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Featured Application: This study lays the groundwork for the innovative approach outlined in Santamato 

et al. (2024) (currently in preprint), focusing on a novel methodology for calculating efficiency within the 

healthcare sector. Serving as a bridge between the initial analysis of energy management and hospital 

performance by Santamato et al. (2023) and the forthcoming methodological development, this research 

delves into hospital mobility through the application of advanced machine learning techniques. By 

exploring how various variables influence patients' mobility choices and their perceptions of healthcare 

service quality, particularly in the regions of Apulia and Emilia-Romagna, the current study not only 

enriches the existing body of research but also establishes a critical foundation for the advanced 

methodological proposal presented in Santamato et al. (2024) (in preprint), advocating for more precise 

evaluation tools and targeted interventions to optimize healthcare management. 

Abstract: This study delves into hospital mobility, understood as an indicator of perceived service quality, 

across the Italian regions of Apulia and Emilia Romagna, utilizing logistic regression among machine learning 

techniques. The focus is on how structural, operational, and clinical variables impact patient perceptions of 

service quality, influencing their healthcare choices. Through the analysis of mobility trends with machine 

learning, significant differences between regions were uncovered, highlighting the influence of regional context 

on perceived quality. The integration of SHAP (SHapley Additive exPlanations) values into our analysis 

provided deeper insights into the logistic regression model, elucidating the specific contribution of each 

variable to perceived healthcare quality. This incorporation of SHAP values underscores the study's 

commitment to employing advanced, explainable AI techniques to enhance the interpretability and fairness of 

healthcare service evaluations. The choice of logistic regression elucidated the impact of specific variables on 

quality perception, offering essential insights for optimizing healthcare resource distribution and underscoring 

the importance of data-driven strategies to foster more equitable, efficient, and patient-centered healthcare 

systems. Contributing to the understanding of perceived quality dynamics within the healthcare context, the 

research paves the way for further investigations into enhancing accessibility and service quality, leveraging 

machine learning as a tool for improving healthcare services efficiency in diverse regional settings.  

Keywords: hospital mobility; machine learning; healthcare quality assessment 

 

1. Introduction 

Italy's National Health Service is steadfast in providing high-quality medical care to all citizens. 

However, the regionalized health structure introduces performance disparities across regions, 
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prompting experts to scrutinize and benchmark regional health systems to discern models of 

excellence, areas needing improvement, and best practices [7]. 

Our analysis zeroes in on the hospital systems of Apulia and Emilia-Romagna, chosen for their 

distinct characteristics. Emilia-Romagna, as per the GIMBE Report 2023, is a frontrunner in delivering 

Essential Levels of Assistance (LEA), showcasing its prowess in providing essential services. This 

region's success is partly attributed to the Guarantee System, ensuring quality, appropriateness, and 

uniformity in health service delivery, a domain where Emilia-Romagna shines (GIMBE Foundation , 

http://www.gimbe.org/). 

Conversely, Apulia, with its unique history, demography, and geography, demonstrates 

remarkable adaptability and innovation in healthcare, tackling specific challenges head-on. The 

comparative study between Emilia-Romagna and Apulia aims not to rank their services but to reveal 

how differing contexts, resources, and strategies influence healthcare service efficiency and 

effectiveness. Emilia-Romagna leverages its extensive experience to offer proven solutions, whereas 

Apulia introduces innovative approaches to address unique challenges, potentially applicable in 

other settings. 

A pivotal aspect of our research is evaluating hospital efficiency through the lens of resident 

patient quality perception, considering Apulia and Emilia-Romagna as a unified territory for health 

mobility analysis. This methodology enables a nuanced assessment of healthcare service efficiency 

and quality, factoring in patient experiences and preferences in healthcare facility selection. 

Patient perceptions of hospital service quality are vital for elevating health standards. An 

analysis of Facebook reviews using machine learning techniques has established a significant 

correlation between hospital accreditation and online emotional expressions, emphasizing the 

importance of valuing patient feedback [1]. Additionally, the deployment of a specific conceptual 

framework has equipped hospital administrators with a robust tool for scrutinizing and enhancing 

service quality across various hospital settings [22]. These strategies highlight the critical need to 

integrate patient perspectives in healthcare service optimization, ensuring state-of-the-art, patient-

centric care. The analysis of the territorial distribution of healthcare facilities and accessibility offers 

an interesting perspective on the importance of integrating the healthcare dimension into territorial 

planning to address inequalities in service access [16]. Furthermore, the study on healthcare 

inequalities and disparities in disadvantaged areas gathers evidence and field experiences, providing 

recommendations to tackle inequities and improve access to care [3], thus enriching our 

understanding of regional healthcare dynamics in Italy with examples and lessons from international 

contexts. 

Hospital efficiency is a cornerstone for ensuring quality healthcare in Italy. The Hub & Spoke 

network model, transient efficiency strategies, prudent management of hospital and intensive care 

beds, and the adoption of a Prospective Payment System are instrumental in promoting hospital 

efficiency, contributing to a more agile and sustainable funding model [6; 8; 24; 25]. These initiatives 

underscore Italy's commitment to a comprehensive health system renewal, aiming to bolster 

efficiency and better meet the needs of all citizens. 

The examination of perceived quality underscores the significance of considering patient 

hospitalization propensity as an insightful indicator. This propensity, reflecting on hospitalization 

outcomes and patient mobility, directly impacts the perceived quality of hospital services. Patient 

mobility, indicative of the quest for quality care, influences perceptions of hospital service quality 

through patient transfers across health facilities, both within and beyond regional borders. 

Furthermore, the endeavor to enhance hospital service quality incorporates complex nuances, 

including patient mobility, proposing a holistic framework for the continuous improvement of 

hospital service quality [26]. This comprehensive approach provides a clearer, more in-depth view of 

perceived quality within the hospital systems of Apulia and Emilia-Romagna. 

In an era marked by global interconnectedness and unparalleled knowledge exchange, 

understanding the variances and commonalities between different regional hospital systems is 

imperative. This understanding is crucial not only for national improvement but also for offering 
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valuable insights to other countries, especially in navigating health crises like the COVID-19 

pandemic.  

This comparative analysis between Apulia and Emilia-Romagna transcends mere performance 

evaluation, offering a holistic perspective on the dynamics, processes, and strategies that can elevate 

care quality and citizen health. Through critical analysis and mutual learning, the aim is to forge a 

health system that is equitable, resilient, and efficient, catering to the needs of all citizens. 

The text is structured as follows: it begins by defining the problem and outlining the goals of the 

research, then moves on to describe the methodological background and the practical example to 

which this methodology was applied. This is followed by a chapter dedicated to the details of the 

investigation carried out, highlighting the most significant findings, which are subsequently critically 

analyzed in another chapter. This latter section also includes a reflection on the originality, potential, 

and constraints of the suggested approach. The conclusions provide insights into the implications of 

using the methodology for decision support at various levels and propose directions for future 

research. 

2. Background 

Within the varied landscape of the Italian healthcare system, regional differences outline a 

unique context for analyzing the dynamics of access to care. Hospital networks, with their territorial 

specificities, offer a lens through which to explore how healthcare facilities meet the needs of a diverse 

population. In this scenario, our study focuses on investigating patient mobility, a crucial aspect that 

reflects individual choices in accessing hospital care. Recent research has confirmed that the 

endowment of hospital beds is a determining factor in patient mobility, especially in decentralized 

healthcare contexts, suggesting a direct area of interest for our work [12]. 

By adopting a predictive model based on logistic regression, we aim to uncover the factors that 

guide patients in their choice of hospital, paying particular attention to organizational, outcome, and 

structural variables. This advanced methodological approach, situated at the intersection of data 

science and healthcare research, allows for an in-depth analysis of expected mobility towards 

hospitals, offering valuable insights to optimize the distribution of healthcare resources and improve 

accessibility and quality of care. The analysis of interregional pediatric healthcare mobility has 

highlighted deficiencies in pediatric services in some Italian regions, indicating the need for a 

strengthening of healthcare offerings [9]. 

The interplay between energy management and hospital performance points to how energy 

efficiency represents a critical factor for the overall efficiency of a hospital. Incorporating machine 

learning-based energy monitoring methods can significantly contribute to understanding and 

improving hospital energy demands, directly impacting operational efficiency [34]. Our work is set 

within a research context that extends previous investigations examining the interaction between 

energy management and hospital performance, highlighting the importance of improved 

management practices [27]. Our study broadens the research horizon by exploring patient mobility 

as a key indicator of hospital efficiency and the perceived quality of healthcare services. 

This study offers an innovative perspective on the mobility choices of patients in Italy, 

highlighting how a detailed analysis of these dynamics can significantly contribute to the strategic 

planning and management of healthcare services. Through data analysis and the application of 

machine learning techniques, we aim to outline strategies for a more efficient, effective, and patient-

centered care system, promoting a balance between the quality of care and economic sustainability 

in the national healthcare context. 

2.1. Application Context 

Incorporating data from 2021, our study provides a sharp and scientifically rigorous overview 

of healthcare facilities in the regions of Apulia and Emilia-Romagna, following the guidelines of the 

Ministry of Health. In Apulia, the healthcare system is organized around 6 Local Health Authorities 

(ASL), each responsible for delivering a comprehensive range of health services to the local 

population. Similarly, Emilia-Romagna's healthcare services are structured around 8 Local Health 
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Units (USL), which play a pivotal role in ensuring access to health services across the region. These 

entities, ASLs in Apulia and USLs in Emilia-Romagna, are crucial for implementing national health 

policies at the local level, adapting them to meet the specific needs of their communities. Through 

detailed analysis, significant differences in the distribution and efficiency of healthcare facilities 

emerge, reflecting the diversity and complexity of the Italian healthcare system. First-Level Hospitals, 

providing essential services such as emergency care, diagnostics, regular hospitalization, and 

outpatient services, represent the community's first contact with healthcare. Their widespread 

presence across the national territory ensures access to primary care for the local community. Second-

Level Hospitals, characterized by greater specialization compared to first-level hospitals, offer more 

complex services such as specialized surgery, intensive care, and hemodynamics services. These 

centers, distributed in numerous regions of Italy, serve as reference points for the provision of 

advanced care. Basic Hospitals, primarily focused on primary care functions, offer basic care, 

outpatient services, and primary level diagnostics. Their role is crucial in connecting primary care 

with more specialized hospital facilities, ensuring continuity in healthcare. Institutes of Scientific 

Research and Care (IRCCS), dedicated to scientific research and highly specialized healthcare, play a 

fundamental role in the development of new therapies and medical research, offering highly 

specialized care. Accredited Private Healthcare Facilities, which have obtained accreditation from the 

National Health Service (SSN), collaborate with the public healthcare system by providing care and 

rehabilitation services, operating in compliance with the quality and safety standards set by the SSN.  

To make an effective comparison between the two regions in terms of healthcare services, a 

hypothetical macro-region was conceived, focusing exclusively on the mobility of residents, to offer 

a clear and precise picture of the health situation and patient mobility exclusively between Emilia-

Romagna and Apulia. The analysis, based on 2021 data, aims to evaluate the efficiency, accessibility, 

and quality of the present healthcare facilities, as well as to understand the dynamics of choice and 

preference of patients in relation to the healthcare services offered by the two regions. Table 1 details 

the distribution of these facilities in the two regions, highlighting a marked predominance of private 

hospitals in Emilia Romagna, with 27 base hospitals and 15 second-level hospitals, while Apulia 

shows a balanced distribution, with a significant presence of 5 public second-level hospitals. 

Table 1. Contingency Table: Relationship between Hospital Network Nature and Hospital Level in 

the Apulia and Emilia Romagna Region. 

   Level  

Region Network  Base Level First Level Irccs 

Private 

Nursing 

Homes 

Second 

Level 
Total 

Apulia 

Private 
N. 0 4 2 24 0 30 

% 0.0  6.8  3.4  40.7  0.0  50.8  

Public 
N. 9 13 2 0 5 29 

% 15.3 22.0  3.4  0.0  8.5  49.2  

Total 
N. 9 17 4 24 5 59 

% 15.3 28.8  6.8  40.7  8.5  100 

Emilia 

Romagna 
Private N. 27 0 1 15 3 46 

  % 39.7 0.0  1.5  22.1  4.4  67.6  

 Public N. 1 6 3 0 12 22 

  % 1.5  8.8  4.4  0.0  17.6  32.4  

 Total N. 28 6 4 15 15 68 

  % 41.2 8.8  5.9  22.1  22.1  100 

Total Private N. 27 4 3 39 3 76 

  % 21.3 3.1  2.4  30.7  2.4  59.8  

 Public N. 10 19 5 0 17 51 

  % 7.9  15.0  3.9  0.0  13.4  40.2  
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 Total N. 37 23 8 39 20 127 

  % 29.1 18.1  6.3  30.7  15.7  100 

Table 2 presents the results of the χ² test, conducted to assess the differences in the distribution 

of hospitals and hospital complexes in the two regions and overall. 

Table 2. χ 2 test. 

Region  Value df p 

Apulia 
χ² 42.8 4 < .001 

N 59   

Emilia  
Romagna 

χ² 49.2 4 < .001 

N 68   

Total 
χ² 64.5 4 < .001 

N 127   

The very low p-value (<.001) indicates a significant association between the region and the 

distribution of hospitals by type and sector, suggesting notable differences in the distribution of 

hospitals between the two regions, with a different distribution by type (First Level, Second Level, 

Basic Level) and sector (Public and Private) in each region.  

In Emilia-Romagna, the private hospital network, accredited to the regional health system, is 

strongly oriented towards basic services, with 27 base-level hospitals out of a total of 46. The presence 

of four IRCCS (one in the private sector and three in the public sector) and 12 second-level hospitals 

in the public sector highlights a substantial commitment towards research and specialized care. 

In Apulia, the private hospital network, also accredited, is mainly composed of first-level 

structures (4 out of 30), with no presence of base-level hospitals. This distribution suggests a focus on 

specialized care in the private sector. However, in the public sector, the presence of five second-level 

structures underlines a parallel commitment to provide a broad spectrum of health services. 

Considering macro-region, the difference in the distribution of hospital levels becomes evident. 

While Emilia-Romagna focuses on basic and specialized services, Apulia shows a greater emphasis 

on second-level structures in the public sector, compensating for the absence of base-level hospitals 

in the private sector. This inter-regional balance could reflect strategic complementarity, with each 

region covering different aspects of the population's health needs. 

The configuration of the hospital network in Apulia, with a strong presence of second-level 

structures in the public sector, highlights a commitment to ensuring specialized care, even in the 

absence of base-level hospitals in the private sector. This may indicate a strategy of focusing resources 

on specialized and advanced care. However, it is essential to ensure that access to basic care is not 

compromised, and that there is an adequate geographical distribution of facilities to ensure 

accessibility for all residents. 

3. Materials and Methods 

In our study, we utilized the dataset originally employed in the research by Santamato et al. 

(2023), enriched with 2021 data. Our selection focused on a carefully curated set of key variables 

presented in aggregated form. This set includes the total number of available beds and departments, 

healthcare personnel (nurses, doctors, and other professionals), as well as crucial data on mortality 

rates, readmissions, and surgical procedures. We also introduced categorical variables to distinguish 

between hospital networks (public vs. private) and to classify the level of healthcare facilities. These 

variables serve as fundamental features in our predictive model, which aims to forecast the active 

kilometer mobility of patients. 

Our analytical journey was structured into three key phases to ensure the derivation of accurate 

and insightful results: 

1. Data Preprocessing: This initial phase was dedicated to improving data quality and 

uniformity. We carefully addressed missing values, eliminated outliers, and standardized variables, 
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preparing the ground for a consistent and homogenized dataset. The significance of this step is 

echoed in a study that emphasizes the critical role of data preprocessing in healthcare analytics, 

highlighting how such practices can significantly enhance the accuracy of predictive models [18]. 

2. Cluster Analysis: In the subsequent phase, we used the k-means algorithm for a nuanced 

categorization of the target variable, setting the stage for more detailed insights into patient mobility 

patterns. This approach is supported by research that demonstrates the utility of k-means clustering 

in healthcare for identifying patterns and improving patient care management, further validating the 

choice of this method for our analysis [4]. 

3. Predictive Modeling: The final phase will see the development of an advanced predictive 

model, powered by logistic regression algorithms. This model will focus on the mobility variable 

categorized after cluster analysis, using the initially selected health variables as features. The 

importance of logistic regression in healthcare predictive modeling is highlighted in a review that 

discusses the role of predictive modeling in healthcare research, underscoring how effectively 

researchers can take decisions based on predictive modeling [23]. 

The entire workflow is encapsulated in Figure 1, offering a visual map of our methodological 

approach. 

 

Figure 1. Methodological workflow. 

Our analyses were powered by Orange Data Mining v3.36, running on an advanced Apple M1 

Pro system with 16GB of RAM and 1TB of storage, under macOS Sonoma 14.2.1. This high-level 

setup, combined with sophisticated machine learning techniques, ensured the efficiency and 

reproducibility of our analyses. The crucial role of such machine learning methodologies in extracting 

meaningful insights and predictive models from complex datasets has been previously underscored 

and validated in foundational studies, such as those focusing on machine learning for predicting 

neurodevelopmental disorders in children [30]. 

This study not only advances our understanding of healthcare dynamics but also showcases the 

transformative power of machine learning in navigating and interpreting complex data landscapes. 

3.1. Data Preprocessing 

In the initial phase of pre-processing in the machine learning context, we executed the following 

procedures: 

1. We formulated the aggregated variables Nurses and Physicians by using the sum 

function in the "Formula" widget, accumulating values separately for females and males. 

2. We selected the 10 features under study, specifically 8 numeric: number of beds, 

departments, doctors, nurses, staff, deaths, readmissions, interventions; and 2 categorical: type of 

hospital network (private or public) and hospital level, using the "select column" widget. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 1 April 2024                   doi:10.20944/preprints202404.0006.v1



 7 

 

3. We standardized the chosen variables using the "continue" widget, setting the mean to 0 

and the standard deviation to 1. This step underscores the importance of standardization in data 

processing, as highlighted by a study that developed a standardization algorithm for categorical 

laboratory tests, demonstrating how such practices can facilitate the handling of clinical big data and 

minimize manual standardization efforts [15]. 

Additionally, it was noted that the dataset includes a total of 127 instances (hospitals) in the 

hypothetical macro-region of Apulia Emilia-Romagna. 

3.2. Cluster Analysis 

As described in the study by Santamato et al. (2023), to calculate intra-regional active mobility 

in kilometers, we initially determined the interpolated distance between the capital city of the 

ASL/USL where the patient resides and the city where the service-providing hospital is located (Dist 

kmHospi). We then aggregated the total active hospitalizations by ASL/USL (HospiASL/USL) and by 

territorial area (HospiArea) for each hospital. The intra-regional active mobility in kilometers was 

calculated using the formula: 

𝐴𝑐𝑡𝑖𝑣𝑒 𝑚𝑜𝑏𝑖𝑙𝑖𝑡y = (𝐻𝑜𝑠𝑝𝑖𝐴𝑆𝐿/𝑈𝑆𝐿 + 𝐻𝑜𝑠𝑝𝑖𝐴𝑟𝑒𝑎) ∗ 𝐷𝑖𝑠𝑡 𝑘𝑚𝐻𝑜𝑠𝑝𝑖       (1) 

This calculation considers patient movement to a different territory from their residence as 

motivated by a perceived higher quality of service. 

To transform active kilometric mobility, originally a continuous variable, into a categorical 

variable reflecting a mobility gradient (low, medium, high) based on the distance patients travel to 

the hospital, we employed the K-means clustering algorithm. This approach allowed us to investigate 

the impact of various variables more accurately on hospital choice, enhancing our understanding of 

the perceived quality of care. 

The K-means algorithm is crucial in data analysis for its ability to divide a dataset into K distinct 

clusters, minimizing the sum of squared distances between the data points and the cluster centroids. 

This process is effectively synthesized by the formula: 

J = ∑ ∑ ‖𝑥 − 𝜇𝑖‖
2

𝑥∈𝐶𝑖

𝑘
𝑖=1    (2) 

where k is the number of clusters, Ci  is the set of points in cluster i, x is a point in Ci, and μi is the 

centroid of i, reflecting how the algorithm minimizes the internal variances of the clusters to 

effectively group the data based on their intrinsic characteristics. Its applicability ranges from 

exploratory data analysis to market segmentation, highlighting its importance in various fields such 

as biology, marketing, and network optimization  [31]. The simplicity and efficiency of K-means in 

processing large datasets make it essential for identifying hidden patterns and guiding data-based 

decisions. Its ability to adapt to complex optimization problems and improve network coverage 

highlights its versatility, making it a valuable tool for optimizing resources and strategies [21]. 

The implementation of the K-means clustering algorithm aimed to categorize active kilometric 

mobility into three distinct levels: low, medium, and high. The three identified clusters are depicted 

in the scatter plot in Figure 2. 
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Figure 2. Scatter plot of 3 clusters identified by K-means algorithm. 

This methodological choice was supported by a preliminary analysis, which revealed a 

silhouette coefficient of 0.724, indicating a significant separation and internal cohesion among the 

identified clusters. This separation was further confirmed and illustrated by the box plots in Figure 

3, through an ANOVA approach with a p-value < 0.05. Consequently, we outlined three main groups: 

cluster C1, with 81 hospitals and an average mobility distance of 15,191.7 km, indicative of "low" 

mobility; cluster C2, comprising 17 hospitals with an average distance of 400,618 km, associated with 

"high" mobility; and cluster C3, aggregating 29 hospitals with an average distance of 122,101 km, 

corresponding to "medium" mobility. The term "medium mobility" refers to the average kilometers 

traveled in 2021 by patients residing in the hypothetical macroregion (Puglia-Emilia Romagna) to the 

chosen facility. 

 

Figure 3. ANOVA analysis by 3 clusters. 

This segmentation provides a solid empirical foundation for delving into healthcare access 

dynamics, highlighting the importance of the distance patients travel in choosing a hospital, and 

offers key insights for optimizing healthcare services based on population mobility needs. 

The descriptive statistics of the resulting dataset are presented in Table 3 for 8 numeric features, 

Table 4 for frequencies of the target variable Mobility Level, while the frequencies of categorical 

features Network and Level are expressed in Table 1. 
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Table 3. Descriptive statistics for 8 numeric features. 

 N Missing Mean Median SD Minimum Maximum 

BEDS 127 0 -7.32e−8 -0.411 1.00 -0.803 4.11 
DEPARTMENS 127 0 -1.03e−7 -0.375 1.00 -0.681 5.21 

HOSPITAL STAFF 127 0 -2.60e−8 -0.394 1.00 -0.672 4.39 
DEATHS 127 0 1.12e-7 -0.509 1.00 -0.627 4.41 

INTERVENTIONS 127 0 -2.54e−7 -0.375 1.00 -0.779 4.07 
READMISSIONS 127 0 -2.42e−7 -0.312 1.00 -0.843 3.96 

NURSES 127 0 -4.80e−8 -0.453 1.00 -0.629 4.40 
PHYSICIANS 127 0 9.45e-8 -0.376 1.00 -0.776 3.86 

Table 4. Frequencies of target variable Mobility Level. 

MOBILITY_LEVEL Counts % of Total Cumulative % 
HIGH 17 13.4 % 13.4 % 
LOW 81 63.8 % 77.2 % 

MEDIUM 29 22.8 % 100.0 % 

3.3. Prediction Model 

The predictive model will employ the Logistic Regression algorithm to estimate the mobility 

gradient of hospitals in 2021, categorizing them into three classes: LOW, MEDIUM, and HIGH 

mobility, based on the distance patients travel to reach the hospital. This choice is supported by 

studies demonstrating the effectiveness of Logistic Regression in predicting mobility behaviors and 

health risks, such as the analysis of travel behavior during the COVID-19 pandemic [19] and the 

assessment of cardiovascular risk [32], highlighting its applicability in complex healthcare contexts. 

To optimize the model's performance, we have configured the parameters with Ridge (L2) 

regularization, C=1, and without differentially weighting the classes, reflecting a standardized 

approach to maximize computational efficiency and predictive accuracy. Logistic Regression, known 

for its ability to handle multinomial classifications and quick training times, is ideal for analyzing 

large datasets in the healthcare sector, providing a solid foundation for interpreting the influence of 

various features on hospital mobility. 

In the Logistic Regression process, feature values are combined into a weighted sum and 

transformed through the logistic function, producing probability values that determine the mobility 

classification of each hospital. This method not only provides clear predictions but also insights into 

the features that most significantly influence hospital mobility, supporting informed decisions to 

improve the accessibility and efficiency of healthcare services. This choice is based on the 

demonstrated effectiveness of such configurations in analyzing complex data, as highlighted in 

recent studies that have explored the application of logistic regression in healthcare contexts. To 

address the challenge of training and validation in a context of limited data, we adopted an integrated 

approach, dividing the dataset consisting of 127 instances (hospitals) into a training set (70%, 

equivalent to 89 hospitals) and a validation set (30%, corresponding to 38 hospitals) through a data 

sampling process. This strategy has allowed us to mitigate the risk of overfitting and ensure the 

model's generalizability using cross-validation techniques, which facilitated a complete and iterative 

use of the dataset. 

We have paid particular attention to data quality, committing to rigorous data preparation and 

cleaning to provide the model with accurate and significant inputs. This approach has maximized 

the effectiveness of the available information, strengthening the robustness and reliability of the 

model in a scenario characterized by a limited number of observations. The model training was 

designed to be replicable, using a method of stratified cross-validation sampling with 10 folds. 

4. Experimental Results and Discussions 

The results achieved by the model have highlighted high accuracy, with an Area Under the 

Curve (AUC) of 0.965, an accuracy (CA) of 85.4%, an F1 score of 0.852, a precision (PREC) of 85.1%, 
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a recall rate of 85.4%, and a Matthews Correlation Coefficient (MCC) of 0.717. For a more in-depth 

analysis of the model's performance, the analysis of the confusion matrix and the Receiver Operating 

Characteristic (ROC) curves were included. The confusion matrix (Figure 4) showed a significant 

match between the model's predictions and the actual classifications, with 91.4% of low mobility cases 

correctly identified (Low-Low), 83.3% of high mobility cases accurately classified (High-High), and 

68.4% of medium mobility cases correctly recognized (Medium-Medium). 

 

Figure 4. Confusion Matrix. 

Classification errors were found in cases of medium mobility, with 21.1% mistakenly classified 

as low mobility and 10.5% as high mobility; 8.6% of low mobility cases were classified as medium, 

and 16.7% of high mobility as medium. The ROC curves for the three classes (low, medium, and high 

mobility) provided an effective visual representation of the model's ability to discriminate between 

these categories, demonstrating excellent separation with high AUC values, a sign of the model's 

strong ability to correctly classify hospitals based on their active mobility (Figure 5). 
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Figure 5. ROC curves for the three classes (Low, Medium, and High mobility). 

The analysis of feature importance, as depicted in Figure 6 and quantitatively detailed in Table 

5, reveals a complex interaction between structural, operational, and systemic factors that influence 

the model's classification accuracy. Each feature's MEAN and STD scores provide further 

quantification of their respective influences. For example, a higher standard deviation indicates 

greater variability in a feature's influence across different model iterations, pointing to potential 

instabilities in its impact. 

Table 5. Features Importance Scores. 

FEATURE MEAN STD 

DEATHS 0.10063 0.0123775 

NETWORK 0.0390019 0.0116953 

PHYSICIANS 0.0342539 0.00990863 

INTERVENTIONS 0.0198643 0.00732855 

READMISSIONS 0.0164729 0.00758821 

BEDS 0.0108043 0.00675972 

LEVEL 0.00547481 0.00353914 

HOSPITAL STAFF 0.00203488 0.00207034 

DEPARTMENS 0.00135659 0.00315332 

NURSES 0.00523256 0.00420033 

 

Figure 6. Features Importance. 

The DEATHS variable (0.10063) emerges as the most influential factor, highlighting the 

importance of mortality rates within hospitals as indicators of the quality of care. 

Following in significance, the NETWORK variable (0.0390019) illustrates how the affiliation to 

public or private networks impacts hospital performance, emphasizing systemic-structural 

differences. The PHYSICIANS variable (0.0342539) underscores the critical role of medical staff in 

health outcomes. 
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INTERVENTIONS (0.0198643) demonstrate the relevance of the volume of medical procedures 

to hospital mobility classification, indicating operational efficiency and the capacity to provide care. 

READMISSIONS (0.0164729) reflect the impact of patient management policies and the quality of 

post-discharge care. 

Other variables such as BEDS (0.0108043), LEVEL (0.00547481), HOSPITAL STAFF (0.00203488), 

DEPARTMENTS (0.00135659), and NURSES (0.00523256), while having lower importance scores, 

underscore the significance of structural and operational aspects in hospital mobility. These data 

indicate that hospital capacity, specialization level, staff composition, and available resources play a 

significant role in optimizing health services performance. 

The analysis details how a multitude of factors, each with its specific degree of influence, 

contribute to hospital mobility. These figures highlight how a combination of structural, operational, 

and clinical factors collectively interacts in determining hospital mobility. 

We adopted SHAP (SHapley Additive exPlanations) for the fair interpretation of variables in 

our logistic regression model, crucial for informed decisions in healthcare. This technique, which 

assigns an impact value to each feature, has been applied in studies demonstrating its value in the 

analysis of complex models [33].  

The model demonstrated remarkable accuracy in classifying hospitals with "low mobility," with 

a final prediction of 0.97, significantly higher than the baseline value of 0.64, which represents the 

average probability of low mobility derived from the training data. In this context, the SHAP values 

illustrated in Figure 7 play a crucial role in clarifying the contribution of each variable: 

 

Figure 7. SHAP analysis for predicting mobility class. 
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• DEATHS: With a SHAP value of 0.142692 and a value of -0.63, this indicates that a lower 

mortality rate positively contributes to the low mobility classification in the model. 

• BEDS: A SHAP value of 0.0493684 with a value of -0.8 suggests that a smaller number of 

beds is associated with a higher probability of low mobility. 

• LEVEL=BASE LEVEL and NETWORK=PRIVATE: Both with positive SHAP values 

(0.0398403 and 0.0382124, respectively) and values of 1, show that base hospitals and private ones are 

more likely to be classified as having low mobility. 

• NETWORK=PUBLIC: With a SHAP of 0.0249563 and a value of 0, it appears that 

belonging to a public network does not significantly impact the probability of low mobility for the 

hospital in this case. 

• NURSES and DEPARTMENTS: These features have positive SHAP values (0.0189351 and 

0.0182643) but negative values, indicating that a smaller number of nurses and departments could 

contribute to a higher probability of low mobility. 

• PHYSICIANS and READMISSIONS: With negative SHAP values (-0.0204742 and -

0.00863305) and values of -0.34 and 0.19, they indicate that a smaller number of doctors and a higher 

number of readmissions are associated with a reduction in the probability of being classified as 

having low mobility. 

The model's prediction for hospitals classified as having "medium mobility" is significantly low 

at 0.03, indicating a much lower probability compared to the baseline value of 0.23. This suggests that 

the observed features tend to shift the prediction towards other mobility classes. According to SHAP 

values, the features influence as follows: 

• BEDS and DEPARTMENTS: Present marginally negative SHAP values, suggesting that a 

higher number of beds and departments does not favor the classification of a hospital in the medium 

mobility category. 

• HOSPITAL STAFF: With a positive SHAP, this feature shows a slightly favorable effect 

on the likelihood of medium classification, although the associated value indicates less staff than 

commonly expected. 

• DEATHS: The mortality rate seems to have the most significant impact in reducing the 

probability of medium mobility, as highlighted by a considerably negative SHAP value. 

• INTERVENTIONS and READMISSIONS: Both with positive SHAP values, suggest that 

a higher number of interventions and readmissions might push the classification towards medium 

mobility. 

• NETWORK=PRIVATE and NETWORK=PUBLIC: Substantial negative SHAP values 

indicate that belonging to these networks contributes to reducing the likelihood of a medium 

classification, potentially in favor of a high or low mobility classification. 

• LEVEL=BASE LEVEL: A negative SHAP value shows that hospitals with basic services 

are less likely to be considered of medium mobility. 

• PHYSICIANS: This factor has the highest positive SHAP value, implying that a smaller 

number of doctors is correlated with an increased probability of a medium mobility classification. 

The model's prediction for hospitals classified as having "high mobility" is 0.0, well below the 

baseline value of 0.14. This indicates that, according to the model, the considered features are 

generally not indicative of high mobility for this instance. Specific values: 

• BEDS, DEPARTMENTS, HOSPITAL STAFF, DEATHS: All have negative SHAP values, 

meaning that a smaller number of beds, departments, and staff, as well as a lower mortality rate, are 

associated with a reduced likelihood of being classified as high mobility. 

• INTERVENTIONS, READMISSIONS: These also have negative SHAP values, indicating 

that a higher number of interventions and readmissions is not correlated with a high mobility 

classification. 

• NETWORK=PRIVATE, NETWORK=PUBLIC: Surprisingly, these features have positive 

SHAP values despite the model's prediction being 0.0. This might indicate that while belonging to a 

private or public network has a positive influence, it is not enough on its own to tip the classification 

towards high mobility. 
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• LEVEL=BASE LEVEL: Presents a small positive SHAP value, suggesting a slightly 

favorable influence towards a high mobility classification, which is interesting given the model's 

prediction value of 0.0. 

• NURSES, PHYSICIANS: Both present the highest negative SHAP values, indicating that 

a smaller number of nurses and doctors is strongly associated with a lower probability of high 

mobility. 

• The combination of these SHAP values, which are predominantly negative, clarifies why 

the model's prediction for high mobility is 0.0, indicating that, according to the model, the current 

conditions are largely not indicative of high mobility in the hospitals under examination. 

We have meticulously examined the predictive value differences between Apulia and Emilia-

Romagna, analyzing the impact of each characteristic on the predictions for the three mobility classes 

(low, medium, high) across the two regions. The graphical representations of the variables' effects on 

the model outcome, for the target classes (LOW, MEDIUM, HIGH), are illustrated in the violin plots 

in Figures 8–10. The features are positioned to the left, ordered according to their importance for 

predicting the specific class. Positive SHAP values (indicated to the right of the center) represent the 

impact of a feature on the prediction for the selected class, while negative SHAP values (to the left of 

the center) denote an opposite effect on the classification. Red signifies higher feature values, whereas 

blue indicates lower values. 

 

Figure 8. SHAP Violin plot for target class LOW. 
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Figure 9. SHAP Violin plot for target class MEDIUM. 

 

Figure 10. SHAP Violin plot for target class HIGH. 

The numerical impact scores for each target class were compared between the two regions using 

the Student's t-test. Statistically significant differences, with a p-value less than 0.005 between Apulia 

and Emilia-Romagna, are reported in Tables 6–8, where the impact values are sorted by relevance 

within each target class. 
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Table 6. Impact Scores for Target Class LOW. 

FEATURES IN ORDER BY 

RELEVANCE 

APULIA  

(I) 

EMILIA-

ROMAGNA  

(I) 

STUDENT’S 

T  

(P-VALUE) 

LEVEL = BASE LEVEL -0.0133272 0.00511418 0.006 

NETWORK = PRIVATE -0.0136174 0.012132 0.017 

LEVEL = FIRST LEVEL 
-

0.00813901 
0.0030237 0.020 

LEVEL = PRIVATE NURSING HOME 
-

0.00191983 
0.00888514 0.013 

NETWORK = PUBLIC -0.0148221 0.0113703 0.018 

READMISSION -0.163328 0.0129196 0.049 

Table 7. Impact Scores for Target Class MEDIUM. 

FEATURES IN ORDER BY 

RELEVANCE 

APULIA  

(I) 

EMILIA-

ROMAGNA     (I) 

STUDENT’S T                     

(P-VALUE) 

LEVEL = BASE LEVEL 0.0126471 -0.00541074 0.011 

HOSPITAL STAFF 0.0113689 -0.00378169 0.016 

NURSES 0.00617414 -0.00257164 0.030 

Table 8. Impact Scores for Target Class HIGH. 

FEATURES IN ORDER BY 

RELEVANCE 

APULIA  

(I) 

EMILIA-

ROMAGNA  

(I) 

STUDENT’S T               

(P-VALUE) 

DEATHS 0.00669119 -0.00202985 0.004 

HOSPITAL STAFF -0.0100554 0.00594934 0.038 

For low mobility: 

• Level = Base Level: In Emilia-Romagna, the presence of base-level hospitals positively 

contributes to the classification of low mobility, suggesting that these hospitals are adequate to meet 

local health needs. Conversely, in Apulia, the impact is reversed, indicating there might be less 

confidence in the services provided by base hospitals or a need for more specialized services. 

• Network = Private: Private hospitals in Emilia-Romagna positively impact low mobility, 

which might reflect a higher perceived quality or greater accessibility compared to Apulia, where the 

impact is negative. This could indicate a different perception of quality among private healthcare 

networks in the two regions. 

• Readmissions: A strong negative impact of readmissions on low mobility in Apulia 

suggests that high readmission rates might be seen as an indicator of a lack in care quality, prompting 

patients to seek hospitals with a better reputation or more specialized services. 

For medium mobility: 

• Hospital Staff: The positive impact of hospital staff allocation on medium mobility in 

Apulia suggests that an adequate number of staff correlates with the choice of hospitals closer to 

home or with an intermediate level of specialization. Conversely, a negative impact in Emilia-

Romagna might reflect different expectations or a distinct distribution of human resources within 

healthcare facilities. 

• Nurses: Similar to hospital staff, a higher number of nurses in Apulia positively influences 

the choice of hospitals for medium mobility, highlighting the importance of nursing staff in the 

perception of care quality. In Emilia-Romagna, the negative effect could indicate that other factors 

more significantly influence hospital choice. 

For high mobility: 
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• Mortality: In Apulia, lower hospital mortality rates do not seem to be a decisive factor for 

high mobility, suggesting that other aspects of care quality or service accessibility are more relevant 

in-patient decisions. In Emilia-Romagna, a negative impact of mortality on high mobility might 

indicate a greater sensitivity to this indicator when assessing hospital quality. 

• Hospital Staff: The difference in the impact of hospital staff on high mobility between the 

two regions may reflect a varying evaluation of hospitals' ability to provide specialized or emergency 

care, with a negative impact in Apulia suggesting patients are seeking better-equipped hospitals. 

The investigation into hospital mobility between Apulia and Emilia-Romagna unveils a complex 

landscape of how quality perceptions and accessibility to healthcare services shape patient decisions 

in these two regions. On one side, in Emilia-Romagna, the trust in basic hospital services and private 

facilities for less complex care suggests a healthcare network perceived as effective and reliable. On 

the other, Apulia shows a tendency to favor hospitals based on the availability of qualified staff, 

indicating the significance of human capital in hospital choice for care of medium complexity. 

Regarding more specialized care, both regions exhibit a preference for well-equipped facilities with 

positive outcomes, revealing a common expectation of excellence in high-complexity treatments. This 

contrast in hospital choice dynamics between Apulia and Emilia-Romagna not only reflects regional 

peculiarities in quality perceptions but also underscores the need for targeted healthcare strategies 

capable of strengthening trust in basic and intermediate care and ensuring accessibility to highly 

specialized services. 

4.1. Experiments 

In our analysis on hospital mobility prediction, we employed advanced methodologies to 

identify the optimal predictive model. Figure 8 summarizes the comparison across various models - 

Logistic Regression, Random Forest, Gradient Boosting, SVM, kNN, Naive Bayes, and AdaBoost - 

using metrics such as AUC, Accuracy, F1 Score, Precision, Recall, and MCC. This selection of metrics 

allows for a comprehensive assessment of performance, guiding the choice of the most suitable model 

for hospital mobility prediction. One study examined the effectiveness of predictive models for the 

early diagnosis of diabetes, emphasizing the critical role of model selection in healthcare outcomes 

[13]. Another work discussed the development and deployment of predictive models in the 

healthcare sector, providing practical insights into predictive modeling in healthcare [10]. 

Furthermore, the comparison of predictive models for hospital readmission of heart failure patients 

was analyzed, highlighting the importance of cost considerations in model evaluation [17]. 

 

Figure 8. Performance Parameters of Prediction Models. 

Logistic Regression, chosen for predicting hospital mobility levels (low, medium, high), is 

distinguished by an AUC of 0.965. This metric reflects the model's high ability to differentiate 

between the predicted classes, a critical aspect for ensuring precision in clinical and operational 

decisions. The AUC, by measuring the model's quality across the entire spectrum of classification 

thresholds, provides an assessment independent of the specific distribution of classes in the dataset, 

a fundamental aspect when considering multiple outcome categories. Logistic Regression, with its 

probabilistic nature, offers a robust interpretative framework and flexibility in adapting to multi-class 
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dependent variables, making it particularly suitable for addressing our tripartite target variable. The 

rigor in model validation was uniformly maintained for all, using 10-fold cross-validation and 

dividing the dataset into a proportion of 70% for training and 30% for testing, thus ensuring the 

robustness and generalizability of the predictive performances. 

4.2. Impact of Machine Learning on Hospital Mobility: Perspectives and Challenges 

The adoption of logistic regression and SHAP values in analyzing variables that influence 

hospital mobility opens new perspectives for understanding patients' perception of healthcare 

service quality. This approach, enriched using advanced machine learning techniques, allows for the 

interpretation of complex relationships between variables, significantly improving the transparency 

and interpretability of predictive models. Recent studies on seismic vulnerability assessment and the 

interpretation of behaviors in strategy games demonstrate the effectiveness of SHAP values in 

providing detailed insights and enhancing predictive analyses across various fields [11; 14]. This 

enables highlighting how specific factors influence patients' decisions regarding hospital mobility, 

offering valuable insights for the optimization of healthcare services. 

The decision to compare two regions with distinct healthcare contexts enriches the analysis, 

highlighting how regional peculiarities can influence the perception of service quality. This approach 

is supported by studies that have examined both perceived and technical healthcare quality in 

primary care facilities, with significant implications for the sustainability of national health insurance 

schemes, as demonstrated in Ghana [2]. Additionally, an analysis between the Lombardy Region and 

national data from Italy revealed substantial differences in hospital care quality and clinical 

outcomes, underscoring the importance of regional context in healthcare quality assessment [29]. 

These examples illustrate the critical role of regional comparisons in understanding and improving 

healthcare quality, offering valuable insights for optimizing healthcare services based on regional 

characteristics and patient perceptions. 

Despite the significant contributions, the study has some limitations, including its geographical 

scope limited to Puglia and Emilia-Romagna. Expanding the analysis to other regions or comparing 

Italian data with that of other countries could provide a more comprehensive view. This is supported 

by research that has examined interregional healthcare mobility within a decentralized healthcare 

system, highlighting how factors such as regional income, hospital capacity, organizational structure, 

performance, and technology influence such mobility. Interregional patient mobility in a context of a 

decentralized healthcare system underscores the importance of these factors in driving patient 

decisions regarding the choice of healthcare outside their region of residence [5]. Recent research 

emphasizes the importance of these factors in guiding patient decisions regarding the choice of 

healthcare outside their region of residence, offering valuable insights for more effective health 

policies [20]. These insights underline the need for a deeper understanding and targeted strategies to 

address the challenges posed by interregional healthcare mobility, to ensure equity and efficiency in 

access to care across the national territory. 

Furthermore, data access and its quality are critical aspects that can influence the generalizability 

of results. Future research should aim for a broader and more diversified data collection to overcome 

these limitations and further strengthen the research foundation. This study marks an important step 

towards using machine learning to better analyze and understand hospital mobility and the 

perception of healthcare service quality.  

Future research should aim to expand the geographical scope and the available data base, 

integrating interdisciplinary perspectives for a more holistic understanding of hospital mobility 

dynamics.  

These insights highlight the need for a deeper understanding and targeted strategies to address 

the challenges posed by interregional healthcare mobility, to ensure equity and efficiency in access to 

care across the national territory. 
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5. Conclusions 

The research delves into the dynamics of hospital mobility within the Italian regions of Apulia 

and Emilia-Romagna, employing predictive models, notably logistic regression, derived from 

machine learning techniques to highlight the pronounced differences in hospital mobility trends. This 

choice of methodology underscores the profound impact regional contexts exert on patient mobility 

choices, with the inherent methodological advantage of machine learning lying in its capability to 

dissect complex datasets. This allows for the uncovering of patterns and correlations that might not 

be immediately visible. Through logistic regression, a deepened understanding of the effects various 

variables has on hospital mobility has been achieved, laying down an evidence-based foundation for 

strategic enhancements in healthcare services. However, it's pertinent to acknowledge the study's 

limitations, primarily the specificity of the models and data which might impede the broad 

applicability of the findings across different contexts. The quality and availability of data further 

tightens the need for cautious interpretation of the results and their applicability beyond the regions 

studied. 

Despite these challenges, the practical implications that emerge from the analysis carry 

significant weight for the planning and management of hospital mobility. The study accentuates the 

criticality of embracing data-driven approaches to refine the distribution of healthcare resources, with 

the aim of fostering more equitable, efficient, and patient-centric healthcare systems. Ultimately, this 

research enriches the existing body of literature on hospital mobility, showcasing the invaluable role 

of machine learning techniques in dissecting the factors that influence healthcare mobility decisions. 

The findings stress the importance of accounting for regional nuances and patient perceptions when 

optimizing healthcare services, encouraging further exploration into other healthcare scenarios and 

geographical locales. The overarching objective is to enhance the accessibility and quality of 

healthcare nationwide, ensuring a fair distribution of healthcare resources. 
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The following abbreviations are used in this manuscript (presented in alphabetical order): 

ASL Local Health Authorities 

AUC Area Under the Curve 

CA Accuracy 

CNN Convolutional Neural Networks 

F1 F1 score 

k-NN k-nearest neighbor 

MCC Matthews Correlation Coefficient 

ML Machine Learning 

Prec Precision 

ROC Receiver Operating Characteristic 

SHAP SHapley Additive exPlanations 

SVM Support Vector Machine 

USL Local Health Units 
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