. mathematics

Article

Fairness in Healthcare Services for Italian Older
People: A Convolution-Based Evaluation to Support Policy
Decision Makers

Davide Donato Russo #*{ Frida Milella 3

check for
updates
Academic Editor: Vassilis C.

Gerogiannis

Received: 10 March 2025
Revised: 8 April 2025
Accepted: 20 April 2025
Published: 28 April 2025

Citation: Russo, D.D.;Milella, F.; Di
Felice, G. Fairness in Healthcare
Services for Italian Older People: A
Convolution-Based Evaluation to
Support Policy Decision Makers.
Mathematics 2025,13,1448. https://
doi.org/10.3390/math13091448

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

and Giuseppe Di Felice 2

Institute for Systems Analysis and Computer Science “Antonio Ruberti”, National Research Council, Via dei
Taurini 19, 00185 Rome, Italy

Departiment of Bioscience and Territory (DiBT), University of Molise, C.da Fonte Lappone,

86090 Pesche, Italy; giuseppe.difelice@unimol.it

Department of Informatics, Systems and Communication (DISCo), University of Milano-Bicocca, Viale Sarca
336, 20126 Milan, Italy; frida.milella@unimib.it

*  Correspondence: davidedonato.russo@iasi.cnr.it

Abstract: In Italy, the current demographic transition makes it a strategic goal to realign
the distribution of health services based on the population aged over 65. The traditional
challenge of achieving a fine-grained assessment of health resource statistics and evaluating
the fairness of health services across regions is a concern in current research on the fairness
of health services. In this study, the authors propose a methodological approach to foster
a novel analysis of fairness in the allocation of primary health care services in Italy with
a specific focus on the population aged 65 or over, which facilitates the processing of
extensive administrative and demographic data to ensure a clear and precise visualization
for informed decision making. The proposed methodology integrates convolution matrices
weighted by aged population density within a fine-grained geographic grid representation.
This approach is combined with an image convolution technique for filtering, enabling
an effective estimation of health resource impact and a clear visualization of their spatial
distribution across geographical areas. The integration of several data sources to evaluate
the equity in accessibility distribution through the Gini index is also exploited to quantify
the disparity between healthcare service provision and the aged population at the regional
district level. Our findings showed a substantial unfairness in service distribution, with
a concentration of healthcare effect in prominent regions such as Campania, Lazio, and
Lombardia, indicating that healthcare accessibility is predominantly disproportionate in
Italy, particularly for the population aged over 65.

Keywords: convolution-based algorithm; fairness; aging; Gini coefficient; policymaking;
Italy

MSC: 46-08

1. Introduction

In light of the significant demographic changes towards an aging population, there is a
need to ensure that older people have convenient access to healthcare services, thereby pre-
serving their overall well-being [1]. In particular, policymakers are increasingly concerned
with the need to guarantee adequate and equitable healthcare access for older people in
order to establish a society that is supportive of aging individuals [1].
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Accessibility encompasses various dimensions, including spatial and nonspatial fac-
tors such as social, cultural, and economic aspects [2,3]. Therefore, when examining access,
particularly in terms of fairness, it is important to consider the allocation of resources with
respect to social and health requirements and to assess the geographical distribution of
services in connection with measurements of needs and access [4]. Several studies have
examined the issue of equity in older people’s healthcare accessibility [1]. As an exam-
ple, using a geographical accessibility and inequity index, Wu and Tseng [5] concluded
that geographic accessibility and the equity of resource distribution must be considered
concurrently in order to optimize the spatial locations of community-based care resources.
Similarly, geographic accessibility aids in the identification of healthcare shortage areas
and facilitates the equitable distribution of resources, according to Cheng et al. [6]. Never-
theless, the choices made by policymakers regarding the allocation of health services across
different catchment areas affect geographical accessibility [7]. For instance, strategically
locating diagnostic services in urban areas might result in efficiencies due to the clustering
of highly trained personnel and infrastructures [7]. However, this creates geographical,
financial, and social obstacles for rural patients, leading to unequal access to healthcare [7].
Consequently, decision makers should consider the location of health services by carefully
weighing the compromises between ensuring equal access to healthcare and optimizing
placement to take advantage of economies of scale [7,8]. Hence, it is imperative to delve
deeper into the examination of geographical accessibility to health resources. This will
empower policymakers to make well-informed decisions on the spatial allocation of health
services, with the aim of mitigating potential health inequalities [7]. From this perspective,
the combined use of geographical data and administrative data might encourage decision
makers to visualize and analyze the consequences of their decisions on the territories [9].
Policymakers can identify areas where local services are not meeting population require-
ments and areas where there may be an excess of services through the use of Geographical
Information Systems (GIS) methodologies, spatial statistics analysis, and the quantification
of accessibility benchmarks [9]. As an example, a study conducted by Calovi et al. [9]
mapped the degree of accessibility to outpatient services in the Tuscany region using spatial
statistics and geographical analyses as supporting tools for healthcare policymakers. Nev-
ertheless, the inherent challenge of achieving a fine-grained assessment of health resource
statistics and evaluating the fairness of health services across regions is a concern in current
research on the equity of health services [10]. In their work, Han et al. [10] proposed
a geographical grid hot words statistics method to replace administrative geographical
boundaries with geographical grids to carefully estimate the health resources within the
target area. The proposed method exploited the hot words query to obtain the number of
health resources within a geographical grid combined with maximum likelihood estimation
to determine the corresponding population size. Recently, Pinto et al. [11] integrated the
geographic grid representation form [10] and convolution theory in a mixed-integer linear
programming (MILP) model to optimize the placement of Nature-Based Solutions (NBSs),
such as parks, in Italian urban cities. They assessed the fairness of NBS distribution in
relation to population density and used the Gini coefficient to globally evaluate the impact
of NBS installations on the general resident population.

In this vein, additional studies are investigating the potential of the convolutional
method across several domains. As an example, ref. [12] presents a cascading attention
transformation network for marine image classification, termed CATNet, which incor-
porates an efficient channel attention module that uses deep convolution to effectively
extract essential image features. Ref. [13], instead, integrates a semi-supervised generative
adversarial network (SSGAN) for data augmentation and a cross-aware attention network
(CAANet) using a combination of 3D and 2D convolutions along with an attention mecha-
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nism to improve the identification of different wheat varieties by focusing on their spectral,
spatial, and textual features. To the best of our knowledge, there is a dearth of research
pertaining to geographical accessibility to healthcare services for older people in the Italian
context. The purpose of this study was to create a new methodological approach to assist
policymakers in assessing the fairness in the geographical accessibility to health services,
namely, hospitals, pharmacies, and parapharmacies, for older people across Italian regions.

This study specifically aids in developing an advanced and innovative approach to
assist policymakers in their allocation decisions about health services for the increasing
demography of individuals over 65 in Italy. The study offers the following multiple contri-
butions:

1. Ituses advanced artificial intelligence methods to automate how healthcare services
are distributed in Italy for people over 65, tackling the issue of thoroughly assessing
healthcare resources and checking the fairness of services in different regions.

2. It provides a new way to evaluate the unfair distribution of health services by com-
bining an image processing technique with geographic analysis, using weighted
convolution matrices as statistical units instead of administrative boundaries, which
improve the accuracy of estimating health resources in the area.

3. Ituses a measure of inequality called Gini Index to assess the fairness of health services
distribution, taking into account both how many from the aged population live in an
area and how the wealth is spread out in that area.

4. It could aid in the future practical development of support systems by incorporating
the proposed methodological model into decision support systems improved through
dashboards with more accessible information for policymakers.

5. All the software and scripts used for this analysis are available on GitHub in their first re-
lease at the following link: https://github.com/daviderusso/FairnessForHealthServices.
git (accessed on 8 April 2025), promoting reproducibility and open science.

The remainder of this paper is structured as follows: Section 2 outlines the proposed
methodology by defining also the data employed in the study and all the necessary defini-
tions that come from the state of the art. Section 3 presents the results of the study, while
Section 4 discusses their significance. Section 5 highlights the limitations of the study and
proposes potential avenues for further research.

2. Methodology

A two-phase strategy was chosen to develop the proposed methodology. First, the in-
tegration of convolution matrices weighted with aged population density was executed
in the fine-grained approach proposed by Han et al. [10] to visually map the spread and
impact of health resources across the territory and a potential unfair service distribution.

In their work, the authors employed a geographic grid to develop a grid partition
model of the study area at 5 km by 5 km intervals, systematically searching each grid for
30 designated keywords pertinent to healthcare and community resources, such as hospitals,
to produce a vector quantifying hot words for each grid. They utilized a maximum
likelihood estimation method to assess the grid population using the hot words quantity
vector, and contrasted the actual distribution density of per capita hospital resources by
examining the population inside each grid along with the number of hospitals available.
Second, the research conducted by Pinto et al. [11] inspired the creation of a geographic
grid representation, which was integrated with an image convolution technique for image
filtering [14] to improve precision in evaluating the equitable distribution of services for
our target users.

In their study [11], a convolutional technique was employed to evaluate the impact
of Nature-Based Solutions (NBSs), such as parks, on the urban grid, with the kernel
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matrix delineating the neighborhood effect of the NBS. They assessed the cumulative
impact of an NBS at each point on the grid by convolving this kernel with the array of
possible locations, and they utilized a mixed-integer linear programming (MILP) model
to determine the ideal places for the installation of NBSs from a selection of candidate
locations. Furthermore, the combination of multiple data sources to assess the fairness in
distribution of accessibility using the Gini index was exploited to measure the misalignment
between healthcare services provision and aged population within a district level of interest
(e.g., [11,15,16]). These works outline the methodological underpinnings of this study.

2.1. Data

A comprehensive set of data focused on health services across the Italian territory was
used. Our examination focused on health services due to their significance in supporting
older people in their day-to-day independent living [1,17]. Data regarding pharmacies,
parapharmacies, and hospitals were retrieved from the open data website of the Ministero
della Salute [18]. This dataset was integrated with georeferencing information as described
below and cleaned of tuples that did not have a corresponding entry in the OpenStreetMap
(OSM) dataset [19]. A brief example of the health services data retrieved from the Ministero
della Salute is shown in Table 1.

Table 1. Example of the processed healthcare services data (hospitals, pharmacies, and parapharma-
cies). The original dataset included additional attributes that were removed as they were not relevant

for this study.
Type Name Address Municipality  Latitude Longitude
ospedale ca . Piazza Ospedale Maggiore  \ry). 1, 455091226 9.1890984
Hospital granda-'mguar(’ia—mllano 3
fondaz.irccs ca . Via Francesco Sforza, 28 Milano 45.4604789  9.1957932
granda—ospedale maggi
comunale ponte vittorio S or°0 Vittorio Emanuele, g, 417203878  12.713078
Pharmacy 343
farmacia durazzano srl Viale XXI Aprile, 42-42a Roma 41.9236809  12.571148
parafarmacia dott.ssa Via Torino, 12 Termoli 419926745  14.969991
valeria di pinto
Parapharmacy arafarmacia di lombardi
p Viale Trieste N.9 Termoli 42.0015076  14.990566

antonia

Furthermore, data on population density per km? were obtained from the Istituto
Nazionale di Statistica (ISTAT) [20]. In particular, we retrieved information about the
population by age class for each municipality, province, and region in Italy. We combined
this information to estimate the density of the population over 65 per km?. Population data
were updated to 2021 [21], while the resource data were updated to 2023.

An example of population data per square kilometer in the city of Rome is shown in
Figure 1. The values reported in each tile represent the resident population in that specific
square kilometer.
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Figure 1. Example of Rome’s population distribution, with each 1 km? tile labeled by the number
of residents.

2.2. Method

Let T represent the set of service types under consideration, where t € T denotes each
service type (i.e., pharmacies, parapharmacies, and hospitals). The proposed methodology
can be articulated in the following steps: Data Matrix Generation, Kernel Definition, Matrix
Convolution, and Results Analysis. The methodology was implemented using Python
3.12, and the graphical results were generated using QGIS [22]. Figure 2 summarizes
the flow of information of the proposed procedure. Particularly, it illustrates the process
from retrieving population and service data to applying convolution between kernels and
resource matrices. The convolution results are then weighted with population data before
econometric indices (i.e., Gini coefficient) are applied.

Estimate impact .
> Kernel matrix

D R S

Services
Data e,

Matrix convolution Result impact matrix Results analysis

(Gini)

» Resources matrix

Grid sampling

S —

¥

.y /
Population matrix »{ Impact weighting

—

Weighted result
impact matrix

Estimate

Figure 2. The figure summarizes the methodology flow of information from data retrieval to applica-
tion of the Gini coefficient in the analysis of results.

2.2.1. Data Matrix Generation

A grid sampling with tiles of 1 km? was created. We retrieved geographical informa-
tion (i.e., latitude and longitude) of health resources using OSM API [19]. For each tuple in
the services dataset, we checked whether there was a corresponding reference in OSM by
sequentially verifying the complete address provided in the dataset (i.e., name and street),
only the service name, only the street, and only the city. If no coordinates were found
during this process, we removed the entry from the dataset. Through this filtering step,
only one entry was removed from the hospital dataset. We then further filtered the dataset
to remove all duplicate entries. Specifically, if two services had the same name or street,
only one was retained. By removing these duplicates, we eliminated 42.8% of the hospital
entries, 28.7% of the parapharmacy entries, and 38.4% of the pharmacy entries.
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For each service (i.e., pharmacy, parapharmacy, and hospital), we created a resource
matrix R! of integer values, where each tile (i,j) € R! contains the number of services of
type t within that specific tile.

We used population data to weight the impact of the services. To estimate aged
population data for the entire area of interest, we retrieved population data for each
municipality and the population distribution per square kilometer. We then proportionally
combined these data with the percentage of older people in the municipality to which the
tiles belonged.

For this purpose, let Pop be the matrix containing population data per square kilometer,
where popj; represents the population residing in tile (i, j). Given M the set of municipalities
where each m € M represents a specific municipality, let Pop,; be the total population
residing in municipality m € M, and let ePop,, be the number of elderly residents (i.e.,
those over 65) in m. We define f(i,j) — m as a function that, given the coordinate of tile

(1,7), returns the municipality to which the tile belongs. First, we compute the percentage of
ePop,

Popn X 100. Then, we calculate the number

aged residents in municipality m as %ePop;, =

. Sy s . YoePopm ij
of aged residents residing in each tile (i, j) using the formula %.

This resulted in the matrix P, where each tile (i,j) € P represents the estimated
aged population residing in that tile. Note that matrix P is an estimation and can be
further refined or customized to represent subgroups of the population that differ in
other characteristics.

Note that we weight the convolution results with population data to account for the
potential demand for services, rather than just their presence. Without this weighting,
the analysis would focus solely on the supply of services, overlooking how many people
reside in each area and might use them. By incorporating population data, we address both
supply and demand, which are crucial for accurately assessing service distribution [23,24].
This step enhances the validity and interpretability of our findings by emphasizing the real
impact on the population.

2.2.2. Kernel Design Rationale

To estimate the impact of services residing in a tile, we defined a kernel matrix K’ for
each servicet € T.

The sizes of the kernels were determined based on state-of-the-art estimations [25]
of the area of impact for each service and the authors’ experience. In this regard, we
evaluated the report by [25], which involved mapping representative municipalities that
function as supply centers for primary services (health, mobility, and education) and
assessing the distance of other municipalities from these centers. It results in classifying the
Italian municipalities into three distance categories based on average road travel distance,
employing the following three primary metrics: median, third quartile, and 95th percentile.
The national grouping criteria were 27.7 min for the median, 40.9 min for the third quartile,
and 66.9 min for the 95th percentile.

Thus, by considering an average speed of 60 km/h, in 60 min, it is possible to cover
almost 60 km. This value is used as the radius of the kernel to the hospital (i.e., the size
of the kernel is 121 x 121 for a hospital). In particular, since each grid cell represents a
1 x 1 km area, a 60 km radius from the center requires extending 60 cells in every direction.
Consequently, we have 60 cells to the left, 60 cells to the right, and the central cell, yielding
a 121 x 121 kernel (i.e., 60 + 60 + 1 = 121). This ensures the coverage of 60 km in each
direction from the central tile. Similarly, based on a 10 min travel time at an average speed of
60 km/h, we defined the pharmacy kernel as a 21 x 21 matrix. In contrast, by considering a
walking speed of 0.8 m/s for older adults [26], we defined a 5 x 5 kernel for a parapharmacy.
The values within the kernels were defined in the interval [0.1, 1.0]. Once the kernel size is
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set, the values in the matrix decrease linearly from the central highest value (equal to 1)
to a minimum at the outermost layer. Consequently, any layer not included in the kernel
is assumed to have a value of 0. This ensures that all elements of the kernel matrix have
a value greater than zero. As an example, the 5 x 5 kernel defined for a parapharmacy is
shown in Table 2. Nonetheless, it is possible to create new kernels to refine the estimation
of the impact.

Table 2. Kernel of size 5 x 5 used to estimate the impact of a parapharmacy.

0.1 0.1 0.1 0.1 0.1
0.1 0.55 0.55 0.55 0.1
0.1 0.55 1.0 0.55 0.1
0.1 0.55 0.55 0.55 0.1
0.1 0.1 0.1 0.1 0.1

2.2.3. Convolution Implementation

Convolution is a mathematical operation that, given the two functions f and g, pro-
duces a third function that expresses how the shape of one is modified by the other [14]. It
is commonly used in image filtering, where images and kernels are essentially matrices of
numbers. The core idea of this methodology is to use it to combine the information from
the service’s kernels with the service distribution. By weighting the convolution results
with the population density, we can estimate the impact of each service on the surrounding
territory and its population.

An example of this application is the following: Given an image I and a kernel k of size
w % h, we denote the image resulting from the application of the kernel k to I as I = f(I).
To obtain the output image I, the kernel matrix is applied pixel by pixel. Specifically,
the value of a generic pixel I l’ jis computed using the following equation:

w h
f(Ii,j) = Ii,j = Z Z — @ +a=1)(j— |4 ]+b-1) X kap 1)

Figure 3 shows an example of applying a kernel k (Figure 3b) to an input image I
(Figure 3a), resulting in the output image I’ (Figure 3d). When either the height / or width
w of the kernel is even, the indices need to be adjusted accordingly. For the purposes of
this work, we assume that both  and w are odd.

We note that, in our work, we considered the matrices R, which contain data on the
distribution of resources for each service type t € T, as the images I. Similarly, the kernels
K were specifically designed to represent the impact of each service type t € T. To estimate
the impact of services on the population, we weighted the results of the convolution using
the population data in the matrix P. Figure 4 illustrates the application of these weights to
the convolution results.

We note that the top-right tile of Figure 4c shows that even if a portion of the population
lives in that tile, the final result will be zero if no services reach that tile. Similarly, in the top-
left tile, even if services do reach the tile, the final result will be zero if no population resides
there. Thus, the result matrix C! representing the impact of the services t € T, weighted
according to the population matrix P, can be computed using the following formula:

w h
_D.. t t
- Pz,] X a:Zlb;lR(l [ +a-1)(j— [hj+b 1) X Kab (2)
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where R! is the resource distribution matrix for service ¢, and K! is the kernel for service
t. Furthermore, i,j denotes the specific tile of the relative matrix. To ensure accurate
spatial data processing, we also converted shapefiles (SHP) to TIFF (Tagged Image File
Format) format using standard GIS libraries (e.g., GDAL), preserving spatial metadata
and projection integrity. This step enhances the adaptability and reproducibility of our
methodology, aligning with best practices in geospatial analysis [27-31].

0.5 0.5 0.5 0.0 0.0
0.5 1.0 1.0 0.5 0.5
0.5 1.0 15 15 0.5
0.5 1.0 15 1.0 0.5

1.0 1.0 0.5 0.5 0.0

(d)

Figure 3. This figure shows an example of the convolution procedure. First, (a) displays the original
5 x 5 image matrix with its corresponding pixel values. This matrix corresponds to the service matrix
Rf, where a value of 1 (i.e., in blue) indicates the presence of the service and 0 (i.e., in black) indicates
its absence. The kernel K!, which describes the impact of the service, is shown in (b). It is applied to
the input image presented in (c).We note that the red arrows represents the movement of the kernel
over the image. Finally, (d) shows the pixel values of the resulting filtered image after applying the
convolution formula presented in Equation (1).

0.5 0.5 0.5 0.0 0.0 0 0 0 0] 5 0 0 0 0 0

0.5 1.0 1.0 0.5 0.5 0 10 5 0] 0 0 10 5 0 0

0.5 1.0 15 15 0.5 0 15 20 10 10 0 15 30 15 5

0.5 1.0 15 1.0 0.5 0 15 5 20 0 0 15 7.5 20 0

1.0 1.0 0.5 0.5 0.0 10 5 0 0 0 10 5 0 0 0
(@) (b) (0)

Figure 4. Figure 3 illustrates an example of the weighting procedure applied to the convolution
results. (a) displays the pixel values of the filtered image obtained after convolving with the kernel
k! associated with the service of interest. (b) shows the population matrix P in the area of interest.
Finally, (c) presents the weighted results (i.e., the impact matrix C?) derived from the element-wise
multiplication of the population matrix P with the convolution result. This figure also reports the
outcome of Equation (2).

A flowchart detailing the Matrix Convolution step introduced in Figure 2 and de-
scribed in this section is shown in Figure 5. It illustrates the logical structure of the
computational process used to obtain the matrix C!. After determining the dimensions of
the resource matrix R, namely, W and H, the algorithm iterates over each tile (i, ) in the
matrix and calculates the convolution between R and the corresponding resource kernel,
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as given by Equation (2). The result of this convolution is then weighted by the population
P, ; residing in the tile (i, ). Finally, the algorithm returns the convolved matrix C".

False

w, h
1 . t ot
Ciy="Fiyx ZER(.-@ sanij(leen < e

=1 B=1

SetW and H as the Width
and the Height of
R

Figure 5. Flowchart illustrating the process used to compute the matrix C! by convolving the resource

matrix Rf with the corresponding service kernel K. The algorithm iterates over each tile (i, j) applying
the convolution formula at each step.

2.2.4. Gini Coefficient Calculation

After computing the matrix containing the impact of each health service typet € T
weighted on the population matrix P, we performed a normalization step. We generated a
normalized impact matrix nC' by normalizing the impact matrix C' in the range [0, 1] using

the following formula: Xpormalized = % . We computed the average and total impact

values, an,vg and nC} ,, respectively, for the entire area of interest and for a subportion of the
area. We note that the average value is computed as the average of the territory extension.

To provide a single value that summarizes the cumulative impact matrix, we define
the matrix nC by summing the matrices of all services t € T as follows: nC;; = } e thCf’ i
We note that 6’ is a weight parameter that can be used to personalize the importance of
each service in the cumulative matrix nC. For our experimentation, we considered all the
services as having equal weight. We computed the total and average impact values on nC,
denoted respectively as nCyot and nCyg.

Fairness in resource distribution can be addressed from multiple angles across different
domains, as demonstrated in a recent study that proposes and compares several fairness
metrics [32]. In our work, to evaluate the fairness of the distribution of health services, we
applied an econometric index widely recognized as a measure of income inequality, the Gini
coefficient [33-35]. For the scope of this work, we used it to express the fairness of the
distribution of health services across the population by considering the tiles of the matrices
nC as statistical units. It ranges between [0.0,1.0], where lower values indicate a fairer
distribution of health resources, while higher values suggest a more unfair allocation [16].
We compute the Gini coefficient of the matrices nC! for each t € T and of the cumulative
one nC.

3. Results

The integration of multiple data sources to evaluate the fairness of health services
distribution through the proposed methodology provides valuable insights for decision
makers. Figure 6 maps the results obtained by applying the methodology described in
Section 2 for the three resources analyzed (i.e., pharmacy, parapharmacy, and hospital) and
the total cumulative impact. We note that the gray color represents the absence of services
or population, while darker green corresponds to a higher service impact.

Parapharmacies appear to have the smallest effect on the Italian population, whereas
hospitals and pharmacies demonstrate a significant impact due to the large kernel used,
for the former, and the broad coverage provided by the latter’s numerous locations
(Figure 6a—c). The cumulative effect of the three services combined across Italy (Figure 6d)
reveals a stark contrast in service coverage between the northern and southern regions of
the country. The northern portion of Italy is predominantly well-served, featuring a robust
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availability of healthcare facilities, especially in major urban centers. Conversely, the south-
ern regions exhibit markedly lesser coverage, with the exception of Rome and Naples, which
hold significantly higher levels of service provision, indicating a concentration of healthcare

resources in these urban centers. Other southern areas remain insufficiently served.

Figure 6. The maps show the impact of the services considered over the Italian territory weighted
by the population aged over 65. Dark green indicates regions with the highest service levels and
concentrations of aged residents, whereas gray zones denote areas lacking population (e.g., the Alps,
which are largely uninhabited) or areas without health services. The maps contain the impact of
(a) pharmacy, (b) parapharmacy, (c) hospital, and (d) their cumulation.

Table 3 provides a comprehensive analysis of the total and average impact scores of the
three categories of healthcare services (pharmacy, parapharmacy, and hospital) throughout
various areas in Italy, along with the aggregate effect of these services. The Lombardia
Region has the highest impact across all services, with a cumulative score of 0.978 and
an average of 0.850, confirming that the Lombardia Region provides an extensive and
densely populated network of healthcare services. Nonetheless, the the Campania and
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Lazio Regions demonstrate considerable cumulative effects in pharmacies and hospitals,
exhibiting a notably uneven distribution of healthcare services.

Table 3. Results of the methodology showing the total and average impact of health services in Italy.
The table reports the impact of individual services and the cumulative impact.

Region Pharmacy Parapharmacy Hospital Cumlative Effect
Total  Average  Total Average Total Average Total Average
Valle d"Aosta 0.001 0.011 0.004 0.023 0.001 0.009 0.002 0.014
Veneto 0.167 0.201 0.278 0.206 0.116 0.142 0.187 0.183
Piemonte 0.421 0.383 0.660 0.370 0.204 0.188 0.428 0.314
North Liguria 0.119 0.287 0.239 0.356 0.019 0.046 0.126 0.230
Lombardia 1.000 0.984 0.934 0.567 1.000 1.000 0.978 0.850
Trentino-Alto Adige 0.007 0.014 0.024 0.029 0.010 0.019 0.014 0.020
Friuli Venezia Giulia 0.034 0.112 0.093 0.187 0.017 0.055 0.048 0.118
Emilia-Romagna 0.128 0.145 0.579 0.403 0.130 0.149 0.279 0.232
Toscana 0.150 0.142 0.358 0.208 0.100 0.095 0.203 0.148
Umbria 0.014 0.044 0.074 0.150 0.011 0.037 0.033 0.077
Centre Lazio 0.725 0.768 1.000 0.654 0.361 0.388 0.695 0.603
Marche 0.026 0.065 0.086 0.135 0.019 0.048 0.043 0.083
Abruzzo 0.027 0.070 0.165 0.267 0.017 0.046 0.070 0.128
Basilicata 0.005 0.014 0.067 0.121 0.006 0.017 0.026 0.051
Calabria 0.023 0.037 0.177 0.175 0.024 0.038 0.074 0.083
Campania 0.552 1.000 0.895 1.000 0.323 0.595 0.590 0.865
South Molise 0.003 0.018 0.014 0.057 0.005 0.034 0.007 0.036
Puglia 0.103 0.066 0.551 0.219 0.052 0.034 0.235 0.107
Sardegna 0.026 0.035 0.200 0.167 0.015 0.021 0.080 0.074
Sicilia 0.168 0.077 0.715 0.202 0.093 0.043 0.325 0.107

To further validate our convolution-based evaluation, we conducted a comparative
analysis with traditional spatial accessibility methods, such as the Enhanced Two-Step
Floating Catchment Area (E2SFCA) model [23,36-38]. While E2SFCA effectively assesses
healthcare accessibility by integrating travel times and demand-supply ratios, our approach
leverages convolution techniques to provide a more detailed representation of fine-scale
spatial disparities. The results indicate that our method enhances the precision of localized
healthcare distribution assessments, which is crucial for identifying underserved areas and
informing targeted policy interventions.

Figure 7 encapsulates the average impact results for each service, incorporating the
cumulative data derived from the suggested methodology. The figure shows that hospital
distribution exhibits the greatest unfairness (i.e., Figure 7b), with the most significant
gap between the Lombardia Region and the other regions. Conversely, parapharmacy
(i.e., Figure 7d) appears to be the service most fairly spread, with the majority of regions
exhibiting a percentage over 10%. Campania and Lombardia exhibit the highest average
cumulative impact, at nearly 80% and 70%, respectively (Figure 7a), making them pri-
mary centers for healthcare services, particularly regarding accessibility and demographic
influence weighted with individuals aged over 65. On the other hand, the Piemonte,
Emilia-Romagna, Liguria, and Veneto Regions are classified as mid-tier, demonstrating
moderate cumulative impact levels (Figure 7a), whereas Puglia, Calabria, Marche, Umbria,
and Sardegna are designated as low-tier regions, exhibiting considerably lower average
cumulative impacts (Figure 7a). This suggests that low-tier regions may have inadequate
healthcare services or that the population is not optimally served by the existing services,
whereas mid-tier regions possess adequate healthcare infrastructure, albeit less densely
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developed than in top-performing regions. Instead, the Basilicata, Molise, Trentino-Alto
Adige, and Valle d”Aosta Regions rank lowest on this chart, signifying a minimal healthcare
service impact due to a low population density, a lack of healthcare facilities, or both
(Figure 7a). Although Trentino-Alto Adige and Valle d’Aosta’s closeness to well-serviced
regions may alleviate this trend, Molise and Basilicata do not have this advantage. The
orange line in Figure 7a indicates that a limited number of regions contribute significantly
to the overall impact of healthcare services. The initial steep incline on the left side of the
line indicates that regions such as Campania and Lombardia play a substantial role in
the overall impact. As one progresses to the right, the cumulative percentage exhibits a
slower rate of increase, suggesting that the subsequent regions contribute less significantly
to the overall impact. The uneven distribution indicates a necessity for targeted policies
to improve healthcare service delivery in underserved areas. Less than half of the Italian
regions contribute to over 80% of the total cumulative impact of health services.
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Campania
Lombardia

Lazio

Piemonte
Emilia-Romagna
Liguria

Veneto

Toscana

Abruzzo

Friuli Venezia Giulia
Sicilia

Puglia

Calabria

Marche

Umbria

Sardegna

Basilicata

Molise
Trentino-Alto Adige
Valle d'Aosta
Lombardia
Campania

Lazio

Piemonte
Emilia-Romagna
Veneto

Toscana

Friuli Venezia Giulia
Marche

Liguria

Abruzzo

Sicilia

Calabria

Umbria

Puglia

Molise

Sardegna
Trentino-Alto Adige
Basilicata

Valle d'Aosta

(b)

—
0
=~

Average Pharmacy Impact Average Parapharmacy Impact

Lazio
Liguria
Veneto
Toscana
Sicilia
Puglia
Marche
Umbria
Calabria
Molise
Basilicata
Lazio
Piemonte
Liguria
Abruzzo
Puglia
Toscana
Veneto
Sicilia
Calabria
Sardegna
Umbria
Marche
Basilicata
Molise

€
3
£
&
V]

Piemonte
Abruzzo
Sardegna
Lombardia

-]

5
g 3
£ £
o 8

Emilia-Romagna
Valle d'Aosta
Emilia-Romagna
Friuli Venezia Giulia
Trentino-Alto Adige
Valle d'Aosta

Friuli Venezia Giulia
Trentino-Alto Adige

(c) (d)

Figure 7. The figure reports the impact of the three services over the Italian territory weighted by the
population aged over 65. The x-axis lists the regions, while the y-axis shows the percentage of the
average impact for each region. The regions are sorted from the one with the highest impact level to
the one with the lowest. The orange line represents the cumulative percentage of the total impact
moving from left to right across the regions. (a) contains the average impact for all services, while
(b—d) contain the region details for each service.

Table 4 presents the Gini index values computed on the impact matrices of three
types of health services (pharmacies, parapharmacies, and hospitals) across Italian regions.
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The Veneto Region displays the lowest cumulative Gini score of 0.812, signifying the
fairest distribution of healthcare services among the regions. The Gini coefficients for
pharmacy and parapharmacy are 0.844 and 0.964, respectively, but the distribution for
hospitals appears to be fairest at 0.775. Conversely, Trentino-Alto Adige shows the highest
cumulative Gini index of 0.945, indicating the most unfair distribution of healthcare services
and thus a persistently low degree of equity in access to all three categories of healthcare
services throughout the region.

Table 4. Gini index values computed for pharmacies, parapharmacies, and hospitals (i.e., nC* for
each service t € T) across Italian regions. The regions are listed in the first column, followed by the
Gini index for each type of service (pharmacy, parapharmacy, and hospital). The last column shows
the Gini values computed on the cumulative impact matrix nC. The regions with the lowest and
highest values in the “Cumulated” column represent, respectively, the regions with the most and
least equal distribution of healthcare services.

Region Gini Index
Pharmacy Parapharmacy Hospital Cumulated
Valle d’Aosta 0.921 0.986 0.878 0.908
Veneto 0.844 0.964 0.775 0.812
Piemonte 0.973 0.988 0.903 0.937
North Liguria 0.970 0.986 0.899 0.954
Lombardia 0.931 0.966 0.863 0.881
Trentino-Alto Adige 0.957 0.992 0.934 0.945
Friuli Venezia Giulia 0.901 0.980 0.837 0.888
Emilia-Romagna 0.926 0.986 0.860 0.899
Toscana 0.942 0.984 0.876 0.909
Umbria 0.918 0.986 0.854 0.904
Centre Lazio 0.966 0.974 0.898 0.927
Marche 0.879 0.975 0.833 0.871
Abruzzo 0.895 0.980 0.825 0.896
Basilicata 0.950 0.988 0.908 0.953
Calabria 0.892 0.970 0.857 0.897
Campania 0.952 0.970 0.885 0.913
South Molise 0.912 0.991 0.883 0.907
Puglia 0.930 0.967 0.898 0.928
Sardegna 0.964 0.983 0.925 0.956
Sicilia 0.944 0.973 0.898 0.929

4. Discussions

In this work, we propose a novel methodological approach to assist policymakers
in assessing fairness in geographical accessibility to health services, namely, hospitals,
pharmacies, and parapharmacies, for older people across Italian regions.

Our findings revealed a significant discrepancy between the availability of healthcare
services and the older population at the district level of reference (i.e., regions). The Gini in-
dex for the health services analyzed in this study indicates a disproportionately inadequate
allocation relative to the distribution of the over-65 population in the country. The cumula-
tive values of the Gini index indicate that all captured indicators exceed 0.8, suggesting that
the current coverage of hospital and territorial supply services, including pharmacies and
parapharmacies, for the over-65 demographic is mostly unfair compared with the overall
population. This is particularly noteworthy because, despite the uneven distribution of
supply points of interest nationwide, areas with a more concentrated and widespread
network of services exhibit inadequate fairness in accessibility for the over-65 demographic
(the Lombardia Region has a cumulative Gini coefficient of 0.881; see Table 4). Nonethe-
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less, by categorizing the chosen district levels (i.e., regions) according to geographical
area, namely, Northern Italy, Southern Italy, and Central Italy, it is possible to observe a
discernible disparity in fairness regarding access to supply points. Within the northern
regional cluster (i.e., Lombardia, Veneto, Friuli-Venezia Giulia, Emilia-Romagna, Aosta
Valley, Piedmont, Trentino-Alto Adige and Liguria), the Lombardia Region provides a
remarkable degree of service accessibility for people over aged 65 relative to those living
in the same regional cluster (0.850, see Table 3). Despite the Veneto Region exhibiting the
lowest cumulative Gini index (0.812, see Table 4), the distribution of health service coverage
is rather constrained within the same regional cluster (0.183, see Table 3). This means that a
less-structured supply network does not necessarily make access to services of interest of
the older population less equitable in comparison with other geographical areas within the
same regional cluster. In this vein, the Liguria Region has a greater cumulative average
impact of healthcare distribution compared with the Veneto Region (0.230, see Table 3)
but the highest cumulative Gini index within the regional cluster (0.954, see Table 4). This is
particularly interesting as the Liguria Region hosts the oldest population of Italy (29%) [39],
thus confirming that there exists a geographical imbalance in the health services coverage
concerning the older population within the regional cluster. Nonetheless, the Gini index
proposed in this study only relies on the spatial distribution of services, thereby repre-
senting a measure of global unfairness in territorial access to health services. Indeed, the
Friuli-Venezia Giulia Region is ranked second in the list of oldest population (27.2%) [39],
but its cumulative Gini index is slightly higher (0.888, see Table 4) than the best in class
within the northern regional cluster (i.e., Veneto Region). Consequently, generalizability is
prevented, as additional nonspatial factors excluded from the calculation may influence the
overall index, such as the regional health policies regulating the equity of access to health
services. However, it is important to highlight that the regions comprising the southern
regional cluster (i.e., Basilicata, Calabria, Campania, Molise, Puglia, Sardegna, and Sicilia)
demonstrate, on average, a higher cumulative Gini index compared with those in the
northern regional cluster, with all indexes exceeding 0.9, except for Calabria, which has a
slightly lower cumulative Gini index (0.897). This indicates a significant disparity in equity
of access to health services for people aged over 65 living in the southern regions when
compared with those in the northern ones. Interestingly, this cluster demonstrates a general
relatively limited supply network (see Table 3) with the exception of the Campania Region,
which achieves an average cumulative effect of 0.865, comparable to the best-performing
region in Italy (i.e., Lombardia). This may suggest the existence of disparities in access
to the regional supply network related to the presently limited or ineffective distribution
of supply points for individuals aged over 65. Indeed, the Campania Region, which has
the lowest percentage of individuals aged over 65 in Italy at 20.9% [39], emphasizes the
presence of an imbalanced supply network concerning the density of the over-65 resident
population, although it holds the highest concentration of territorial services, such as phar-
macies and parapharmacies, within the southern regional cluster and across the Italian
territory as a whole.

The cluster consisting of regions in Central Italy (Toscana, Umbria, Lazio, Marche,
and Abruzzo) represents an intermediate level of fairness in accessibility distribution as
compared with the southern regional cluster, which encounters the highest unfairness in
access to health services, and the northern cluster exhibits the lowest degree of unfairness
(see Table 4). It is significant to note that the Lazio Region points out an association between
service distribution and equitable access to the supply network for individuals aged over
65, similar to the southern regional cluster (i.e., Campania Region). This region holds a
dense and complex set of supply points weighted for individuals aged over 65, despite
having the lowest demographic representation within the cluster (22.6%), while exhibiting
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the highest level of accessibility equity (0.927, see Table 4). This suggests that incorporating
spatial factors into the measurement of fairness in services coverage for individuals aged
over 65 could effectively explain the underlying misalignment between healthcare services
supply and the older population across Italian regional clusters, even though the findings
in the northern regional cluster pave the way for further research.

5. Conclusions

This paper presents a methodological framework for evaluating the fairness of health
services distribution for seniors in Italy, using a geographical grid sampling combined
with a convolution-based approach inspired by [10,11]. This methodological framework
facilitates the processing of extensive administrative and demographic data and a com-
parative analysis of results across different territorial entities to ensure a clear and precise
data visualization for informed decision making. In this view, this study opens the door
for creating better technologies that use the proposed methodological model in decision
support systems, enhancing the dashboard of accessible information, and developing an
effective and user-friendly interface design.

Notwithstanding our results, we believe that several limits of our study must be
acknowledged. Future research should improve the methodology’s accuracy by refining
how to measure distance. Rather than spatial distance, incorporating traveling distance
would provide a more realistic assessment of healthcare accessibility. Additionally, expand-
ing the range of services (e.g., touristic places and restaurants) included in the analysis
and assigning appropriate weights to them could account for an innovative measure of
accessibility. Analyses at municipal, provincial, and regional levels could also offer insights
by considering characteristics such as population density or geographic features (e.g., alti-
tude). This approach would help capture the diversity in service distribution from different
points of view. Currently, the same kernel is applied across the entire territory, but creating
kernels that dynamically adapt to the intrinsic characteristics of the territory might enhance
accuracy. Tailoring these kernels could provide a more precise understanding of how
accessibility varies in different contexts.

Moreover, this study uses the Gini coefficient to assess fairness. Future work could
explore other indices that might be better suited for spatial applications, such as the Spatial
Gini [40,41] or the Generalized Entropy Index [42]. In particular, future research could
integrate the Spatial Gini Index—by considering its distance decay function to emphasize
local disparities—or the Generalized Entropy Index, whose parameter a offers sensitivity
to different disparity levels. Both indices allow for decomposing overall inequality into
within-group and between-group components, thereby providing insights into local and
regional inequities and offering a more comprehensive assessment of spatial fairness in
healthcare access when compared with the conventional Gini coefficient.
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