University Press, p.381-399.

Weeks, J.R. (2016). Demography is an inherently spatial science.
In: Howell, EM., Porter, J.R., & Matthews, S.A. (eds.).
Recapturing Space: New Middle-range Theory in Spatial
Demography. Cham: Springer, p.99-122.

Wolf, L.J., Oshan, T.M., & Fotheringham, A.S. (2017). Single
and multiscale models of process spatial heterogeneity.
Geographical Analysis, 50(3):223-246.

https://doi.org/10.1111/gean.12147

Yang, T.C., Matthews, S.A,, & Sun, F (2022a). Multiscale
dimensions of spatial process: COVID-19 fully vaccinated
rates in US. counties. American Journal of Preventive
Medicine, 63(6):954-961.

https://doi.org/10.1016/j.amepre.2022.06.006

Yang, T.C., Shoft, C., Choi, SSW.E., & Sun, E. (2022b). Multiscale
dimensions of county-level disparities in opioid use disorder
rates among older Medicare beneficiaries. Frontiers in Public
Health, 10: 993507.

https://doi.org/10.3389/fpubh.2022.993507

Yu, H., Fotheringham, A.S., Li, Z., Oshan, T., Kang, W,, &
Wolf, L.J. (2020a). Inference in multiscale geographically
weighted regression. Geographical Analysis, 52(1):87-106.

https://doi.org/10.1111/gean.12189

Zambon, I, Rontos, K., Reynaud, C., & Salvati, L. (2020). Toward
an unwanted dividend? Fertility decline and the north-
south divide in Italy, 1952-2018. Quality and Quantity,
54(1): 169-187.

https://doi.org/10.1007/s11135-019-00950-1

Volume X Issue X (2023)

10

https://doi.org/10.36922/ijps.393



