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Abstract

Public healthcare is essential to societal welfare, yet healthcare systems
worldwide are increasingly burdened by demographic shifts, financial con-
straints, and delays in adopting enabling technologies. This thesis investig-
ates how Computer Vision (CV) and Machine Learning (ML) can address
these challenges within the context of the Italian National Health System
(Servizio Sanitario Nazionale, SSN), proposing solutions to improve oper-
ational efficiency, service delivery, and resource management.

The dissertation presents practical applications of Artificial Intelligence
through specific case studies. The first demonstrates the use of CV for
automated recognition of nasopharyngeal swab results in COVID-19 self-
testing, aimed at reducing administrative workload and supporting pan-
demic management. Subsequently, the study presents ML predictive mod-
els developed to forecast hospital Length of Stay (LOS), designed to op-
timize bed allocation and streamline patient flow in general hospital wards
and Emergency Departments. Finally, the thesis introduces a novel Co-
operative Electronic Bed Management System (CEBMS), which leverages
real-time data and predictive analytics to enhance coordination and im-
prove resource utilization across hospital networks.

Through the implementation of Al-driven solutions, this work high-
lights the transformative potential of digital technologies in public health-
care, providing concrete proposals to modernize infrastructure, consolid-
ate decision-making processes, and uphold the quality and sustainability
of the Italian SSN. These findings contribute to advancing the dialogue on
digital transformation as a strategic imperative for the evolution of modern
healthcare systems.
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Sommario

La sanita pubblica costituisce un elemento cardine per il benessere della
societa, nondimeno i sistemi sanitari, a livello globale, risultano gravati da
mutamenti demografici, vincoli economici e ritardi nell’adozione di tecno-
logie abilitanti. La presente tesi analizza come la Computer Vision (CV)
e il Machine Learning (ML) possano rispondere a tali sfide nel Servizio
Sanitario Nazionale (SSN) italiano, proponendo soluzioni per migliorare
Pefficienza operativa, la qualita dell’assistenza e la gestione delle risorse.

La ricerca presenta alcune applicazioni pratiche dell’Intelligenza Ar-
tificiale attraverso casi di studio specifici. II primo illustra l'impiego
della CV per il riconoscimento automatico degli esiti dei tamponi naso-
faringei nell’autodiagnosi del COVID-19, puntando alla riduzione dei cari-
chi amministrativi e ad una gestione piu efficace della pandemia. Succes-
sivamente, vengono presentati modelli predittivi di ML sviluppati per la
stima della durata della degenza ospedaliera (Length of Stay, LOS), volti
all’ottimizzazione dell’allocazione dei posti letto e alla razionalizzazione
del flusso dei pazienti all’interno dei reparti ospedalieri e nei dipartimenti
di emergenza. Infine, la tesi introduce un innovativo Sistema Elettronico
per la Gestione Cooperativa dei Posti Letto (CEBMS), il quale sfrutta
dati in tempo reale e analisi predittive per potenziare il coordinamento e
migliorare 1'utilizzo delle risorse intra- e inter-ospedaliere.

Attraverso I'implementazione di soluzioni basate sull’intelligenza arti-
ficiale, il presente lavoro evidenzia il potenziale trasformativo delle tecno-
logie digitali nella sanita pubblica, formulando proposte concrete per
I'ammodernamento delle infrastrutture, il consolidamento dei processi de-
cisionali e la salvaguardia della qualita e della sostenibilita dell’'SSN itali-
ano. Tali risultati contribuiscono al dibattito sulla trasformazione digitale
quale elemento strategico per il progresso dei sistemi sanitari moderni.
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Never let a good crisis go to waste.
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Chapter 1

Introduction

Public healthcare constitutes a fundamental pillar for the welfare and de-
velopment of numerous nations, including Italy, where the Constitution
enshrines and guarantees universal and free access to primary care. Nev-
ertheless, during the past twenty years, the Italian healthcare system, like
many others worldwide, has confronted increasingly complex challenges
that compromise its sustainability over time. Among the most signific-
ant issues are persistent reductions in public expenditure, imposed by the
need to contain national debt; the progressive demographic shift towards
an aging population and its concomitant rise in chronic disease burden
and long-term care requirements; and a significant delay in the digital
transformation of public infrastructures, exacerbated by a fragmented and
inconsistent management across regions, often resulting in ineffective co-
ordination. These factors collectively contribute to increasing the pressure
on the National Health System (SSN), limiting its ability to respond ad-
equately and effectively to the growing and diverse needs of its users.
This dissertation aims to explore the application of Computer Vision
(CV) and Machine Learning (ML) within the context of Italian public
healthcare to address global challenges. Following a brief literature review
on digital transformation and its implications for public health systems,
particularly in Italy, the study presents a series of case studies and practical
implementations across diverse healthcare settings nationwide. These ex-
amples highlight the transformative potential of CV and ML in enhancing
operational efficiency, augmenting user-perceived quality, and optimizing
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resource management within the Italian healthcare system.

The first case study investigates the application of CV in the auto-
mated recognition of nasopharyngeal swabs for COVID-19 self-testing. A
pilot experiment conducted in Emilia-Romagna illustrates how the imple-
mentation of an automated outcome classification system, integrated with
the Electronic Health Record (FSE), can contribute not only to tracking
new infections and containing viral spread but also to alleviating the work-
load of administrative and healthcare personnel during critical phases of a
pandemic.

The dissertation then examines ML techniques for predicting the
Length of Stay (LOS) of patients in hospital wards. In collaboration
with Ospedale di Sassuolo, a general hospital in northern Italy, the study
demonstrated that ensemble models, in particular, exhibit robust accuracy
in estimating the duration of hospitalizations, favouring the timely identi-
fication of potential “bed blockers,” more precise scheduling of discharges
and admissions, and the efficient allocation of hospital beds.

A further application of ML addresses the prediction of prolonged
LOS in Emergency Departments (EDs), whose management involves sig-
nificantly different operational dynamics compared to traditional wards.
By analyzing real-time information collected during the triage phase, the
predictive models facilitate more effective management of patient flow in
emergency-urgency care settings, enabling the implementation of targeted
and proactive interventions.

Finally, the thesis introduces and describes the first Cooperative Elec-
tronic Bed Management System (CEBMS), a novel variant of a compu-
terized bed management system, designed for Bed Managers and Hos-
pital Administrations operating within the same territorial network. This
system collects and aggregates data from primary hospital patient flows,
such as ED and ADT (Admission/Discharge/Transfer), processing them
through predictive models to provide valuable insights that support oper-
ational decision-making. CEBMSs also allow real-time sharing of reports
and statistics among nearby hospitals, offering a comprehensive overview
of bed occupancy and availability, as well as specific alert situations (e.g.,
COVID-19 outbreaks). Moreover, they enable coordinated management of
patient admissions, thereby fostering more effective synergy among hospital
structures at the provincial level and improving delivery responsiveness to
healthcare needs.

Digital transformation represents not only an imperative objective but
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also a strategic opportunity to reform healthcare systems, modernize infra-
structures, and strengthen resilience in addressing contemporary challenges
—such as the 2020 pandemic— and future demands. Drawing from empir-
ical evidence and implementation outcomes, this work offers a construct-
ive contribution to the ongoing debate on how the adoption of Artificial
Intelligence (AI) in Italian healthcare settings can drive meaningful ad-
vancements, while maintaining an unwavering focus on the quality of care
provided to patients and the sustainability of a public healthcare system
internationally recognized for its excellence.

The complete source code developed during this doctoral research is
available on GitHub.

Activities Carried Out During the PhD

Advanced Training Programs

— H2020 - School in AI: The “School in Al: Deep Learning, Vision and
Language for Industry” is an intensive two-week educational pro-
gram (in English) held at UNIMORE. It consists of an initial week
of “foundational” AI training followed by an advanced strengthening
phase, culminating in a practical project development phase where
participants collaborate with industry partners under expert tutorial
guidance. The program is fully funded by the Regione Emilia-
Romagna through the “Advanced Schools in Artificial Intelligence in
Emilia-Romagna” initiative. The school is organized in partnership
with ATACADEMY, AIMAGELAB, and AIRI, and is part of both
the AI4CH project and the Horizon 2020 HumanE-AI-Net project.

— H2020 - DeepHealth Winter School: The “Deep-Learning and HPC
to Boost Biomedical Applications for Health (DeepHealth)” pro-
ject, funded by the European Commission, aims to develop a unified
framework that leverages heterogeneous HPC and Big Data architec-
tures to support new and more efficient ways of diagnosis, monitoring
and treatment of diseases. Two libraries, the European Distributed
Deep Learning Library (EDDLL) and the European Computer Vis-
ion Library (ECVL), have been developed and incorporated into the
DeepHealth framework for manipulating and processing the images
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working on biomedical images.
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Modena, Italy, June 13, 2023.

— “Academic English Workshop 17 —Prof. Silvia Cavalieri
(UNIMORE)— Universita degli Studi di Modena e Reggio Emilia,
Modena, Italy, May 2, 2023.

— “TP4ENGINEERS” —Prof. Isabella Ferrari (UNIMORE)— Uni-
versita degli Studi di Modena e Reggio Emilia, Modena, Italy, March
14, 2023.

— “Trends and Challenges in Machine Learning-based Malware Detec-
tion” —Prof. Fabio Pierazzi (King’s College, London)— Universita
degli Studi di Modena e Reggio Emilia, Modena, Italy, October 19,
2022.

— “How to Implement Your Own Deep Learning Framework” —Prof.
Roberto Paredes (Universitat Politécnica de Valencia, Spain)— Uni-
versita degli Studi di Modena e Reggio Emilia, Modena, Italy,
September 14, 2022.
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“Programming with Python” —Prof. Julien Bloino (Scuola Normale
Superiore di Pisa, Italy)— Universita degli Studi di Modena e Reggio
Emilia, Modena, Italy, July 18, 2022.

“Machine Learning Applications in Trading and Portfolio Manage-
ment” —Prof. Petter Kolm (New York University, USA)— Uni-
versita degli Studi di Modena e Reggio Emilia, Modena, Italy, June
7, 2022.

“The Evolution of the Methods of Software Engineering” —Dr. Fabio
Mora (Italian Agile Movement)— Universita degli Studi di Modena
e Reggio Emilia, Modena, Italy, May 19, 2022.

“Modern Analytical Science Needs Modern Data Analysis Approach.
Artificial Intelligence in Scientific Data Analysis” —Prof. José Amigo
(University of the Basque Country, Spain)— Universita degli Studi
di Modena e Reggio Emilia, Modena, Italy, April 11, 2022.

“Kernel-based Methods in Classification and Regression” —Prof.
Federico Marini (Universitd di Roma “La Sapienza”, Italy)— Uni-
versita degli Studi di Modena e Reggio Emilia, Modena, Italy, April
7, 2022.

“Research Challenges in Leonardo Labs: Applied Deep Learning
in the Industry” —Dr. Alessandro Nicolosi (Leonardo Labs R&D,
Italy)— Universita degli Studi di Modena e Reggio Emilia, Modena,
Italy, April 6, 2022.

“High-Performance Computing and Large-Scale Models” —Prof. Gi-
useppe Fiameni (UNIMORE)— Universita degli Studi di Modena e
Reggio Emilia, Modena, Italy, February 24, 2022.

“Explainable Artificial Intelligence (XAI)” —Prof. Natalia Diaz-
Rodriguez (University of Granada, Spain)— Universita degli Studi
di Modena e Reggio Emilia, Modena, Italy, February 22, 2022.

“Continual Learning for AI” —Dr. Vincenzo Lomonaco (Universita
di Pisa, Italy)— Universita degli Studi di Modena e Reggio Emilia,
Modena, Italy, February 22, 2022.
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— “Artificial Intelligence for Bioinformatics” —Prof. Elisa Ficarra
(UNIMORE)— Universita degli Studi di Modena e Reggio Emilia,
Modena, Italy, February 22, 2022.

— “Adventures in Geometric Deep Learning” —Prof. Emanuele Rodola
(Universita di Roma “La Sapienza”, Italy)— Universita degli Studi
di Modena e Reggio Emilia, Modena, Italy, February 21, 2022.

Online Courses and Certifications

— “Regolamento Al ACT: A cosa devono prestare attenzione le
aziende?” —Avv. Sofia Telese— Consulenti Privacy, November,
2024.

— “PyTorch for Deep Learning with Python Bootcamp” —Prof. Jose
Marcial Portilla— Udemy, May, 2023.

— “Python for Computer Vision with OpenCV and Deep Learning”
—Prof. Jose Marcial Portilla— Udemy, February, 2023.

— “NLP - Natural Language Processing with Python” —Prof. Jose
Marcial Portilla— Udemy, August, 2022.

— “Python for Machine Learning & Data Science Masterclass” —Prof.
Jose Marcial Portilla— Udemy, July, 2022.

— “Python and Flask Bootcamp” —Prof. Jose Marcial Portilla—
Udemy, April, 2021.

— “Python and Django Full Stack Web Developer Bootcamp” —Prof.
Jose Marcial Portilla— Udemy, April, 2021.

— “Complete Python Bootcamp” —Prof. Jose Marcial Portilla—
Udemy, March, 2021.

— “Trasformazione Digitale nella Pubblica Amministrazione” —
Agenzia per I'Ttalia Digitale (AgID)— October 2019-July 2020.

Professional positions

— CTO at Miliaris: leading the development team of the company



Digital Transformation and ML Applied to Public Healthcare

Grants and Awards

— Best scientific communication for the project “MondrlAn: Smart
Bed Management” at “47th National Congress of ANMDO (Italian
National Association of Hospital Management)”, Bologna, Italy, June
2022.



Chapter 2

Digital Transformation in
Public Healthcare: a Brief
Literature Survey

In this chapter, we briefly introduce the concept of Digital Transformation
and its potential impact on public health systems, exploring both the op-
portunities and challenges it presents. Additionally, a short overview of
the Italian context is provided.

2.1 A gentle introduction to Digital Trans-
formation

The advent of COVID-19 in early 2020 [1] induced profound changes in
business practices and economic structures worldwide, with ramifications
expected to persist for years [2, 3, 4]. Among the most significantly im-
pacted sectors, the healthcare industry has experienced unprecedented
pressure on its institutional capacities [5, 6, 7], requiring structural recon-
figuration and novel approaches [8]. A pivotal component in this adaptive
process has been the expedited adoption of digital technologies, implemen-
ted at an extraordinary scale and pace [9, 10] throughout the healthcare
landscape. This wide-ranging shift falls under the broader framework of
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Digital Transformation (DT) [11].

As outlined in Regulation (EU) 2021/694 of the European Parliament
and the Council of 29 April 2021, which established the Digital Europe
Program, digital transformation refers to the integration of digital techno-
logies into businesses and service processes, leading to significant organiz-
ational and operational changes [12]. Thus, digital transformation entails
more than the mere adoption of technology, as it involves a fundamental
redesign of how organizations function and deliver value. This process re-
quires structural, cultural, and operational adjustments that extend bey-
ond technological implementation alone. However, despite its increasing
use in both academic and professional discourse, the term “digital trans-
formation” still lacks a clear, universally accepted definition, reflecting the
complexity and evolving nature of the phenomenon. This is particularly
evident in the public health domain, where terms such as digitization, di-
gitalization, and digital public health are frequently used interchangeably.
Specifically:

— Digital Public Health refers to the incorporation of digital techno-
logies into public health service delivery. The term gained prom-
inence following Public Health England’s release of its “digital-first”
strategy in 2017 and has since been applied to a broad range of public
health initiatives. Its growing emphasis is reflected in the increasing
number of graduate programs, specialized journal issues and confer-
ences, and intergovernmental forums focused on this subject.

— Digitization denotes the technical process of converting analog or
physical information into digital formats, such as transforming paper-
based patient records into electronic files that can be accessed and
shared digitally.

— Digitalization involves using digital technologies to improve or auto-
mate existing processes. Examples in healthcare include digital pa-
tient check-ins, electronic prescription management, and the use of
electronic health records (EHRs) to enhance administrative efficiency.
While digitalization streamlines operations, it does not fundament-
ally alter the nature of healthcare services.

— Digital Transformation, by contrast, represents a deeper and more
disruptive change. It not only improves but completely reconfigures
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healthcare systems through the integration of a wide range of tech-
nologies. This transformation is evident in innovations such as Al-
powered diagnostics, predictive analytics using big data, and patient-
centered care models supported by real-time data and IoT technolo-
gies.

Unlike digitization and digitalization, which represent different levels of
complexity and integration of digital technologies in public health prac-
tices [13], digital transformation reshapes how healthcare services are de-
livered, altering organizational structures and the way stakeholders —
including patients, clinicians, and administrators— interact within the
system. This comprehensive process fosters innovation in healthcare man-
agement, research, and public health policy, with a focus on meeting
evolving needs through a patient-centered approach. Technologies driv-
ing this transformation include telemedicine [14], wearable devices, 3D
printing, Al-based diagnostics, big data analytics [15], and blockchain [16].

2.2 The Role of DT in Public Healthcare

The rising influence of digital technologies in healthcare and public health
is reflected in the expanding body of scientific literature. Although research
on Information and Communication Technology (ICT) and digitalization
began nearly fourty years ago, the past decade has witnessed a surge in
publications, particularly those examining the combination of ICT and DT,
with the highest volume of articles published between 2019 and 2021 [17].

According to the World Health Organization’s Health Innovation Group
(WHIG), innovation in healthcare addresses unmet health needs through
new processes, tools, therapies, medical procedures, and innovative ap-
proaches to education, training, management, and procurement. As
demonstrated by the COVID-19 pandemic, digital transformation repres-
ents a key driver of healthcare innovation. The crisis accelerated the ad-
option of telehealth services and digital tools for managing patient care
and tracking the spread of the virus, demonstrating the effectiveness of
digital solutions in responding to public health emergencies. Since then,
public health organizations have increasingly embraced digital technolo-
gies to strengthen disease surveillance, patient management, and health
promotion initiatives.
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Digital transformation also expedites the acquisition and analysis of
large-scale clinical data. Through big data analytics, healthcare providers
can identify emerging trends, bolster disease prevention strategies, and
develop targeted interventions for specific populations [18, 19], ultimately
leading to better outcomes. Technologies such as digital imaging support
patient engagement and promote shared decision-making. Furthermore,
digital platforms that integrate data across different healthcare services and
regions can improve coordination among providers, minimize redundancies,
reduce costs, and enable more efficient delivery of health services.

The digital transition is also revolutionizing managerial practices. As
Bernardi and Exworthy [20] highlighted, “clinical leaders” will play a cru-
cial role in driving innovation in information technology within healthcare
settings. Clinical leaders, typically healthcare professionals with both med-
ical expertise and management responsibilities, are uniquely positioned to
bridge the gap between technological capabilities and clinical needs. Their
dual understanding allows for more effective implementation of digital solu-
tions that align with healthcare objectives and operational realities.

Collectively, these advancements in clinical practice, healthcare admin-
istration, patient engagement, and medical research are contributing to the
development of more responsive and resilient public healthcare systems.

2.3 Medical Applications

The Fourth Industrial Revolution [21], characterized by the convergence
of physical and digital technologies, has profoundly impacted the global
healthcare sector over the last few years. While ICT has been part of
healthcare since the 1980s [22], the concurrent adoption of cloud com-
puting, augmented reality, and cognitive technologies has accelerated this
transition, facilitating advancements in healthcare strategies, services, and
management [23].

Data-intensive healthcare environments have made artificial intelligence
an essential tool. Machine learning, specifically, enables the analysis of
large datasets to identify complex patterns, reducing the need for manual
investigation. As a result, Al is recognized as a powerful means of enrich-
ing decision-support systems, reducing clinical risks, and lowering costs,
thus creating value for both providers and patients [24]. Al-driven applic-
ations are also transforming fields such as drug discovery (e.g., expedit-
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ing the process of identifying and developing new pharmaceuticals), image
diagnostics (e.g., detecting correlations between symptoms and diseases),
medical device therapy (e.g., artificial body parts that translate brain sig-
nals), and medical education through simulators [25].

The Internet of Things (IoT) is another emerging area of medical applic-
ations, involving the integration of physical objects into healthcare inform-
ation networks. IoT enables smart systems capable of monitoring, tracking,
and storing patient records for continuous care and analysis, thereby sup-
porting remote observation, contact tracing [26], disease risk assessment,
and predictive systems. Following the development of the internet, IoT is
anticipated to drive the next major digital revolution, particularly through
devices like health trackers, skin sensors, cardiac monitors, glucometers,
and ingestible smart pills. These innovations empower individuals to mon-
itor their health metrics and receive timely alerts. IoT has been widely
applied in delivering effective healthcare services to diverse patient popu-
lations, including the elderly and those with chronic illnesses [27], demon-
strating its potential in healthcare systems. When combined with personal
mobile devices, IoT enables even greater innovations, such as patient sup-
port systems through digital apps that enhance compliance, accuracy, and
monitoring, encouraging the broader adoption of these technologies [28].

The widespread adoption of Al and IoT raises important concerns re-
garding data privacy and integrity, as these technologies necessitate secure
systems to manage device identities and data transfer. Blockchain tech-
nology has emerged as a promising solution, operating as a decentralized
ledger that enables robust, transparent transactions while preserving data
trustworthiness. In the context of healthcare, blockchain has the potential
to redesign information exchange between users, IoT devices, and serv-
ers, contributing to greater trust and reliability: by enabling tamper-proof
record-keeping, blockchain allows both patients and healthcare providers
to share sensitive information with greater confidence. Additionally, block-
chain’s decentralized nature reduces the risk of data breaches by eliminat-
ing single points of failure, a common vulnerability in traditional central-
ized systems. This makes blockchain particularly valuable for applications
such as patient records management [29], consent tracking [30], and the se-
cure sharing of data across different healthcare institutions and platforms.

Cloud computing is another key component in healthcare [31], offering
dynamic, transparent, and cost-effective platforms for sharing information
and hosting critical services. Nowadays, many healthcare services are de-
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livered through Software as a Service (SaaS) models, ranging from patient
scheduling and billing to advanced diagnostic tools. A major application
is the provisioning of Electronic Health Records on regional data centers,
which allows for secure and efficient management, storage, and retrieval of
patient data across multiple healthcare facilities, ensuring the availability
of medical information and supporting coordination of care. Another ex-
ample is the integration and optimization of hospital supply chains [32, 33],
which streamline inventory management and operational processes. Cloud-
based solutions reduce the need for expensive on-site hardware and main-
tenance while guaranteeing high service-level agreements (SLAs), regulat-
ory compliance (e.g., HIPAA), and the flexibility and scalability required
to meet varying healthcare demands. Furthermore, this approach promotes
sustainability goals by reducing the environmental impact associated with
traditional IT infrastructure.

Finally, telemedicine stands out as one of the most transformative in-
novations in healthcare, with far-reaching technological, cultural, and so-
cial implications. This novel approach enhances the accessibility and ef-
ficiency of healthcare services, addressing challenges arising from demo-
graphic and socioeconomic shifts, such as aging populations, increased
mobility, and the growing need to manage large volumes of health data
within constrained budgets. Telemedicine is particularly beneficial for un-
derserved communities, overcoming geographical barriers between health-
care providers and patients, and enabling remote clinical assessments in
rural areas with limited access to healthcare facilities [34, 35, 36]. While
obstacles to standardization and widespread adoption exist —such as high
equipment costs, connectivity issues, the need for technical training [37],
and patient skepticism— major health organizations, including the World
Health Organization (WHO), acknowledge telemedicine’s potential to im-
prove healthcare access, quality, and cost-effectiveness. Its implementation
can lead to optimal resource allocation, potentially reducing the strain on
physical healthcare facilities and allowing for precise in-person care where
necessary. In addition, telemedicine facilitates continuous patient monit-
oring and timely interventions, which are essential for managing chronic
conditions and preventing acute health crises.
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2.4 Challenges and Opportunities

The potential for digital transformation in public healthcare is consider-
able, yet several challenges remain. Privacy concerns, data security, the
digital divide, and the lack of a unified, up-to-date regulatory framework
pose substantial barriers to the widespread adoption of digital technologies.

Healthcare industry is inherently complex and involves diverse stake-
holders —governments, public institutions, private organizations, startups,
patients, healthcare professionals, researchers, and academics— resulting
in information silos. This fragmentation is further compounded by intric-
ate regulatory mechanisms [38] that, while necessary for ensuring safety
and quality control, can act as a hindrance to development. Strict pro-
cedures may slow innovation, particularly for emerging technologies whose
disruptive impacts are difficult to anticipate [39, 40].

Financial constraints and functional concerns also complicate the pro-
cess of DT [41]. Many healthcare organizations either have a partial under-
standing of the potential benefits that digital transition can offer or over-
estimate its costs. This can lead to reluctance to abandon long-established
business practices in favor of new, digitally driven processes [42, 43]. Tm-
portantly, DT should not be viewed solely as a technological investment
but rather as a holistic transformation requiring the engagement of the
entire organization and its key stakeholders [43, 44], clear communication
of innovation goals, and alignment toward shared objectives. Collaborat-
ive approaches —such as co-design, co-creation, and open innovation— are
essential for driving this transformation [45, 46].

From the patient’s perspective, resistance to digital technology adop-
tion largely stems from privacy concerns, particularly the reluctance to
share sensitive personal information [43] in light of escalating global cyber-
security threats. On one hand, the increasing frequency and sophistication
of phishing attempts heighten uncertainty and suspicion among individu-
als; on the other hand, recent cyberattacks targeting hospital information
systems and major data breaches raise serious questions about patient
data security and integrity, underscoring the vulnerabilities of traditional
centralized EHR systems [47, 48]. In addition, healthcare organizations
frequently rely on legacy practices that may be outdated or incompat-
ible with newer technologies, contributing to generalized distrust in how
both public and private entities manage personal information [49]. Appre-
hensions are especially pronounced in areas like clinical genomics, where
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the handling of highly sensitive genetic data raises ethical issues related
to informed consent and result disclosure. Although existing regulations
provide some guidance, best practices in this field remain uncertain [50].

Subtle yet significant considerations also surround data sovereignty
(e.g., determining ownership of clinical data) and the roles of public and
private actors in digital public health infrastructure. The proliferation
of user-generated health data from non-conventional sources adds further
pressure on policymakers to integrate these streams into a highly coordin-
ated digital health ecosystem, reflecting users’ increasing demand to lever-
age supplementary health information.

Patient engagement is another critical factor in achieving digital trans-
ition in healthcare. DT places a strong emphasis on improving pa-
tient experience, with a focus on making healthcare services more user-
centered [51]. Since patients act as both co-producers and beneficiaries
of services [52], the effectiveness of treatments depends significantly on
patient involvement in managing and monitoring their own health [53].

Finally, the successful implementation of DT in healthcare also hinges
on developing digital competencies among healthcare professionals. These
skills are essential for fostering cross-functional collaborations, moving
away from the siloed operations that have historically characterized
healthcare systems. Poor coordination among digital initiatives has been
a long-standing issue, hampering the development of a cohesive digital
public health strategy. To overcome this, both healthcare organizations
and policymakers must prioritize the provision of training and resources
to support the digital transition [13].

Despite these challenges, DT presents great opportunities within
healthcare. Beyond improving patient experiences, digital technologies
can enhance organizational efficiency by automating administrative tasks
and streamlining processes. This can result in cost savings, better resource
allocation, and increased employee productivity [54]. By automating
routine tasks, healthcare workers can focus on higher-value activities,
while digital tools such as collaboration platforms and video conferencing
endorse smart working and knowledge sharing [55, 56].

Moreover, the introduction of digital technologies into public health-
care creates opportunities for new players to enter this heavily regulated
market. Greater participation from third-party actors is both welcome
and beneficial, as it can accelerate innovation and promote collaboration
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within the healthcare ecosystem. Smart hospitals exemplify this frontier
of innovation, integrating advanced technologies into healthcare infrastruc-
ture. Nevertheless, public authorities require the necessary knowledge and
expertise to design, construct, and operate these facilities effectively.

In conclusion, the digital transformation of healthcare represents a com-
plex paradigm shift, fundamentally redefining how organizations operate
and deliver value to communities [57, 51]. It creates opportunities to in-
novate patient care, streamline operational processes, and establish new
business models. Recognizing this potential, the European Union has pri-
oritized digital health in its European Strategic Plan 2019-2024 (European
Commission).

2.5 A Focus on the Italian Context

The digital transformation of healthcare in Italy is an integral part of the
national strategy aimed at modernizing services, reducing inequalities, and
enhancing efficiency to meet the evolving needs of the population. Central
to this transformation is the National Recovery and Resilience Plan (Piano
Nazionale di Ripresa e Resilienza, PNRR) [58], part of the Next Generation
EU (NGEU) programme, which allocates substantial funding —totaling
€248 billion— across three strategic pillars aligned with European priorit-
ies: digitization and innovation, ecological transition, and social inclusion.

The plan is structured around six missions, two of which are particu-
larly relevant to healthcare transformation. Mission 1 (“Digitization, In-
novation, Competitiveness, Culture”) allocates €49.2 billion to promote
the country’s digital transformation and support innovation in the produc-
tion system. Mission 6 (“Health”) designates €18.5 billion to strengthen
local prevention and health services, modernize and digitize the healthcare
system, and ensure equal access to care.

Within Mission 6, several key areas have been identified as focal points
for digital transformation:

— Fascicolo Sanitario FElettronico (FSE). The Fascicolo Sanitario
Elettronico, or Electronic Health Record (EHR), is a centralized,
interoperable platform enabling comprehensive access to medical re-
cords for both patients and healthcare providers. It serves as a digital
repository for healthcare and social-healthcare data and documents
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generated during clinical events, including records from both the Na-
tional Health Service and private providers. The system aims to make
healthcare more inclusive by ensuring consistent access to health data
and essential services, regardless of geographic location. While the
Italian government targets national adoption of FSE by 2026, cur-
rent implementation reveals significant regional disparities, creating
challenges in data interoperability and exchange.

— Telemedicine. Telemedicine has emerged as a critical element of
Italy’s healthcare strategy, particularly in response to the COVID-
19 pandemic. It enables remote consultations, monitoring, and care,
reducing the need for in-person visits and facilitating access to health-
care services, especially for underserved or remote populations. The
PNRR sets ambitious targets for telemedicine, aiming to serve over
200,000 patients by 2025. A key aspect of this strategy is the de-
velopment of a national telemedicine platform, which is essential for
supporting chronic disease management and improving health out-
comes.

— Big Data and Artificial Intelligence. The integration of big data and
Al into Italy’s healthcare system is advancing, particularly in the
areas of predictive and preventive medicine. These technologies can
process vast amounts of data, far exceeding the capacity of individual
healthcare providers, allowing for early identification of health risks
and personalized care plans. This shift from traditional evidence-
based medicine to data-driven predictive models has the potential
to revolutionize clinical decision-making and chronic disease man-
agement. However, addressing concerns surrounding data privacy,
security, and the ethical use of AI remains central to public debate
and policy development.

Despite the considerable progress achieved over the last five years, sev-
eral challenges continue to hinder the comprehensive DT of Italian health-
care. These obstacles include digital illiteracy, a lack of standardized digital
competencies among healthcare professionals, and pronounced regional in-
consistencies in digital infrastructure. Furthermore, the underutilization
of available digital services by both healthcare providers and citizens —
evidenced by a relatively low percentage of the population regularly using
the FSE and telemedicine platforms— further exacerbates inefficiencies in
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healthcare delivery.

The PNRR is instrumental in addressing these challenges by allocating
significant financial resources towards healthcare modernization. The plan
emphasizes the development of digital skills among healthcare workers and
patients alike, aiming to bridge the digital divide between different regions
and demographic groups. Investments in telemedicine, Al, big data, and
healthcare infrastructure are deemed critical to overcoming the existing
barriers to digital transformation and achieving a fully integrated digital
healthcare system by 2026.






Chapter 3

Automated Image
Classification of

Self- Administered
SARS-CoV-2 Nasal Swabs

This chapter introduces a novel application of Computer Vision (CV) tech-
niques for the automated classification of self-administered SARS-CoV-2
diagnostic test images. The study was motivated by the urgent need for
efficient and reliable assessment of test outcomes submitted to the regional
Electronic Health Record system in Emilia-Romagna, Italy, during the
COVID-19 pandemic. An initial corpus of 1,505 annotated images was
curated and utilized to train a YOLOv5-based classifier. The classifier
achieved a remarkable accuracy of 97.6% on the holdout set and 96.9%
accuracy on a larger validation set of 144,844 images, demonstrating its
robustness in categorizing outcomes as either positive or negative, while
also detecting potential anomalies such as improper image submissions or
fraudulent attempts. The integration of this model into public health work-
flows holds the potential to significantly alleviate the burden on human per-
sonnel during emergencies, improve the accuracy of epidemiological data
monitoring, and enhance the overall efficiency of pandemic response efforts.

21
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3.1 Background and Motivation

The global COVID-19 pandemic posed unprecedented challenges to health-
care systems worldwide, necessitating novel approaches to manage and con-
tain the spread of the virus. In Emilia-Romagna, Italy, one such strategy
involved the introduction of self-administered SARS-CoV-2 tests, a meas-
ure designed to facilitate rapid and extensive screening among the pop-
ulation. Through Regional Government Decree No. 33 of January 17,
2022 (Approval of the Document “Procedure for Self-Testing for the De-
tection of Coronavirus and Transmission of Results” [59]), the Regione
Emilia-Romagna (RER) approved a pilot project aimed at simplifying the
procedures for tracking and managing citizens infected with COVID-19.

As of January 19, 2022, citizens residing in Emilia-Romagna who had
received their third dose of the anti-COVID vaccine are eligible to conduct
self-administered tests and subsequently upload photographic evidence of
the test results to their Fascicolo Sanitario Elettronico (FSE), the regional
Electronic Health Record (EHR) system.

The procedure is straightforward [60]: asymptomatic individuals re-
quiring SARS-CoV-2 screening may perform a home test using any of
the numerous rapid antigen kits certified for self-administration' — readily
available in pharmacies and supermarkets. In the event of positivity, the
individual can report the outcome within their FSE. The process entails
declaring the test result, along with the date and time of test execution,
the commercial name of the kit utilized, its lot number, and the expiration
date. Additionally, visual documentation must be provided, consisting of a
photograph clearly showing both the commercial name and barcode of the
diagnostic kit, together with the outcome (a single image not exceeding
4MB).

Upon submission of a positive test result, the individual receives a dom-
iciliary fiduciary isolation order from their local health authority (AUSL)
within 24 hours, formally initiating the isolation period. Once the isolation
period is completed, the citizen may repeat the home test and submit any
negative result via their FSE?. Should the test remain positive, additional

1The packaging must bear the CE mark followed by a 4-digit code certifying that the
test is valid for home use, without assistance from a healthcare professional. A continu-
ously updated list of recognized valid tests is available at https://salute.regione.emilia-
romagna.it/tamponi-autotesting.

2The citizen must also provide a self-declaration attesting the absence of symptoms
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self-administered tests can be performed in subsequent days, with results
transmitted as soon as a negative outcome is achieved.

The adoption of this methodology proved to be crucial during a period
when healthcare systems were under immense pressure, necessitating rapid
and efficient monitoring of large numbers of individuals, particularly those
presenting as asymptomatic or mildly symptomatic.

Approximately two million people were included in this pilot project.

However, while self-administration of tests provided logistical benefits,
it also introduced issues related to the reliability of outcomes submitted
by citizens. Considering the critical role of accurate results in informing
public health decisions, the potential for incorrect or fraudulent reporting
was a significant concern. Furthermore, manual verification of such a large
volume of images rapidly evolved into a time-consuming task for healthcare
workers, underscoring the necessity for automated solutions that could
assist in the rapid and accurate assessment of test results.

In response to these challenges, this research explored the application
of computer vision techniques, specifically through the use of the YOLOv5
model, to automate the classification of nasopharyngeal swab images. The
primary objective was to develop a system capable of not only classifying
test results as positive or negative but also detecting anomalies or incon-
sistencies that might indicate improper submissions or potential tampering
of the images. By integrating the system into the regional EHR framework,
the proposed methodology aimed to improve the efficiency of public health
monitoring during pandemics, reduce the reliance on manual processes,
and enhance the accuracy of data used in public health decision-making.

3.2 Related Works

In the field of Computer Vision (CV) and Machine Learning (ML), auto-
mated classification of medical images has gained significant attention,
particularly during the COVID-19 pandemic. Numerous studies have in-
vestigated the application of deep learning (DL) models to assist in the dia-
gnosis and monitoring of the virus, focusing on various imaging modalities,
including radiological images (such as X-rays and CT scans), ultrasound
images, and magnetic resonance imaging (MRI).

associated with the acute phase of the disease (fever, cough, rhinitis, cold) for at least
three days prior to taking the test.
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One of the earliest and most notable applications involved the use of
convolutional neural networks (CNNs) for the detection of COVID-19 in
chest X-ray images. For instance, Wang and Wong [61] introduced COVID-
Net, a deep CNN specifically designed for identifying COVID-19 from chest
radiographs. The model demonstrated high sensitivity and specificity, es-
tablishing the potential of DL for rapid and accurate diagnosis during the
pandemic.

Similarly, Zhang et al. [62] applied ML techniques to analyze CT
scans of infected patients, achieving remarkable accuracy in differentiat-
ing COVID-19 from other forms of pneumonia.

Sarki et al. [63] proposed transfer learning models, including
VGG16, InceptionV3, and Xception, for both binary (Normal/COVID-
19) and multi-class (Normal/COVID-19/Pneumonia) classification scen-
arios. Their results demonstrated the effectiveness of CNNs in COVID-19
diagnosis, achieving 100% accuracy for binary classification and 87.50%
accuracy for multi-class classification.

Mehboob et al. [64] developed a transformer-based vision model to ad-
dress the limitations of conventional CNNs that require extensive labeled
datasets. Their approach incorporated a self-attention mechanism us-
ing CT slices. Compared to CNN and ensemble classifiers, the proposed
method proved more effective in detecting COVID-19, with 98% accuracy
in binary classification of the SARS-CoV-2 dataset.

Computer Vision has also been employed in pandemic-related ancil-
lary tasks, such as monitoring social distancing® and face-mask detec-
tion’. In [65], Rezaei and Azarmi developed a hybrid CV and Deep Neural
Network (DNN) model for automated people detection in crowded areas
through CCTYV security cameras. The model demonstrated high reliabil-
ity in discerning human presence and evaluating adherence to prescribed
interpersonal distance protocols.

In Chowdary et al. [66], the InceptionV3 deep learning model was used
to automate the mask detection process. The Simulated Masked Face
Dataset (SMFD) was used for training and testing the fine-tuned Incep-

3Social distancing is a recommended measure by the World Health Organization
(WHO) to mitigate the transmission of COVID-19 in public spaces. Most governments
and national health authorities have established a 1-meter physical distancing require-
ment in shopping centers, schools, and other indoor areas as a safety protocol.

4 According to WHO guidelines for preventing the spread of coronavirus, the use of
face masks is among the most efficient methods for reducing COVID-19 transmission.
Wearing a face mask alone can diminish the risk of infection by over 70%.
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tionV3 model. The model achieved an accuracy of 99.9% during training
and 100% during testing.

The present study extends this line of research by applying CV to the
classification of SARS-CoV-2 nasopharyngeal swab images. This approach
builds upon the strengths of previous work, such as the use of CNNs for
COVID-19 diagnosis, while adapting them to a new, highly relevant ap-
plication in public health. The focus on self-administered tests and the
integration of anomaly detection represents a novel contribution to the
field, addressing both technical and ethical challenges posed by the reli-
ance on self-reported data during a public health emergency. To the best
of our knowledge, this is the first experiment of its kind.

3.3 Materials and Methods

The regulatory requirement for the Regione Emilia-Romagna to conduct
random audits on a minimum of 10% of antigen swab images uploaded to
the FSE, coupled with the high participation rate of citizens in the self-
testing campaign [67], prompted a collaborative effort between RER and
the University of Modena and Reggio Emilia to refine the regional pilot
project. The proposal was structured across multiple levels, specifically:

1. Application of DL techniques to the images uploaded to the FSE
for automatic detection of and classification of swab results (posit-
ive/negative).

2. Identification of potential inconsistencies between a citizen’s declara-
tion and the image content (e.g., mismatched outcomes or diagnostic
kit names) and detection of potential image manipulations, particu-
larly related to the rapid antigen test result (fraud attempts).

3. Implementation of scalable RESTful APIs” for image validation (e.g.,
ensuring the photograph contains at least one swab), correction (e.g.,
conversion to a valid color space, perspective rectification, etc.), and
outcome classification.

5The APIs (Application Programming Interface) can be directly invoked by the re-
gional FSE system to perform preliminary online validation during the citizen’s form
submission process. Further details are available in Appendix B.
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Steps 2 and 3 were contingent upon the evaluation of the results achieved
during the first phase of the experiment, which is fully detailed in the
following sections.

3.3.1 Dataset

The initial dataset, provided by RER, comprised 3,272 images of varying
dimensions (all in JPEG format, not exceeding 750x 750 pixels) depicting
SARS-CoV-2 nasopharyngeal swabs uploaded by citizens to their FSE. Of
these, 239 images were excluded due to duplication, while 22 exhibited
anomalies in their color space that required adjustment.

Figure 3.3: Example of an Image with Incorrect Color Space.

The first 1,505 images were annotated and used for model training,
while the remaining 1,528 were reserved for the testing phase to evalu-
ate performance. Additionally, RER provided a Comma-Separated Values
(CSV) file consisting of two columns: a numerical identifier for each up-
loaded image (corresponding to the JPG file name) and the result declared
by the citizen on the FSE platform (0 = Negative / 1 = Positive). No
Personally Identifiable Information (PII) was supplied, ensuring compli-
ance with current privacy and data protection regulations (Regulation EU
2016/679, European Parliament, 27 April 2016).
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3.3.2 Detection of Rapid Antigen Tests

At the time of this investigation, no public datasets related to SARS-CoV-
2 rapid antigen tests were available. Consequently, it was necessary to first
annotate a substantial number of images before proceeding with neural
network training.

OpenCV

An initial attempt was made using the OpenCV library (v3.4).

OpenCV [68], an acronym for Open-Source Computer Vision Library,
is a widely used, open-source, cross-platform library designed for real-time
CV and ML tasks. It offers a comprehensive suite of optimized algorithms
for image and video analysis, including object detection, facial recogni-
tion, motion tracking, and image segmentation. Due to its efficiency in
processing visual data, OpenCV has been extensively adopted in both aca-
demic research and various industrial applications, encompassing robotics,
autonomous vehicles, and medical imaging.

The experimental setup involved the preparation of two distinct direct-
ories [(9]: a “positive” folder containing 1,505 images of the “target” object
to be recognized (positive samples), and a “negative” folder comprising
generic images without swabs (negative samples)”. Files in the “positive”
folder were annotated using the opencv_annotation tool, which generated
a text file (pos.tzt) with one row per annotated image.

458 217 82 282
1 161 748 138
122 239 487 125

positive/4494242 1.jpg 1
positive/4494245 1.jpg 1
positive/449425@_1.jpg 1
positive/4494251_1.jpg 1 420 220 66 331
positive/4494252_1.jpg 1 132 2 284 746
positive/4494255 1.jpg 1 47 399 677 13@
positive/4494256_1.jpg 1 53 237 688 121
positive/449426@_1.jpg 1 132 15 488 98
positive/4494261 1.jpg 1 129 49 6@4 191
positive/4494262 1.jpg 1 97 22 436 91

Figure 3.4: Excerpt from pos.tzt File.

6The use of the terms “positive” and “negative”, as applied to sample images, should
not lead to misinterpretation: in the context of OpenCV, these terms refer to samples
containing / not containing the object of interest for classification, respectively. There-
fore, they are unrelated to the actual outcomes of antigen tests.
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Each row adhered to the specific structure below, including image file
information, bounding box coordinates, and dimensions:

data[0] = image file
data[1] = number of bounding boxes
data[2] = x1 (upper left corner x coord. of bounding box #1)
data[3] = y1 (upper left corner y coord. of bounding box #1)
datal[4] = bbwl (width of bounding box #1)
data[5] = bbhl (height of bounding box #1)
datal[6] = x2 (upper left corner x coord. of bounding box #2)
datal[7] = y2 (upper left corner y coord. of bounding box #2)
data[8] = bbw2 (width of bounding box #2)

= bbh2 (height of bounding box #2)

datal[9]

For the images in the “negative” folder, a simple text file listing the
paths (neg.tzt) was created.

negative/1_ISJIoxTKP1lc@JBq40_RG4A.jpeg
negative/4494281_1.jpg
negative/4494635_1.jpg
negative/4495533_1.jpg
negative/4495651_1.jpg
negative/4495676_1 - Copia.jpg
negative/4495676_1.jpg
negative/4495707_1.jpg
negative/4495728_1.jpg
negative/4495737_1.jpg

Figure 3.5: Excerpt from neg.txt File.

Using pos.txt file as input, the opencv_createsamples tool was utilized
to produce the pos.vec binary file, which contained a collection of gener-
ated positive samples in a format optimized for training object-detection
classifiers:

opencv_traincascade -data cascade -vec pos.vec -bg neg.txt
-w 48 -h 48 -numPos 100 -numNeg 250 -numStages 10
-minHitRate 0.999 -maxFalseAlarmRate 0.5
-precalcValBufSize 1024 -precalcIdxBufSize 1024

Subsequently, the pos.vec and neg.txt files were provided as input to
the opencv_traincascade command, which executed model training [69].
This operation generated an XML file containing the specifications of the
trained model.
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<2xml version="1.8"2>
<opencv_storage>
<cascade>
<stageType>BOOST</stageType>
<featureType>HAAR</featureType>
<height>48</height>
<width>48</width>
<stageParams>
<boostType>GAB</boostType>
| <minHitRate>9.9900801287460327e-01</minHitRate>
<maxFalseAlarm>5.2808020000000000c -01</maxFalseAlarm>
<weightTrimRate>9.4999999999999996e-01</weightTrimRate>
<maxDepth>1</maxDepth>
<i kCount>100< /! kCount></stageParams>
<featureParams>
<maxCatCount>@</maxCatCount>
<featSize>1</featSize>
<mode>BASIC</mode></featureParams>
<stageNum>10</stageNum>
<stages> (.
2.6334139704704285e-01 -7.7368384599685669e-01</leafValues></_></weakClassifiers></ ></stages>
<features> ()
<tilted>e</tilted></_></features></cascade>
</opencv_storage>

Figure 3.6: Excerpt from cascade.xzml File Generated by the
opencv_traincascade Command.

The resultant XML file was finally employed to evaluate the model’s
performance on the test set using a command-line interface (CLI) script
written in Python.

python manage.py swabs_detection \training_set\positive
--cascade \training_set\cascade\cascade.xml

However, the results were unsatisfactory (Figure 3.7), suggesting the
need to explore alternative methodological approaches.

Figure 3.7: Recognition of a SARS-CoV-2 Rapid Antigen Test Using
OpenCV.
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YOLOvV5

YOLOV5 [70] represents a state-of-the-art, real-time object detection sys-
tem built upon the You Only Look Once (YOLO) architecture. It leverages
a single CNN to simultaneously predict bounding boxes and class probab-
ilities for multiple objects within an image.

YOLOVS5 is characterized by higher accuracy, reduced computational
requirements, and faster processing speed compared to its predecessors.
The model utilizes anchor-based detection, feature pyramid networks for
multi-scale predictions, and incorporates various optimizations —such as
mosaic augmentation, adaptive image padding, adaptive anchor learning,
and cross-GPU batch normalization— to achieve superior performance
across a wide range of datasets and hardware configurations. The YOLO
architecture has been extensively used in various medical image analysis
tasks [71, 72, 73, 74, 75], supporting its adoption in the present study.

Alas, the annotation formats employed by YOLOv5 and OpenCV are
incompatible. To avoid re-annotating the entire dataset, the DarkLabel
tool [76] was initially used to generate example annotation files in YOLOv5
format, followed by the implementation of a Python script (Listing 3.1) to
convert the OpenCV format (a single text file for all images) into the
YOLOv5 format (one text file per image).

img = cv2.imread(datal[0])
ih, iw, = img.shape

bb_num_count = int(datal[1]) # number of bounding boxes

out_line = ""

for i in range(bb_num_count) :
x = int(datal2 + (4 * i)])
y = int(data[3 + (4 * 1)1)

bbw = int(datal[4 + (4 * i)])

bbh = int(datalb + (4 * i)])

ncx = round((x + bbw / 2) / iw, 6)

ncy = round((y + bbh / 2) / ih, 6)

bbwp = round(bbw / iw, 6)

bbhp = round(bbh / ih, 6)

out_line += £"0 {ncx} {ncy} {bbwp} {bbhp}\n"

file_without_ext = pathlib.Path(data[0]).stem

out_file = os.path.join(destination_path, file_without_ext + ".txt")

with open(out_file, mode="w") as annotations_file_out:
annotations_file_out.write(out_line)

Listing 3.1: OpenCV to YOLOv5 Annotation Format Conversion.
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After cloning the original YOLOvV5 project and appropriately configur-
ing the paths for the training, validation, and test datasets, the primary
objective was to accurately identify the swab within the image. This task
was formulated as a single-class object detection problem, where the only
target class was designated as “swab.” To achieve this goal, the model was
initialized using the weights of the “small” YOLOv5 model, which served
as the baseline. A total of eight experiments were conducted, systematic-
ally varying key hyperparameters such as batch size, number of training
epochs, and the resolution of input images. These experiments aimed to
assess the impact of different configurations on model performance and to
determine the optimal setup for accurate swab detection.

Table 3.1 presents a summary of the configurations used in two spe-
cific models: the baseline model, which exhibited the lowest performance
among all tested configurations, and the best-performing model, which
demonstrated the highest accuracy.

Table 3.1: Configurations for YOLOv5 Single-Class (SC) Experiments.

Experiment Img Size Batch Size Epochs Weight Err. (%)

Expl 640 8 3 Small 39.4
Exp7 640 16 100  Small  0.20

As anticipated, increasing both the batch size and the number of epochs
led to superior results. This outcome aligns with established findings in
deep learning research, where larger batch sizes contribute to more stable
gradient updates, and longer training durations allow models to learn more
complex representations. In Figure 3.8, the results of Expl SC (on the left)
are compared with those of Exp7 SC (on the right). The detected target
is enclosed within a red rectangle, labeled with the name of the identified
class (“swab”) and the model’s confidence level.

A crucial aspect of object detection models is selecting an appropriate
confidence threshold, which determines the probability level at which a
detection is considered valid. Setting the threshold too low increases the
risk of false positives, whereas an excessively high threshold may lead to
missed detections. In Exp7 SC, a confidence level of 0.4 resulted in seven
false positives in the test set of 1,528 images, while increasing the confid-
ence threshold to 0.7 reduced the number of false positives to only one
(Figure 3.9).
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Figure 3.8: Detection Examples with Varying Epochs and Batch Sizes.
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Figure 3.9: Comparative Examples of Detection at Distinct Confidence
Levels.
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3.3.3 Classification of Rapid Antigen Test Outcomes

Following the development of a model capable of identifying rapid antigen
test kits within an image, the next challenge involved classifying the test
outcome. Although interpretation of results may vary depending on the
specific diagnostic kit utilized, the general principle is illustrated in Fig-
ure 3.10. For the purposes of this experiment, classification was restricted
to “positive” (SARS-CoV-2 target detected) and “negative” (target not
detected) outcomes. Including invalid results would have required an ad-
equate number of images depicting null tests for network training, which
is a relatively rare occurrence.

Interpretation of Test Results

—
G c
ﬁ Positive
T T
Negative
© @
T T

Figure 3.10: Interpretation of SARS-CoV-2 Rapid Antigen Test Results.

Invalid

E=)iE=s]

Template Matching with OpenCV

Initially, a template matching technique was applied to the photographs
uploaded by users to the FSE platform. In template matching, the input
image is systematically scanned to locate regions with a high degree of
similarity to the portion used as a template.

Several images of antigen tests were manually selected, and the portion
displaying the control window was isolated to serve as the template.

Figure 3.11: Control Window of a Rapid Antigen Kit Template for Negat-
ive Outcome.
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OpenCV provides various methods for implementing template match-
ing. Due to the confirmed presence of multiple test kits within certain im-
ages, the TM_COEFF_NORMED (Template Matching using Normalized
Correlation Coefficient) method was chosen, with a similarity threshold set
to 0.8. This method normalizes the correlation coefficient, making it more
resilient to variations in lighting, scale, and contrast. Such normalization
is particularly advantageous in images containing multiple objects, as it
evaluates the similarity between the template and different regions of the
image on a consistent scale, irrespective of absolute intensity differences.
By assigning a normalized score between -1 and 1, TM_COEFF_NORMED
can accurately identify regions that closely resemble the template, even in
the presence of multiple potential matches within the same image. A sim-
ilarity threshold of 0.8 ensures that only the most relevant matches are
considered, reducing the occurrence of false positives.

Despite these theoretical benefits, empirical testing on a sample of im-
ages from the initial dataset revealed that template matching was not a
viable approach for the context of this study, particularly considering the
variety of diagnostic kits available to end-users’ and the non-negligible
challenges in interpreting test results®.

Figure 3.12: Template Matching on a Test Image.

As a result, it was decided to investigate the YOLOvV5 neural network
for both detection and multi-class classification.

"The arrangement of the C (Control) and T (Target) symbols varies across different
test kits. In some cases, the symbols are reversed.
8The C/T marker lines are not always clearly defined.
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Classification with YOLOv5

After modifying the YOLOv5 configuration file to define two classes
(“swab_neg” for negative test results and “swab_pos” for positive out-
comes), a Python script was implemented to convert and repurpose the
previously used annotation files, rendering them suitable for multi-class
classification. This process leveraged the CSV file provided by RER, which
accompanied the initial dataset. The test result declared by the citizen at
the time of submission to the FSE platform (0 = Negative / 1 = Positive)
was used as a numerical indicator corresponding to the relevant class (0 =
“swab_neg” and 1 = “swab_pos”).

Additionally, a manual verification of all 1,505 images in the training
set was conducted to ensure consistency between the class declared in the
CSV file and the actual content of the corresponding image. Five evident
discrepancies were identified, where outcomes had been declared as negat-
ive but were, upon visual inspection, positive. In these cases, the images
were reclassified accordingly prior to initiating the training process.

The final training set included 465 images showing negative test results
(approximately 31% of the total) and 1,040 showing positive results.

Extending the methodological framework employed in prior single-class
detection assessment, we conducted a series of eight experiments to invest-
igate the effects of varying batch size, the number of training epochs, and
input sample dimensions. Table 3.2 presents a summary of the hyperpara-
meter configurations employed for training the multi-class (MC) models in
each evaluation.

Table 3.2: Configurations for YOLOv5 Multi-Class (MC) Experiments.

Experiment Img Size Batch Size Epochs Check-points

Expl 640 16 100 Small
Exp2 640 16 300 Small
Exp3 640 32 300 Small
Exp4 750 32 300 Small
Expb 750 64 300 Small
Exp6 750 64 300 Medium
Exp7 750 16 300 Medium

Exp8 750 32 300 Medium
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3.4 Results

The test set comprised 1,528 images categorized as follows:

— 1,036 images contained one or more positive test results, totaling
1,045 positive swabs.

— 443 images contained one or more negative test results, amounting
to 445 negative swabs.

— 49 images did not contain any test results.

Table 3.3 summarizes the overall performance metrics for each exper-
iment, measured during the testing phase with a confidence threshold of
0.7. For positive swabs, the reported metrics include:

— True Positive (TP): the number of correctly classified positive swabs.

— False Positive (FP): the number of swabs incorrectly classified as
positive (either actually negative or not present).

— False Negative (FN): the number of swabs erroneously classified as
negative or not present (actually positive).

Similarly, for negative swabs:

— True Positive: the number of correctly classified negative swabs.

— False Positive: the number of swabs incorrectly classified as negative
(either actually positive or not present).

— False Negative: the number of swabs erroneously classified as positive
or not present (actually negative).

These metrics were subsequently aggregated and evaluated globally.
Additionally, True Negative (TN) represents the number of images not
containing any swabs and correctly classified as such. The model’s per-
formance was assessed using well-established metrics in image classifica-
tion, including:

— Precision (PRC). Measures the proportion of correctly identified pos-

itive test results out of all predicted positives:

TP

PRC = 45 7P
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In this context, it indicates how reliable the model is when it classifies
a swab as positive. High precision is crucial because it ensures that
when the model predicts a positive test result, the likelihood of being
correct is high, thus reducing the risk of false positives, which could
lead to unnecessary quarantine or anxiety.

Recall (REC). Measures the proportion of true positives that were
correctly identified by the model:

TP

BEC=——"
REC = 7p 1 FN

In this context, recall is critical because missing a positive test (false
negative) could allow an infected person to go undetected, posing a
public health risk.

Accuracy (ACC). Measures the overall correctness of the model
across all predictions:

TP+TN

ACC = ———
Test set size

It provides a broad measure of how well the model performs across
both positive and negative test results. High accuracy is important
because it demonstrates the model’s overall reliability, ensuring that
the majority of images, whether positive or negative, are correctly
classified.

Table 3.3: Precision, Recall, and Accuracy Metrics.

Experiment TP FP FN TN PRC T REC 1T ACC 1

Expl 1,443 28 36 49 0.981 0.976 0.976
Exp2 1,418 53 61 49 0964 0.959  0.960
Exp3 1,426 46 53 49 0.969 0964  0.965
Exp4 1,442 30 37 49 0980 0975  0.976
Expb 1,436 33 43 49 0978 0971 0.972
Exp6 1,433 39 46 49 0974 0969  0.970
Exp7 1,430 45 49 49 0.969 0967  0.968

Exp8 1,439 35 40 49 0976 0973  0.974
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The experiment yielding the best results, Expl, reported 36 FN, of
which 8 were due to failure in detecting a swab in the image, and 28 FP
(negative swabs classified as positive and vice versa), resulting in a total
error rate of 2.36% for the test set. The Expl model exhibited strong
overall performance, with a high recall of 0.976, indicating the model’s ef-
fectiveness in identifying true positives (particularly positive swabs), which
is critical for reliable health monitoring during a pandemic.

Figures 3.13 through 3.16 illustrate the results. The detected target is
outlined by a rectangle, with its color depending on the class (red for neg-
ative results, pink for positive outcomes), and labeled with the identified
class name (“swab_neg” for negative, “swab_pos” for positive) along with
the model’s confidence level.

Figure 3.14: Correctly Classified Negative Antigen Test.
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Notably, the model successfully classified images depicting swabs with
slightly positive results (positive marker barely visible to the naked eye,
Figure 3.15), and poor-quality images (Figure 3.16).

153 pidey uabnuy Z-A0D-SHYS
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Figure 3.16: Correctly Classified Negative Test (Poor-Resolution Image).
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The results obtained from the Expl model, however, did not account
for the inherent imbalance in the initial dataset. Of the 1,505 images used
for training, 1,040 were positive swab samples, while only 465 were negative
swab specimens. Due to the unavailability of new samples, an additional
405 negative swab images from the test set were annotated, resulting in a
training set of 1,910 images and a test set of 1,123 images.

The retrained model, referred to as Exp1_1910, yielded an accuracy of
98.8%. Nonetheless, when validated on a more extensive and heterogen-
eous dataset of 144,844 images, provided by RER as of June 12, 2022,
the model’s accuracy decreased to 96% (Table 3.4). This decline in per-
formance was primarily attributed to the overrepresentation of diagnostic
kits from a limited number of manufacturers (e.g., Hotgen) in the original
dataset, which limited the model’s ability to generalize across a broader
range of test kits.

Table 3.4: Precision, Recall, and Accuracy Metrics for Exp1-1910 on Ex-
tended Dataset.

Experiment TP FP FN TN PRC 1t REC 1 ACC 1

Expl.1910* 137,370 4,979 5,803 1,671 0.965 0.960 0.960
* Extended test-set (144,844 images).

To overcome this limitation, an additional 170 images representing di-
verse diagnostic kits were annotated. These instances were selected from
novel samples uploaded by users between June 15 and 19, 2022, focusing
specifically on those that the Expl1.1910 model had incorrectly classified.
The updated training set of 2,080 images, evenly distributed between 1,040
positive and 1,040 negative swabs, was then used to retrain a new model,
namely Expl_2080.

# TRAINING expl_2080

python3 -u yolovb/train.py --img 640 --batch 16 --epochs 100
--data yolovb/data/swabs_v2.yaml --weights yolov5/yolovbs.pt
—--project /checkpoints/SwabCV/ --name expl_2080

Finally, the Exp1_2080 model was evaluated on the same set of 144,844
images employed to validate the Expl1_1910 experiment. This approach
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enabled a direct comparison between the performance of the two mod-
els under consistent hyperparameter configurations, while accounting for
differences in their respective training sets.

# TEST expl_2080

python3 manage.py swabs_detection ’/datasets/SwabCV/testset_144844°
--weights ’/checkpoints/SwabCV/expl_2080/best.pt’ --confidence
--metadata_in ’/datasets/SwabCV/samples120922.csv’
--metadata_out ’/datasets/SwabCV/samples120922-0UT.csv’
--use-db True

The Expl-2080 model achieved an accuracy of 96.9% (Table 3.5), con-
firming its robustness, generalizability, and stability over time, even with
the increased size and diversity of the new dataset. Moreover, it success-
fully classified images depicting less common diagnostic kit shapes (Fig-
ure 3.18).

Table 3.5: Precision, Recall, and Accuracy Metrics for Exp1_2080 on Ex-
tended Dataset.

Experiment TP FP FN TN PRC 1 REC{ ACC 1

Expl1_2080* 138,608 3,984 4,517 1,719 0.972 0.968 0.969
* Extended test-set (144,844 images).
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Figure 3.17: Confusion Matrix for Exp1-2080.
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Figure 3.18: Correctly Classified Positive Antigen Test (Generalization).

The computation of metrics requires several methodological clarifica-
tions.

First, the model’s ability to identify multiple target objects within in-
dividual images enabled the recording of both classification outcomes and
target enumeration, distinguishing between cases of zero, single, and mul-
tiple occurrences. In instances where no swabs were recognized, the pre-
diction result was assigned a value of -1.

Second, a manual inspection of the augmented validation set revealed
the following:

— Among the 2,252 images wherein the model detected the absence of
a swab, 1,719 were indeed devoid of swabs (“True Misses”), while
533 contained at least one swab (“False Misses”). For the 1,719
True Misses, the corresponding ground-truth labels were adjusted to
-1 to prevent them from being mistakenly counted as model errors.
This recalibration was necessary due to the mismatch between user-
declared outcomes (restricted to binary values, as required by the
FSE submission form) and the model’s predicted outcomes, which is
always -1 for True Misses. Interestingly, most False Misses occurred
when swabs were positioned atop unfolded instruction leaflets.

— Of the 454 images in which the model determined the presence of
multiple swabs, 299 actually contained more than one swab (“True
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Multiple Detection”), while 155 contained at most one swab (“False
Multiple Detection”).

— In addition to the 4,517 images where the model’s prediction di-
verged from the user-declared result, the True Misses and Multiple
Detections instances must also be comprised in the total number of
images requiring manual validation. True Misses need to be included
because the FSE system inherently lacks a “-1” label, causing these
instances to appear inconsistent with the user’s declaration. Simil-
arly, Multiple Detections must be considered, as users are expected
to submit only a single result, necessitating manual validation by an
operator for images containing multiple swabs. It is worth noting
that False Misses are already included in the 4,517 misclassification
count, as their declared outcome (0 or 1) differs from the predicted
one (-1).

Thus, the total number of images accounted for manual review is
calculated as: 4,517 + 1,719 + 369’ = 6,605 samples.

Compared to the Expl1_1910 model, which required 7,953 images to be
verified by back-office operators, the Expl_2080 model reduced the number
of images needing review to 6,605, representing a decrease of 1,348 samples.

3.5 Discussion

This experimental study, the first of its kind in Italy, was made possible
by several factors:

— The worsening of the SARS-CoV-2 pandemic in early 2022, particu-
larly the rapid and significant rise in COVID-19 cases following the
spread of the Omicron variant.

— A growing difficulty for Public Health Departments in promptly
executing molecular confirmation tests for positive cases detected
through rapid antigen tests performed in pharmacies.

9Calculated as the difference between the total instances of multiple swab detections
within single images (n = 454) and the subset of these instances already incorporated
within the 4,517 inferences where the predicted outcome diverged from the ground-truth
label (n = 85), as identified through manual assessment. This computation ensures a
non-duplicative count of discrepancies attributed to multiple swab detections.



Digital Transformation and ML Applied to Public Healthcare

45

— The Circular No. 705-08/01/2021 issued by the Italian Ministry of
Health, which states: “In a high-prevalence context, rapid antigen
tests will have a high positive predictive value (PPV). Therefore, a
positive rapid antigen test result is likely indicative of a true infec-
tion, not requiring confirmation with RT-PCR testing”. In line with
this directive, the Regione Emilia-Romagna sought to extend this ap-
proach to residents who had received their third vaccine dose within
the preceding four months.

The developed model, based on the YOLOvV5 architecture, exhibited
high performance and scalability when evaluated on a dataset of 144,844
images of self-administered swabs, rendering it a valuable tool for verifying
COVID-19 home test results. Further analysis of the validation dataset
revealed 6,605 instances requiring human intervention.

By regulation Regione Emilia-Romagna’s administrative personnel are
required to manually validate at least 10% of the collected images. With
144,844 files uploaded over a six-month period, this would translate to a
minimum of 14,484 randomly selected images requiring review. Assuming
an optimistic validation rate of one image every 10 seconds'’, this process
would take approximately 40 hours (or one full workweek). In contrast,
employing the Expl_2080 model would allow operators to limit their review
to the 6,605 images with discrepancies between citizen declarations and the
model predictions, amounting to 4.6% of the total dataset—a significant
reduction compared to the mandated 10% manual review. Verification
of these images would take approximately 18.3 hours, resulting in a 55%
reduction in review time, which can be particularly valuable in the con-
text of health crises characterized by constrained human resources''. As
more data is collected, the manual review burden would typically increase
proportionally. Conversely, by leveraging the proposed model, the need for
human validation remains manageable, as human effort is directed only to-

10This assessment presupposes optimal working conditions characterized by uninter-
rupted workflow and streamlined error reporting functionality, where flagging problem-
atic images requires only a single click rather than separate manual documentation.
The estimation also assumes minimal occurrence of ambiguous cases requiring extended
review. Given the repetitive and mechanical nature of the process, achieving a higher
processing rate would be unlikely.

11Based on a more realistic validation rate of one image per minute, manual veri-
fication without automated support would require approximately 242 hours (or 1.51
working months). Implementation of the proposed model would reduce this duration to
approximately 110 hours (equivalent to 0.69 months of standard working time).
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ward ambiguous or edge cases, including True Misses (i.e., images without
swabs) and Multiple Detections (i.e., images containing multiple swabs),
ensuring scalability and allowing personnel to focus on more critical and
high-level tasks.

Finally, as the model continues to learn from new data, its accuracy
is expected to improve. Even in scenarios with a modest reduction in
model performance (e.g., precision of 0.94 and recall of 0.93), substantial
time savings would still be achieved. As a supplementary test, a sample
of 400 images was arbitrarily selected for review by a back-office operator.
While the model flagged real anomalies in 192 instances (mostly involving
very slightly positive swabs, likely indicating early stages of infection), the
human operator identified 10.

3.6 Final Remarks

This study demonstrates the potential of Al-driven solutions in addressing
critical challenges within public health, particularly in emergency scenarios
where rapid and accurate data processing is crucial.

A YOLOvV5-based model was developed and trained to detect and clas-
sify images of swabs submitted by citizens to their EHR (FSE) as evidence
of self-administered COVID-19 nasopharyngeal tests.

Analysis of a six-month extended validation set, comprising 144,844 im-
ages, revealed 6,605 misclassifications (including 1,719 instances containing
no swab and 369 containing multiple swabs in a single image) — 4.6% of
the entire dataset — requiring validation. This proportion falls below the
mandated minimum of 10% and primarily includes cases necessitating re-
view, thus representing a significant improvement over random selection
and verification, which could potentially overlook critical cases.

By automating a portion of the validation process, RER can ensure
compliance with national regulations while expediting the processing of
test results. The system also facilitates faster identification of positive
cases —a key factor for timely virus containment interventions— while its
proficiency in identifying potentially fraudulent or erroneous submissions
provides an additional layer of security, which is essential in scenarios where
public health resolutions partially rely on self-reported information from
citizens.

Despite promising results, the study encountered several challenges. A
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primary issue was the variability in the quality of images submitted by
residents. Factors such as lighting conditions, focus, and the presence of
distracting elements in the background significantly affected performance.
While the YOLOv5 model demonstrated robustness, misclassifications still
occurred, particularly with severely compromised images.

Another limitation was the model’s performance in detecting images
that did not contain test kits. Although it correctly classified 76.3% of
such images (i.e., recall), this rate is lower than its performance on positive
and negative classifications. Improvements in preprocessing techniques,
combined with the development of more sophisticated anomaly detection
algorithms, could enhance the model’s efficacy in handling these cases.

The integration of AI in healthcare, particularly in automated dia-
gnostic systems, raises major ethical considerations. The potential for
false positives or negatives, especially in a public health context, can lead
to serious consequences, such as unnecessary anxiety for individuals or
delayed interventions for positive cases. While automation can enhance
efficiency, it is crucial to ensure that Al systems serve as tools to support,
rather than replace, human decision-making. Future work should focus on
developing guidelines and frameworks for the responsible and ethical use
of AI in public health.

Several functionalities remain to be implemented, including;:

— Extracting specific information from uploaded images (e.g., the type
of self-testing kit) and verifying consistency (e.g., ensuring the use of
approved kits only).

— Detecting improper submissions or fraud attempts (e.g., images
already submitted by other users'?).

— Recognizing potential image manipulations.

— Identifying faces or other PII (e.g., fiscal codes or driver’s licenses)
within images.

Incorporating these features into the submission process could facilitate
proper image uploading to the FSE and alert users to potential anomalies,
minimizing the necessity for subsequent manual verification.

12A rudimentary duplicate detection mechanism has been implemented within the
system, using file hashing techniques for image comparison.
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Among future enhancements, it is also worth considering the devel-
opment of a task capable of automatically and regularly processing new
images uploaded to the FSE system (e.g., once or multiple times per day),
providing back-office operators with a list of detected discrepancies or an-
omalies for review and correction.

As the field of AI in healthcare continues to evolve, computer vision is
likely to play a pivotal role in developing advanced and reliable diagnostic
tools, as well as in supporting the responsiveness and sustainability of
healthcare systems across both clinical and administrative domains. This
study suggests potential for extending the application of Al-driven solu-
tions beyond COVID-19. For instance, similar models could be applied
to other infectious diseases that rely on rapid diagnostic tests or used for
screening purposes in routine medical examinations. The scalability of the
YOLOv5 model, along with its ability to process large volumes of data in
real-time, makes it a viable option for a wide range of healthcare applica-
tions.



Chapter 4

Optimizing Resource
Allocation in Hospitals: A
Machine Learning
Approach for
Length-of-Stay Prediction

Effective hospital resource management hinges on established metrics such
as Length of Stay (LOS) and Prolonged Length of Stay (pLOS). Reducing
pLOS is associated with better patient outcomes and optimized resource
utilization (e.g., bed allocation). This chapter investigates several Machine
Learning (ML) models for both LOS and pLOS prediction. The integration
of ML, particularly ensemble models, has the potential to significantly
improve LOS prediction and identify patients at high risk of pLOS. Such
insights empower clinicians and bed managers to enhance patient flow,
contributing to both care quality and operational efficiency in healthcare
delivery systems.

49
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4.1 Introduction

The Italian public healthcare system faces a complex challenge in managing
bed availability. The past few decades have witnessed a 30% reduction
in hospital bed capacity [77], along with a rise in bed occupancy rates,
leading to congestion and extended patient stays. Italy’s current provision
of 11.6 beds per 100,000 inhabitants falls below the OECD (Organization
for Economic Cooperation and Development) average of 16.9 [78]. This
situation is further exacerbated by a significant increase in national health
expenditure, which rose from approximately 80 billion euros in 2002 to 129
billion euros in 2022 [79, 80], with 20% allocated to inpatient care.

Managing patient flow has become increasingly problematic due to
factors such as rising patient volumes, an aging population with higher co-
morbidity rates, delayed discharges to non-acute care settings, and evolving
working practices (as emphasized by the COVID-19 pandemic). Current
bed modeling techniques, often relying on midnight census data, lack the
granularity needed for optimal space management. A more comprehensive
understanding of patient flow dynamics and peak occupancy patterns is
essential. In this context, the emergence of Artificial Intelligence (AI) and
Machine Learning (ML) offers promising tools to assist bed managers in
their daily operations.

4.2 Background

Length of Stay (LOS), defined as the duration between hospital admis-
sion and discharge (i.e., total bed-days occupied by a patient), plays a
fundamental role in assessing healthcare service quality. Previous research
has demonstrated correlations between LOS and disease severity, read-
mission rates, and mortality [81, 82]. The reduction of LOS in public
healthcare systems benefits both patients and hospitals: early discharge
and faster turnover improve inpatient outcomes by preventing complica-
tions and reducing the risk of adverse events (such as falls, thrombosis,
drug reactions, and hospital-acquired infections) [83, 84], while promot-
ing patient autonomy [85]. On the other hand, hospitals gain advantages
from optimized treatment strategies, improved resource utilization (e.g.,
bed allocation), and better control over waiting lists [86]. Furthermore,
LOS holds the advantage of uniform measurability, making it comparable
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even across different healthcare facilities on a global scale [87].

Conversely, Prolonged Length of Stay (pLOS) is associated with func-
tional limitations, cognitive impairment, and a higher burden of comorbid-
ities among patients [38]. Moreover, pLOS often results in cancellations of
elective surgeries, increased resource utilization (including raising medical
costs, especially in Intensive Care Units, ICUs), and potential delays in
admitting critically ill patients. Notably, a small percentage of patients
with pLOS can consume up to 50% of available resources [89, 90].

This holds particular relevance in Italy, where demographic shifts like
increasing life expectancy (80.6 years for men and 84.8 years for women in
2022 [91]) contribute to an escalation in chronic and degenerative diseases.
Timely identification of inpatients with extended stays (often referred to as
“bed-blockers”) is essential for formulating effective treatment plans. Thus,
pLOS serves as a key metric, directly influencing healthcare expenditures
and available capacity.

The present study aimed to develop ML-based models for predicting
both LOS and pLOS in general patient populations. Several techniques, in-
cluding regression, support vector machine, KNN, random forest, gradient
boosting trees, neural networks, and ensembles, were compared to identify
the most effective models. Additionally, an analysis of the most relevant
features for accurate prediction was conducted.

4.3 Related Works

Over the past two decades, researchers have employed various statist-
ical techniques to investigate LOS and the influence of covariates such as
age, gender, illness severity, diagnosis, and hospital characteristics. More
recently, Machine Learning and Deep Learning (DL) have emerged as
promising alternatives to these established methodologies in healthcare
research [92, 93]. Studies exploring LOS patterns exhibit considerable het-
erogeneity [94, 95], often focusing on broad patient cohorts [96], specific
age ranges [97, 98, 99], explicit discipline areas [100, 101] and medical
specialties [102, 103], surgical procedures [104, 105] and oncological sur-
geries [106, 107], and individual hospital departments. However, only a
limited portion of the existing literature addresses the specific context of
the Italian public healthcare system.

Trunfio et al. [108] analyzed 2,515 patients undergoing hip-replacement
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surgery at the University Hospital of Salerno, Italy. Their analysis re-
vealed that Multiple Linear Regression yielded the highest performance
in predicting LOS (R? = 0.616), whereas Random Forest and Gradient-
Boosted Tree models achieved an accuracy of 71.76% in predicting LOS as
a discrete target (less than 7 days, 7-12 days, over 12 days).

Olivato et al. [109] developed an ML-based system to predict pLOS
in COVID-19 patients admitted to the “Spedali Civili” hospital in Bres-
cia. Their model, trained on demographic information and laboratory test
results from over 6,000 admissions, attained a ROC-AUC score of 0.76.

Zeleke et al. [110] investigated 12,858 inpatients admitted through the
emergency department of an Italian hospital in Bologna. Their Gradient
Boosting classifier achieved an accuracy of 75% in predicting pLLOS (defined
as any stay exceeding 6 days), while Ridge and XGBoost regressors were
most effective in forecasting LOS as a continuous outcome, with a predic-
tion error ranging between 6 and 7 days.

In another Italian study by D’Onofrio et al. [111], the application of
Random Forest achieved a 77.79% accuracy in predicting LOS for 989
patients undergoing mastectomy surgery at A.O.R.N. “Antonio Cardarelli”
in Naples.

Di Matteo et al. [112] implemented an ML-driven system to forecast
prolonged LOS (defined as LOS > 7 days) for hip-/knee-arthroplasty pa-
tients at “Humanitas Research” Hospital in Milan. Leveraging combined
clinical and textual data from 1,517 patients, their model achieved an AUC
of 0.789.

While many of these studies focus on specific departments or rely on
data partially unavailable at admission (such as laboratory results), our re-
search addresses this gap by employing various supervised ML algorithms
to predict LOS for general inpatients using readily available data extracted
from a medico-administrative platform. We analyzed LOS as a continuous,
multi-class, and dichotomous variable, encompassing all medical-surgical
departments with the purpose of developing robust and adaptable mod-
els for effective generalization. This approach mirrors real-world scenarios
where patients may be relocated to alternate wards (often regardless of
their primary service) when a department reaches full capacity. Evaluat-
ing all medical units collectively provides greater consistency. Additionally,
focusing on admission data ensures immediate implementation across di-
verse hospital settings.
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4.4 Materials and Methods

4.4.1 Data Selection and Inclusion Criteria

This study was conducted at the Ospedale di Sassuolo S.p.A., a general
hospital located in Emilia-Romagna, Italy. The facility is organized by
intensity of care and comprises 19 clinical units. We analyzed a dataset
of 12,471 hospitalizations from 10,145 unique patients discharged between
February 2022 and November 2023. All patients had a minimum length
of stay of 24 hours. Data were extracted from the hospital’s EBMS (Elec-
tronic Bed Management System), which included information on patient
demographics, admission type, clinical features, and hospitalization details.
A summary of patient characteristics is provided in Table 4.1.

To minimize potential biases in model performance, patients undergo-
ing Day Surgery or Day Hospital procedures were excluded due to their
predetermined LOS of one day. Additionally, to ensure data integrity, we
excluded patients deceased during hospitalization, inpatients with stays
exceeding the 99.95th percentile of the LOS distribution (outliers), and
maternity /infancy wards due to their distinct clinical characteristics and
potential data collection biases.

We further expanded the initial dataset by integrating historical inform-
ation regarding each patient’s prior hospitalizations, including the number
of previous admissions in the last 12 months (particularly those requir-
ing ICUs or high-intensity care levels), the average and total lengths of
stay during previous hospitalizations, and the average LOS for all patients
admitted within the same service as the current hospitalization in the pre-
ceding 30 days (aiming to capture potential department-specific trends).

4.4.2 Descriptive Statistics

An in-depth analysis identified significant associations between the length
of stay and other covariates, including:

— Age and LOS. Length of stay increased with age, particularly from
75 to 95 years, aligning with established literature. This finding
corroborates the notion that age plays a more pronounced role in
determining LOS among older individuals, who often present with
more complex clinical conditions (e.g., frailty and cognitive decline)
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Table 4.1: Patient Characteristics for LOS Prediction.

# Feature Total Type
Patient demographics

1  Seniority (age divided into 10-year groups) 12,471 Categorical
2  Gender (M/F) 12,471 Categorical
3  From outer province? (Y/N) 12,471 Boolean

4 From outer administrative district? (Y/N) 12,471 Boolean
Information from current admission

5 Admission month (1-12) 12,471 Categorical
6  Admission day of week (1-7) 12,471 Categorical
7 Admission on weekend (Y/N) 12,471 Boolean

8 Admission on working day (Y/N) 12,471 Boolean

9  Admission hour of day (0-23) 12,471 Categorical
10 Admission during night-time? (Y/N) 12,471 Boolean

11 Admission from outer facility? (Y/N) 12,471 Boolean

12 Intensity care (L/M/H) 12,471 Categorical
13 Admission from ER? (Y/N) 12,471 Boolean

14 Short-Stay Observation (SSO)? (Y/N) 12,471 Boolean

15 Single room? (Y/N) 12,471 Boolean

16 Bed type 12,471 Categorical
Clinical information

17 Terminal patient (End-of-Life)? (Y/N) 12,471 Boolean

18 Bedridden patient? (Y/N) 12,471 Boolean
19 Multidimensional geriatric assessment requested? (Y/N) 12,471 Boolean

20 Integrated Home Care requested? (Y/N) 12,471 Boolean

21 Isolation required? (Y/N) 12,471 Boolean
22 COVID-19 isolation? (Y/N) 12,471 Boolean
23 Contact isolation? (Y/N) 12,471 Boolean
24 Structural isolation? (Y/N) 12,471 Boolean
25 Other type of isolation? (Y/N) 12,471 Boolean

26 Diagnosis (text) 12,471 Text
Information from current hospitalization

27 Hospitalization area 12,471 Categorical
28 Hospitalization area type 12,471 Categorical
29 Specialty (service) 12,471 Categorical
30 Recent transfers count 12,471 Numeric
31 Past transfers count 12,471 Numeric
32 Movements count 12,471 Numeric
33 ICU movements count 12,471 Numeric

Information from previous hospitalizations

34 Patient prev. hospitalizations count (prior 12 mo.) 12,471 Numeric
35 Patient prev. ICU hospitalizations count (prior 12 mo.) 12,471 Numeric
36 Patient prev. hosp. with high-intensity care count (prior 12 mo.) 12,471 Numeric
37 Patient prev. hospitalizations average LOS (prior 12 mo.) 12,471 Numeric
38 Patient prev. hospitalizations total LOS (prior 12 mo.) 12,471 Numeric

39 Specialty prev. hospitalizations average LOS (prior 1 mo.) 12,471 Numeric
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and social issues (e.g., limited social support networks and lack of
caregivers), contributing to extended hospital stays.

— Hospitalization Area and LOS. As expected, patients admitted to
the long-term care and rehabilitation units exhibited the highest
LOS. Medical departments showed comparable LOS, while ICU ex-
perienced shorter stays, confirming its role in stabilizing critically
ill patients before transfer to other units. The surgical area, dedic-
ated to short-stay routine interventions, demonstrated a shorter LOS
compared to other surgical areas, such as those focused on urology,
general surgery, orthopedics, and cardiology.

— Intensity of Care and LOS. Patients receiving lower-intensity care
tended to have longer LOS than those receiving medium- or high-
intensity care. Although this may seem counterintuitive, it likely re-
flects the association of high-intensity care with critical units where
patients remain only as long as necessary to stabilize their condi-
tion before being transferred to medium- or low-critical departments.
This also highlights the remarkable efficiency of high-intensity care
units in expediting patient recovery and facilitating discharge.

— Specialty and LOS. Similar patterns were observed for the “Specialty”
variable compared to “Hospitalization Area”. However, the medical
service offers a more reliable indicator of LOS than the area, as the
latter may be influenced by temporary patient placements due to
limited bed availability.

— Discharge Type and LOS. Patients with an ordinary discharge tended
to have shorter LOS compared to those discharged to other facilities
or requiring a protected discharge. Patients with advanced tumor
stages (near end-of-life) and those with significant mobility limita-
tions (bedridden) exhibited longer LOS.

These findings highlight the complex interplay between LOS and both
patient-specific factors and hospital characteristics, providing insights for
patient care optimization and targeted interventions.

4.4.3 Models Development

The research employed two variants of the available dataset. Dataset A
contained only structured data, including demographics, clinical informa-
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tion, and admission details. Conversely, Dataset B included additional fea-
tures derived from unstructured free-text diagnoses documented by health-
care practitioners.

Initially, fourteen regression algorithms were implemented to predict
LOS as a continuous variable. Performance evaluation metrics included
mean absolute error (MAE), root mean squared error (RMSE), R-squared
(R?), and adjusted R-squared scores. Additionally, ten classification meth-
ods were employed to predict LOS as a multi-class target (1-3 days, 4-10
days, >10 days). Evaluation metrics for classification encompassed accur-
acy, precision, recall, F1-score, and the area under the receiver operating
characteristic curve (AUROC). The same ten classifiers were also used to
predict pLOS, defined as any hospitalization exceeding eight days, corres-
ponding to the 75th percentile. A comprehensive discussion of the models
employed in this study is provided in Appendix C.

To extract features from diagnoses, a text-cleaning process was imple-
mented, involving the removal of stop words and irrelevant or non-domain-
specific terms. A pre-trained BERT foundation model' was then employed
to tokenize the text and generate embeddings. Subsequently, a data pre-
processing pipeline was applied to normalize all numerical variables and
to one-hot encode categorical features. This step ensured that all features
were on a comparable scale and that categorical features were numerically
represented. Furthermore, principal component analysis (PCA) was ap-
plied to embeddings from Dataset B to reduce the dimensionality of the
data to 100 components, thereby mitigating computational complexity.

Each dataset was randomly partitioned into a training set comprising
80% of the admissions (9,976) and a holdout/validation set encompassing
the remaining 20% (2,495 admissions), using stratified sampling. A five-
fold cross-validation approach was employed for each task to compare al-
gorithms and identify the top-performing models. Hyperparameter tuning
was then conducted for each selected model. Final performance was as-
sessed on the independent test set.

Moreover, Voting and Stacking ensemble methods were added in the
final evaluation. These methods aggregate predictions from multiple base
models (using voting and stacking aggregation techniques, respectively) to

1Specifically, the “bert-base-italian-xxl-uncased” was used, with an 81GB training
corpus size and 13,138,379,147 tokens. The choice to employ a generic BERT model
was necessitated by the lack of publicly available language models specifically trained
for the Italian medical domain.
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improve overall accuracy and reduce model bias.

Classification Models.

According to the Ttalian Ministry of Health [113], the national average LOS
for acute care in 2020 was 7.5 days. In Emilia-Romagna, the region where
the Ospedale di Sassuolo S.p.A. is located, the average LOS for acute care
in 2020 was 7.6 days, closely aligned with national data. Guided by these
benchmarks and the requirements of the hospital under investigation, it
was decided to split LOS into three distinct groups:

— Group 1: LOS < 3 days (5,830 hospitalizations)
— Group 2: 4 < LOS < 10 days (4,445 hospitalizations)
— Group 3: LOS > 10 days (2,196 hospitalizations)

The chosen thresholds ensured a roughly even distribution of observations
across groups. As a result, no data-balancing techniques were applied.

Binary Classification Models.

Consistent with national trends, this study adopted an 8-day threshold
to classify hospitalizations as either “short” or “prolonged”. Hospital-
izations with LOS ranging from 1 to 8 days accounted for 9,578 cases,
while prolonged LOS (>8 days) represented 2,893 admissions (23.2% of all
stays). Elderly age groups (70-79 years, 80-89 years, and 90-99 years) ex-
perienced longer LOS compared to younger cohorts, corresponding to 28%,
37%, and 12% of all prolonged stays, respectively. The majority of cases
were observed in general medicine (39%) and long-term care wards (16%).
Additionally, 67.3% of bed-blockers required medium-intensity care, while
26.3% and 6.4% required low- and high-intensity care, respectively.

The prevalence of nearly three times more instances of class 0 (“short”
LOS) compared to class 1 (“prolonged” LOS) posed a potential challenge,
as the model might overfit to the majority class (class 0) and struggle to
accurately identify the minority class (class 1). To address this imbalance,
several techniques were initially employed, including Synthetic Minor-
ity Over-sampling Technique (SMOTE) and Adaptive Synthetic sampling
(ADASYN). These methods aim to balance the class distribution by gen-
erating synthetic instances of the minority class, thereby reducing the im-
pact of class imbalance on model performance. However, implementing
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these techniques did not yield significant performance improvements for
our specific dataset. This suggests that incorporating ensemble methods,
which combine predictions from multiple learners, might be a more effective
strategy for handling class imbalance, particularly when considering met-
rics beyond accuracy. To maintain methodological coherence, the pLOS
prediction task leveraged the same battery of classifiers and evaluation
metrics employed for the multi-class LOS task.

4.5 Results

4.5.1 Regression Models

Among the sixteen regressors evaluated for predicting LOS as a continu-
ous variable on Dataset A (Table 4.2), the StackingRegressor ensemble
achieved the strongest performance (MAE 2.81, R? 0.635), followed by
VotingRegressor and XGBRegressor. When considering Dataset B, which
incorporated unstructured data, CatBoostRegressor emerged as the super-
ior model (MAE 2.73, R? 0.649), followed by VotingRegressor and XG-
BRegressor.

Table 4.2: Results of Tuned Models on Datasets A and B (Regression
Task).

Dataset A Dataset B
Model MAE | RMSE | R’ 1t Adj.R’ * MAE | RMSE | R®> 1 Adj.R* 1
Stacking Regressor 2.806 4.614 0.635 0.633 2.705 4.622  0.633 0.632
Voting Regressor 2.824 4.617  0.634 0.633 2.722 4.537  0.647 0.645
XGB Regressor 2.844 4.634 0.632 0.630 2.776 4.585 0.639 0.638
CatBoost Regressor 2.831 4.639 0.631 0.629 2.726 4.520 0.649 0.648
Linear Regression 2.976 4.692 0.622 0.621 2.911 4.622 0.633 0.632
Ridge 2.963 4.706  0.620 0.618 2.862 4.620 0.634 0.632
GB Regressor 2.946 4.723  0.617 0.616 2.923 4.739  0.615 0.613
LGBM Regressor 2.903 4.770  0.609 0.608 2.756 4.616  0.634 0.633
Elastic-net 2.995 4.776  0.609 0.607 2.887 4.679  0.624 0.623
SVR 2.883 4.784  0.607 0.606 2.792 4.694  0.622 0.620
Lasso 3.051 4.867  0.594 0.592 3.004 4.811 0.603 0.601
RF Regressor 2.968 4.903  0.588 0.586 2.843 4.787  0.607 0.605
KNN Regressor 2.989 5.012  0.569 0.567 2.868 4.957  0.578 0.577
AdaBoost Regressor 3.601 5.275 0.522 0.521 3.576 5.285 0.521 0.519
MLP Regressor 3.298 5.587  0.464 0.462 3.090 5.350  0.509 0.507
DT Regressor 3.882 6.617  0.249 0.246 3.757 6.604  0.252 0.249

Legend: XGB (XGBoost), GB (Gradient Boost), LGBM (Light GBM), SVR (Support Vector
Regressor), RF (Random Forest), KNN (K-Nearest Neighbors), MLP (Multi-Layer
Perceptron), DT (Decision Tree).
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The integration of embedded representations derived from free-text dia-
gnoses resulted in a measurable, albeit slight, performance enhancement
across all models. This improvement can be partially ascribed to the ability
of embeddings to encapsulate the semantic meaning of diagnoses, a task
that is challenging to accomplish solely through conventional structured
features. In addition, embeddings offer the advantage of modeling the re-
lationships among diverse diagnoses, which becomes particularly valuable
in the presence of comorbidities. Importantly, the inclusion of admitting
diagnosis does not introduce bias or confound the study endpoint (e.g.,
data leakage), as this information is inherently available at the time of
hospitalization.

4.5.2 Classification Models

A comparative analysis of classifier performance for forecasting LOS on
Dataset A revealed the superior performance of VotingClassifierSoft (ac-
curacy 73.55%, Fl-score 73.25%, AUROC 87.94%). The StackingClassifier
and CatBoostClassifier trailed closely behind. For Dataset B, VotingClas-
sifierSoft again emerged as the top performer (accuracy 76.27%, Fl-score
75.96%, AUROC 89.60%), followed by CatBoostClassifier and Stacking-
Classifier. Consistent with the findings from the regression analysis, the
employment of embeddings derived from diagnoses yielded a modest im-
provement in performance (Table 4.3).

Table 4.3: Results of Tuned Models on Datasets A and B (Multi-Class
Classification Task).

Dataset A Dataset B

Model Acc. T F11T A.ROCT A.PRC T Acc. T F11 A.ROC 1 A.PRC T

Voting Soft 0.735 0.732 0.879 0.777 0.763 0.760 0.896 0.794
Stacking 0.732  0.730 0.879 0.774 0.763  0.761 0.893 0.789
CatBoost 0.733  0.729 0.878 0.776 0.758  0.754 0.894 0.788
XGB 0.728 0.724 0.875 0.775 0.762  0.760 0.892 0.789
RF 0.730 0.728 0.873 0.767 0.750  0.745 0.886 0.778
GB 0.729 0.726 0.872 0.764 0.760  0.757 0.890 0.783
LGBM 0.724 0.722 0.870 0.760 0.748 0.745 0.887 0.778
Log. Regression 0.730 0.727 0.864 0.750 0.740  0.737 0.883 0.773
KNN 0.702  0.697 0.847 0.726 0.718 0.710 0.862 0.733
MLP 0.678 0.679 0.827 0.707 0.719 0.717 0.852 0.729
AdaBoost 0.710 0.707 0.787 0.651 0.738 0.737 0.817 0.677
DT 0.654  0.652 0.724 0.519 0.655  0.655 0.720 0.513
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The following figures show the AUROC and AUPRC curves, along with
the classification report and confusion matrix, for one of the models with
the highest predictive accuracy, CatBoost, assessed on both Dataset A and

Dataset B.
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Figure 4.1: AUROC and AUPRC Curves for CatBoost Classifier on Data-
set A (Multi-Class Classification Task).

Classification report for CatBoostClassifier Confusion Matrix for CatBoostClassifier
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Figure 4.2: Classification Report and Confusion Matrix for CatBoost Clas-
sifier on Dataset A (Multi-Class Classification Task).
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Figure 4.3: AUROC and AUPRC Curves for CatBoost Classifier on Data-
set B (Multi-Class Classification Task).
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Figure 4.4: Classification Report and Confusion Matrix for CatBoost Clas-
sifier on Dataset B (Multi-Class Classification Task).

The feature importance analysis conducted using CatBoost on Dataset
A (Figure 4.5) revealed several key factors affecting length of stay. Ranked
in descending order of importance, the most significant features included:
the overall average length of stay for same-service hospitalizations within
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the previous 30 days (ba_specialty_prev_hosp_avg_los); the number of re-
cent transfers across wards (ba_recent_transfers_count), possibly indicative
of increasing medical complexity (i.e., patients needing specialized units);
the surgery hospitalization area (b_hosp_area_G); the number of bed move-
ments during hospitalization (ba-movements_count), including those within
the same ward; low-intensity care level (ba_intenscare_L), suggesting that
critical conditions tend to result in shorter stays due to a focus on stabiliz-
ation before transfer; age in range 80-89 years (p_age_range_80-89), indic-
ating a higher risk of prolonged stays for elderly inpatients, possibly due
to age-related vulnerabilities or comorbidities; the average LOS for same-
patient hospitalizations in the prior year (ba_patient_prev_hosp_avg_los);
and the need for a multidimensional geriatric assessment (cs_is_uvm_req),
typically associated with frail individuals and elderly.

Top 10 feature importance for CatBoostClassifier

ba_specialty_prev_hosp_avg_los
ba_recent_transfers_count
b_hosp_area_G
ba_movements_count
ba_intenscare_L
p_age_range_80-89
ba_patient_prev_hosp_avg_los

cs_is_uvm_req

Figure 4.5: Feature Importance for CatBoostClassifier on Dataset A
(Multi-Class Classification Task).

Interestingly, upon applying the same analysis to Dataset B, PCA com-
ponents —derived from diagnosis text embeddings— started to emerge as
significant predictors (Figure 4.6). This result highlights an important
trade-off: while PCA offers a valuable tool for mitigating the curse of di-
mensionality, it can also lead to a less interpretable model. This limitation
arises from the transformation of the original features into a new set of
linearly combined variables, making it challenging to map the transformed
representations back to their original interpretable elements.
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Top 10 feature importance for CatBoostClassifier
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Figure 4.6: Feature Importance for CatBoostClassifier on Dataset B
(Multi-Class Classification Task).

4.5.3 Binary Classification Models

In line with the multi-class classification task, AUROC and AUPRC (Area
Under the Precision-Recall Curve) served as the primary evaluation met-
rics for the binary classification models. Ranging from 0 to 1, AUROC
effectively captures the trade-off between true and false positives across
all possible thresholds. Conversely, AUPRC prioritizes the identification
of positive samples, making it particularly advantageous in scenarios in-
volving imbalanced datasets.

For Dataset A, LogisticRegression provided the most accurate predic-
tions for prolonged length of stay (accuracy 86.61%, Fl-score 64.62%,
AUROC 90.54%), followed by VotingClassifierSoft and CatBoostClassifier.
On the other hand, when analyzing Dataset B, VotingClassifierSoft (accur-
acy 86.53%, Fl-score 64.48%, AUROC 91.67%), CatBoostClassifier, and
StackingClassifier demonstrated superior predictive capabilities for pLOS
(Table 4.4).

Additionally, to assess the alignment between predicted and actual
pLOS risks, we employed calibration curves for the three best-performing
models (Figure 4.7). In binary classification tasks with probabilistic out-
puts, calibration curves offer a visual assessment of predicted probabilities
compared to true class frequencies. An ideal model would exhibit a diag-
onal calibration curve, signifying perfect concordance between predicted
and observed probabilities. This facilitates critical evaluation of model re-
liability, enabling the selection of models that generate trustworthy prob-
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ability estimates for informed decision-making.

Table 4.4: Results of Tuned Models on Datasets A and B (Binary Classi-
fication Task).

Dataset A Dataset B
Model Acc. T F1 17T A.ROC T A.PRC T Acc. T F1 1 A.ROC T A.PRC?T
Log. Regression 0.866 0.646 0.905 0.794 0.866  0.654 0.911 0.798
Voting Soft 0.863 0.636 0.905 0.789 0.865 0.645 0.917 0.808
CatBoost 0.867 0.654 0.903 0.785 0.867  0.654 0.912 0.799
Stacking 0.867 0.654 0.903 0.785 0.867  0.654 0.912 0.799
GB 0.861  0.636 0.901 0.782 0.863  0.650 0.908 0.793
LGBM 0.861  0.642 0.898 0.777 0.862  0.642 0.907 0.791
AdaBoost 0.862 0.642 0.896 0.778 0.853 0.634 0.888 0.769
RF 0.863  0.635 0.893 0.777 0.857 0.584 0.904 0.788
XGB 0.842  0.606 0.884 0.751 0.862  0.655 0.901 0.785
KNN 0.848  0.545 0.884 0.743 0.862 0.516 0.874 0.726
MLP 0.827 0.618 0.867 0.733 0.862 0.625 0.874 0.745
DT 0.799 0.569 0.719 0.423 0.862  0.558 0.713 0.412
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Figure 4.7: AUROC and Calibration Plot for LogisticRegression, Voting-
ClassifierSoft, and CatBoostClassifier on Dataset A (Binary Classification
Task).
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In Dataset A, both VotingClassifierSoft and CatBoostClassifier proved
well-calibrated, with points on their calibration plots clustering closely
around the ideal diagonal line. However, VotingClassifierSoft revealed a
propensity to overestimate the probabilities of pLOS in high-risk patients,
whereas CatBoost exhibited a slight underestimation bias.

When considering Dataset B, CatBoost showed a reduced tendency to
underestimate the likelihood of pLOS in high-risk inpatients (Figure 4.8).
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Figure 4.8: AUROC and Calibration Plot for CatBoostClassifier on Data-
set B.

4.6 Discussion

While prior research has demonstrated success in predicting LOS for
specific patient cohorts, such as individuals undergoing heart failure
treatment [114], joint replacements [112], stroke interventions [115], and
cesarean sections [116], this area remains relatively unexplored for broader,
heterogeneous inpatient populations. The present work addresses this gap
by considering a wider spectrum of diagnoses and conditions. By avoiding
the limitations inherent in single-ward studies (e.g., ICU [93, 100]), which
may be constrained by internal dynamics, our methodology achieved en-
couraging generalizability for real-world implementation.

Our findings reinforce existing evidence that ensemble models consist-
ently outperform individual algorithms for specific tasks [117]. Through
the aggregation of multiple base learners, ensemble models effectively mit-
igate biases and improve overall predictive capabilities. Specifically, tree-
based ensemble models allow for converting complex models into trans-
parent decision rules. By employing tools such as SHAP values, Partial
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Dependence Plots, and Individual Conditional Expectation Plots, practi-
tioners can gain a deeper understanding of the model’s decision-making
process, which is pivotal for the acceptance and the adoption of ML-driven
systems in clinical settings. Conversely, in our scenario, algorithms like Ad-
aBoost and Multi-Layer Perceptron (MLP) exhibited lower performance,
confirming that model selection should be guided by empirical evaluation
rather than theoretical assumptions. Systematic performance comparisons
remain essential for identifying the optimal model for a given task.

The comparative analysis of different variations of the same data source
proved the instrumental role of integrating text extracted from diagnoses
in capturing subtle nuances not represented in structured data alone. This
is particularly relevant to leveraging the expertise of medical staff and the
outcomes derived from physical examinations. Although public health-
care systems differ significantly from private or partially-public settings,
limiting direct performance comparisons, our results align with prior in-
vestigations [118, 119, 120], which have demonstrated that text-derived
features may enhance predictive performance.

Further analysis identified factors significantly associated with pro-
longed stays, including the average LOS for previous admissions in the
same service and the number of transfers within the current hospitaliza-
tion. When incorporating text-derived features, the need for a multidimen-
sional geriatric assessment emerged as another key indicator for identify-
ing patients at high risk of pLOS. These findings underscore the potential
of machine learning to identify clinically relevant predictors of LOS and
pLOS, potentially informing patient management and resource allocation
strategies.

Lastly, our models leverage readily available data from institutional
Electronic Health Records (EHRs), collected within the first 24 hours of
hospitalization. This ensures that bed managers can swiftly employ them
as decision-making aids upon patient admission, improving the timeliness
of resource planning.

Despite its strengths, our study has certain limitations. First, its ret-
rospective nature, relying on historical data, may introduce potential se-
lection bias. Second, to prioritize real-world applicability and early predic-
tion, we excluded less readily accessible data like vital signs and laborat-
ory results, which could limit model accuracy. Incorporating more granular
clinical data, such as specific medical interventions, might provide valuable
insights and reduce prediction errors. On the other hand, the delayed avail-
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ability and inconsistent collection of such information across departments
(e.g., long-term care, rehabilitation) could constrain the model’s applic-
ability. Moreover, although clinical parameters are essential for patient
monitoring, their direct impact on long-term outcomes like prolonged LOS
(measured in days) might be less pronounced. Finally, while our study
focused on data from a single public hospital to ensure a controlled en-
vironment and detailed analysis, its monocentric design restricts external
validation. However, this limitation aligns with the documented influ-
ence of structural, organizational, and administrative factors on LOS, sug-
gesting that a tailored approach, guided by our core framework, might
be more appropriate than a one-size-fits-all solution. Nevertheless, the
machine learning algorithms leveraged, including ensemble methods and
text-derived features, are readily adaptable to diverse healthcare contexts.
Additionally, the selected features are commonly available in most hospital
information systems. This combination creates a lightweight yet valuable
template that can be applied in diverse settings, acknowledging healthcare
system diversity while providing an adaptable tool for LOS prediction. As
additional Italian hospitals join this research, a more exhaustive assessment
of the model’s generalizability will be possible.

As a final consideration, the integration of Continuous Learning tech-
niques represents a promising avenue for enhancing LOS prediction over
time. By automatically labeling new hospital stays using their actual
discharge dates, sourced from official administrative records such as the
Hospital Discharge Register (Scheda di Dimissione Ospedaliera, SDO),
the system could benefit from periodic retraining of models with fresh,
labeled data. This approach would not only augment predictive perform-
ance but also mitigate the effects of data drift caused by evolving hospital
workflows, patient demographics, clinical practices, and unforeseen events,
thereby creating a robust, future-proof asset for optimizing resource alloc-
ation across diverse hospital environments.

4.7 Final Remarks

This study provides evidence that ensemble-based prediction models out-
perform traditional techniques in forecasting LOS and identifying gen-
eral inpatients at high risk of prolonged LOS across diverse services and
wards. While the individual machine learning algorithms employed are
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well-established, our novel contribution lies in the unique combination of
these methods for LOS prediction. Our core methodology’s reliance on
readily available EHR data, coupled with algorithms that do not neces-
sitate resource-intensive procedures or specialized hardware, promotes its
practical integration into various healthcare settings and workflows, serving
as a second-opinion tool to support both medical staff and healthcare man-
agement in their daily tasks.

A notable achievement was the preliminary embedding of our inference
model into the EBMS employed at Ospedale di Sassuolo. By leveraging
a combination of RESTful APIs and HL7 messaging, this integration sig-
nificantly enhanced the user experience for bed managers involved in the
experimental phase. Beyond providing a comprehensive visual representa-
tion of bed occupancy and availability across departments, the augmented
version of the EBMS delivers predictive insights into expected LOS for each
patient, particularly for those at high risk of prolonged hospitalization.
Early identification of such patients allows healthcare providers to imple-
ment targeted interventions proactively, including closer monitoring and
timely discharge planning, potentially mitigating the incidence of protrac-
ted stays. This preemptive approach can contribute to smoother patient
flow, increased bed availability, a lower rate of rescheduled interventions,
improved patient satisfaction, and, ultimately, reduced overall healthcare
expenditures. The successful deployment of this technology within exist-
ing hospital infrastructure is particularly noteworthy given the context of
Ttaly’s digital landscape. As reported in the European Commission’s recent
report on the digital decade, the adoption of new technology stacks in Italy
remains below 5%, attributed to a generally weak technological ecosystem
and limited investment [121]. Our results emphasize the priority for hos-
pitals to embrace adaptation and innovation to meet the demands of an
aging population with chronic conditions, while containing costs and op-
timizing resources to ensure the sustainability of public healthcare services
for future generations.



Chapter 5

Prediction of Prolonged
Length of Stay in
Emergency Departments

Overcrowding in Emergency Departments (EDs) is a pressing concern
driven by high patient demand and constrained resources. Prolonged
Length of Stay (pLOS), a major contributor to this congestion, can lead
to adverse outcomes, including patients leaving without being seen, subop-
timal clinical care, increased mortality rates, provider burnout, and escal-
ating healthcare costs. This chapter investigates the application of various
Machine Learning (ML) algorithms to predict both LOS and pLOS in EDs.
By identifying patients at high risk of pLOS, healthcare professionals
can proactively implement strategies to expedite care, optimize resource
allocation, and ultimately improve patient outcomes and ED efficiency,
promoting a more effective and sustainable public healthcare delivery.

5.1 Introduction

Emergency Departments (EDs) play an essential role within the public
health infrastructure, functioning as the primary point of access for emer-
gency and urgent medical care on a continuous basis (24/7). Staffed by
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highly qualified physicians, EDs provide comprehensive evaluation and
treatment for a wide range of illnesses and injuries.

The inherent unpredictability of emergencies necessitates a flexible ap-
proach within these departments, as activities cannot be predetermined.
Patients may self-present or arrive by emergency vehicle, requiring a diverse
array of treatments to address their individual needs. As a result, ED over-
capacity poses a major global challenge to healthcare systems, primarily
due to the widening gap between the ever-increasing demand for emergency
services and the limited resources available. This imbalance is further com-
pounded by an ageing population and rigorous cost-containment policies.

The effects of ED overcrowding are multiple, ranging from extended
wait times and delayed treatment to ambulance rerouting and higher ex-
penditures for hospitals. Additionally, overcrowding is associated with an
escalating incidence of patients leaving the ED without physician consulta-
tion due to dissatisfaction with prolonged wait times [122, 123]. Addressing
these challenges requires a comprehensive approach, combining effective
triage systems and strategic resource allocation. Over the past two dec-
ades, EDs have been implementing initiatives like specialized Fast-track
models [124, 125, 126], and Short-Stay Observation (SSO) units [127, 128].
Despite these interventions have demonstrated benefits, there remains sub-
stantial potential to further optimize ED resource management through the
integration of accurate Length of Stay (LOS) prediction tools at the triage
stage, an innovation that is currently lacking in many healthcare systems.

ED-LOS, defined as the time elapsed from a patient’s arrival in the ED
to their departure (encompassing discharge, transfer to another health-
care setting, or admission to a medical ward), is influenced by numerous
variables. These include hospital organization, staffing levels, triage pro-
cedures, the need for consultations or advanced imaging [129], bed availab-
ility [130], and patient characteristics like age, sex, and comorbidities [131].
Prolonged LOS (pLOS) in EDs is not merely symptomatic of overcrowding
but also a contributing factor, leading to deterioration of clinical conditions
for waiting patients [132, 133], higher mortality rates [134], and severe pro-
vider burnout [135, 136]. The development of predictive models to forecast
ED-LOS upon triage completion represents an emerging area of research.
The application of analytics and Machine Learning (ML) techniques holds
significant promise for early identification of patients at elevated risk for
pLOS, enabling targeted interventions to prevent complications, streamline
care processes, and ensure timely transitions between care settings. Such
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a proactive approach not only helps alleviate the adverse effects of over-
crowding but also safeguards the long-term effectiveness and sustainability
of EDs within the public health network. The ojective of this study was to
design ML-based models for predicting ED-pLOS in general patient popu-
lations. Multiple algorithms were compared to identify the most effective
models, examining the impact of different LOS thresholds. Additionally,
key features influencing predictions were analyzed.

5.2 Related Works

Recent applications of ML models for predicting LOS in healthcare settings
have evidenced their potential in dealing with the inherent complexities of
Emergency Departments, where conventional statistical techniques often
struggle due to their sensitivity to outliers and reliance on linearity as-
sumptions.

Rahman et al. [137] utilized a decision tree encompassing 33 attributes
to identify patients at risk of prolonged ED-LOS (defined as LOS exceeding
4 hours) in an Australian public hospital, achieving an accuracy of 85%.
Similarly, Etu et al. [138] employed gradient boosting to predict ED-pLOS
for COVID-19 patients in a Michigan hospital, attaining an accuracy of
85% as well. D’Etienne et al. [139] developed a two-step predictive model
for early detection of extended ED-LOS (>16 hours), demonstrating 67.8%
accuracy. Walsh et al. [140] applied Artificial Neural Network (ANN) to
forecast ED disposition for infants with bronchiolitis, considering patient
demographics and medical tests, reporting an accuracy of 81%. Benevento
et al. [141] evaluated various regression techniques for projecting waiting
times in two EDs located in northern-central Italy. Their approach in-
corporated data on new arrivals and queue status to improve prediction
accuracy, reaching a Mean Absolute Error (MAE) ranging from 20.8 to
26.2 minutes in one hospital and 46 to 53.1 minutes in the other. Ricciardi
et al. [142] explored multiple ML algorithms to predict prolonged ED-LOS
(> 3 hours) in a university hospital in Salerno, Italy, with Random Forest
performing with the highest accuracy (74.9%).

The importance of feature selection in predicting ED-LOS has been re-
cognized in other works. For example, Azari et al. [143] proposed a frame-
work that integrates data mining and class imbalance learning to estimate
prolonged LOS (>14 hours). Similarly, Naemi et al. [144] emphasized the
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critical role of handling missing values and data skewness in LOS predic-
tion, for both regression and classification tasks, yielding an AUC-ROC
between 66% and 82%, respectively.

Despite extensive efforts in developing predictive models for prolonged
length of stay in EDs, a key challenge remains the lack of a standardized
definition for pLOS, with thresholds varying considerably across studies
(3-24 hours). This inconsistency hinders the comparability of research
findings, making it difficult to draw definitive conclusions about the ef-
fectiveness of different prediction models. Our study aims to address this
gap by applying ML models to predict pLOS across multiple thresholds,
thereby assessing the impact of choosing the most appropriate cut-offs.
Notably, our approach leverages readily available data obtained after nurs-
ing assessment, such as demographics, triage codes, ICD-9 codes, and ED
status metrics.

5.3 Materials and Methods

5.3.1 Data Selection and Inclusion Criteria

This retrospective study was conducted in collaboration with Ospedale di
Sassuolo S.p.A., a secondary-level hospital situated in Emilia-Romagna,
Italy, whose Emergency and Admission Department records an average of
40,000 annual visits.

We examined a dataset of 32,967 encounters, representing 24,829 unique
patients discharged between November 2022 and January 2024. All visitors
had a minimum documented length of stay in the ED of one hour. Data
included information on patient demographics, clinical features, and access
details. A summary of patient characteristics is presented in Table 5.1.

To mitigate potential biases and ensure data quality and integrity, we
excluded patients deceased upon arrival, visitors who left without being
seen (0.27% of the dataset), and sixteen outliers with stays exceeding the
99.95th percentile of the LOS distribution (corresponding to 54 hours).

Historical information from each patient’s prior encounters, along with
several fundamental ED metrics, was integrated to enrich the original data-
set, including:

— Patient-specific factors: the number of previous visits within the
last month (particularly those requiring SSO or involving critical
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Table 5.1: Patient Characteristics for ED-LOS Prediction.

# Feature Total Type
Patient demographics

1  Seniority (age divided into 10-year groups) 32,967 Categorical
2  Gender (M/F) 32,967 Categorical
3  From outer province? (Y/N) 32,967 Boolean

4 From outer administrative district? (Y/N) 32,967 Boolean
Information from current access

5 Admission month (1-12) 32,967 Categorical
6  Admission day of week (1-7) 32,967 Categorical
7  Admission on weekend (Y/N) 32,967 Boolean

8 Admission on working day (Y/N) 32,967 Boolean

9  Admission during night-time (11PM-5AM)? (Y/N) 32,967 Boolean

10 Access type 32,967 Categorical
11 Arrival mode 32,967 Categorical
12 Treatment 32,967 Categorical
13 Specialty 32,967 Categorical
14 Fast-track? (Y/N) 32,967 Boolean
Clinical information

15 Acceptance reason 32,967 Categorical
16 Main problem 32,967 Categorical
17 Main problem category 32,967 Categorical
18 Main diagnosis (ICD-9) 32,967 Categorical
19 Main diagnosis notes (text) 32,967 Text

20 Secondary diagnosis (ICD-9) 32,967 Categorical
21 Diagnosis count 32,967 Numeric
22 Suspected COVID-19? (Y/N) 32,967 Boolean
23 Suspected violence? (Y/N) 32,967 Boolean
24 Work-related injury? (Y/N) 32,967 Boolean
25 Triage code (arrival) 32,967 Categorical
26 Assessment count 32,967 Numeric
ED metrics

27 Current patients count 32,967 Numeric
28 Current patients count w/ RED triage code 32,967 Numeric
29 Current patients count w/ ORANGE triage code 32,967 Numeric
30 Current patients count w/ GREEN triage code 32,967 Numeric
31 Current patients count w/ BLUE triage code 32,967 Numeric
32 Current patients count w/ WHITE triage code 32,967 Numeric
33 Overall accesses count (prior 24 hr.) 32,967 Numeric
34 Overall average LOS (prior 12 hr.) 32,967 Numeric
35 Overall average LOS w/ RED triage code (prior 12 hr.) 32,967 Numeric
36 Overall average LOS w/ ORANGE triage code (prior 12 hr.) 32,967 Numeric
37 Overall average LOS w/ GREEN triage code (prior 12 hr.) 32,967 Numeric
38 Overall average LOS w/ BLUE triage code (prior 12 hr.) 32,967 Numeric
39 Overall average LOS w/ WHITE triage code (prior 12 hr.) 32,967 Numeric
Information from previous accesses

40 Patient prev. accesses count (prior 30 days) 32,967 Numeric
41 Patient prev. accesses average LOS (prior 30 days) 32,967 Numeric
42 Patient prev. accesses total LOS (prior 30 days) 32,967 Numeric
43 Patient prev. accesses w/ SSO count (prior 30 days) 32,967 Numeric
44 Patient prev. accesses w/ RED triage code count (prior 30 days) 32,967 Numeric
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conditions) and the average and total length of stay during previous
visits.

— Department context: the number of patients present at the time of
admission (total and by triage code) and the total number of patients
admitted in the preceding 24 hours.

— Temporal trends: the average LOS for all patients admitted to the
ED within the last 12 hours (total and by triage code).

The inclusion of department context and temporal trends was particularly
aimed at capturing potential patterns within the ED environment.

Short-Stay Observation posed a methodological challenge. Patients un-
dergoing SSO necessitate extended monitoring, typically ranging from 6 to
44 hours [145]. As these individuals remain under ED supervision, their
LOS encompasses the observation period, thereby inflating the overall met-
ric. Although SSO instances comprise only a small portion of the dataset
(3%, with a mean LOS of 16 hours), excluding them could introduce bias,
as they do not qualify as statistical outliers. Furthermore, despite nearly
75% of SSO patients enter the observation period within four hours from
access, indicating early decision-making regarding their disposition, the
necessity for SSO cannot be reliably determined at the time of admission.
Guided by these considerations, we retained Short-Stay Observations while
omitting any variable directly indicative of SSO status.

A similar challenge arose with Fast-track accesses, which represent a
considerable portion of the dataset (19%). These pathways are specific-
ally designated for patients exhibiting mild symptoms and lower acuity,
resulting in shorter LOS (less than four hours). While their inclusion
was debated due to the potential skewing of the average LOS, we opted
to retain them, as Fast-track routes are integral to ED operations. Fur-
thermore, despite a shorter average length of stay, individual Fast-track
patients can still experience significant variation in their respective LOS.
Including these patients allows for a more comprehensive analysis of factors
influencing LOS in the ED.

The triage codes analyzed in this study adhered to the Italian five-tier
numerical priority system (Table 5.2), ranging from 1 (most critical) to
5 (non-urgent), with a corresponding color-coded scheme (1=Red, 2=0r-
ange, 3=Light Blue, 4=Green, 5=White). This system provides indica-
tions of maximum waiting times for care pathway initiation, which vary
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by priority code, with immediate access granted for emergencies and up to
240 minutes for non-urgent cases. Notably, these waiting times represent
only a portion of the overall length of stay.

Table 5.2: ED Priorities and Maximum Waiting Times.

Priority Color . . irs Maximum
Code Code Designation Definition Wait Time

1 Red Emergency Interruption or compromise of vital func- Immediate

. Access
tions.
2 Orange Urgency Risk of vital function impairment, stable 15 min.
condition with potential deterioration or
severe pain.
3 Iéllg‘ilct Dgﬁeirsgz)le Stable condition without risk of deteri- 60 min.
gency oration, discomfort affecting the general
state, often requiring complex care.
4 Green Minor Stable condition without risk of deteri- 120 min.
Urgency . K . .
oration, typically requiring simple mono-
specialist, diagnostic or therapeutic ser-
vices.
5 White Non-Urgent Non-urgent problem with minimal clin- 240 min.

ical relevance.

5.3.2 Descriptive Statistics

An initial quantitative analysis of the data revealed several key findings.
Pediatric patients (0-5 years old) were the most frequent visitors, followed
by adults in two age groups (28-33 and 50-60 years). Gender distribu-
tion among admissions was relatively balanced. Nearly 27% of patients
originated from outside the hospital’s province, with a further 11% resid-
ing within the province but outside the immediate administrative district.
Admissions followed a distinct daily pattern, with peak volumes occurring
during morning hours (8:00-11:00 and 12:30-14:30). Weekly distribution
was fairly consistent, with a slight increase on Mondays. A seasonal trend
was also evident, with admissions peaking in November, December, and
January. Nearly 20% of admissions were expedited through Fast-track
processes, particularly in pediatrics and obstetrics. Triage assessments
revealed that the majority of patients presented with low (61.8%) or de-
ferrable (26.8%) criticality. Almost 9% of patients required secondary as-
sessment, and approximately 10% had a recent history of ED visits within
the previous month. Roughly 7% of patients required hospitalization after
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assessment.
Subsequent examination identified notable relationships between the
length of stay in ED and other covariates, including:

— Admission Status and Disposition. Patients with protected discharge
(e.g., transfers to nursing or rehabilitation facilities, support through
home care services, or detailed post-discharge care plans) experienced
the shortest LOS, whereas those awaiting hospitalization tended to
have prolonged stays as a result of extended observation periods or
delays in bed availability. Subjects transported by ambulance or
medical cars generally recorded longer stays, suggesting a potential
correlation between mode of arrival and the need for more extens-
ive evaluation and treatment. Interestingly, individuals admitted
from correctional facilities exhibited shorter LOS, possibly due to
heightened safety concerns.

— Fast-Tracking. Fast-track admissions demonstrated significantly
shorter LOS (1.3 £ 1.0 hour) compared to standard admissions (3.7
+ 3.8 hours). This confirms that implementation of Fast-track path-
ways is an effective strategy to reduce patient wait times and poten-
tially enhance overall hospital efficiency. Specifically, the pediatric
fast track was highly active during the weekend, when family pedi-
atricians are off duty.

— Main problem. Conditions such as withdrawal syndrome, depression,
suicide attempts, and substance overdose were linked to longer stays.
Notably, substance abuse-related admissions had markedly longer
LOS (6.4 + 6.8 hours), reflecting the need for intensive detoxific-
ation, withdrawal management, or behavioral health complications
requiring extended monitoring. Admissions due to self-harm and sui-
cide attempts also showed longer LOS, likely due to the severity of
the condition, the necessity of specialized care, and the involvement
of social support systems. In contrast, gynecological and obstetric
admissions were resolved more swiftly.

— Triage Code and Patient Acuity. The mean length of stay varied ac-
cording to triage categories. Patients assigned a White triage code re-
ported expeditious stays, with an average duration of 2.5 + 2.2 hours.
Those with a Green triage code had slightly longer stays, averaging
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2.7 £ 2.5 hours. As the triage severity increased, so did the duration
of ED stay. Encounters classified under the Red triage code had a
mean LOS of 3.7 £ 4.6 hours, Light Blue admissions averaged to 4.0
+ 4.3 hours, and Orange triage cases exhibited the longest mean LOS
of 4.8 £ 5.6 hours. These findings, though seemingly counterintuit-
ive, reflect the complex dynamics of ED operations. While Red and
Orange triage cases receive immediate medical attention, their over-
all LOS tends to be longer due to the complexity of their conditions,
which often require extensive diagnostic procedures and treatments.
Conversely, White and Green triage cases, despite potentially exper-
iencing longer waiting times for initial assessment, generally result
in shorter overall LOS, as they typically require fewer resources and
interventions after evaluation.

— 850 and Hospitalization. As anticipated, undergoing Short-Stay Ob-
servation increased LOS, with the majority of patients associated
with Orange and Light Blue triage codes. Furthermore, while pa-
tients subsequently admitted to Pediatrics and Obstetrics depart-
ments exhibited shorter ED-LOS, those admitted to Long-Term Care
experienced longer stays in the ED, possibly due to bed availab-
ility shortage, complex medical needs, and bureaucratic processes
involving social work assessments and coordination with other facil-
ities.

— Age. Younger patients (0-6 years) experienced shorter stays, whereas
LOS increased slightly for patients aged 45 and older. This pattern
likely reflects the complexity of medical conditions and comorbidities
associated with advancing age.

— Reassessments and Complezities. Cases requiring reassessment pre-
dictably resulted in longer stays in the ED due to waiting times
for test results, availability of specialists, changing clinical condi-
tions, and unforeseen complications. Patients with multiple ED vis-
its within the previous 30 days (so-called “frequent flyers”) were also
associated with higher LOS, suggesting the presence of chronic con-
ditions, complex medical cases, or social factors contributing to re-
current visits to the ED and extended stays.

The analysis indicates that ED-LOS is significantly influenced by three key
components: individual patient characteristics, admission-related factors,
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and ED operational variables. Understanding these relationships offer valu-
able guidance for improving both patient care delivery and resource man-
agement.

5.3.3 Datasets and Model Development

Building upon the experiments in Chapter 4, this investigation utilized
a dual-dataset methodology. Dataset A consisted exclusively of struc-
tured data, including patient demographics, clinical details, and admission-
related information. Dataset B incorporated supplementary features
derived from free-text triage notes documented by nursing personnel.
The analysis of triage notes —aimed at extracting potentially valuable
information— involved removing common stop words and non-specialized
terms, tokenizing the text into manageable units, and generating embed-
dings using a pre-trained Italian BERT base model (XXL uncased vari-
ant). To reduce computational complexity, Principal Component Analysis
(PCA) was applied to the embeddings in Dataset B, limiting dimension-
ality to 100 primary components. Standardization of numerical variables
and one-hot encoding of categorical features into binary indicators were
achieved through a preprocessing pipeline, ensuring consistent feature scal-
ing prior to model development.

A total of twelve classification algorithms was utilized to forecast ED-
LOS as a multi-class target, categorized into three intervals (1-4 hours, 5-8
hours, >8 hours). The same classifiers were subsequently used to predict
pLOS at four distinct thresholds (4, 6, 8, and 12 hours). To enhance
predictive accuracy and mitigate biases associated with individual models,
ensemble methods such as Voting and Stacking were also implemented. A
detailed description of the models used can be found in Appendix C.

Both datasets A and B were randomly partitioned, with 80% (n =
26,373) allocated for training and 20% (n = 6,594) reserved as a hold-
out validation set. Model evaluation employed a five-fold cross-validation
strategy to identify top-performing classifiers, followed by systematic hy-
perparameter optimization using a grid search approach. Classification
performance was assessed using a comprehensive suite of metrics, including
accuracy, precision, recall, F1-score, and area under the receiver operating
characteristic curve (AUROC). Final model performance was evaluated on
the independent test set.
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Classification Models.

Adhering to international guidelines for patients presenting to the Emer-
gency Department, the Italian Ministry of Health recommends establishing
a clinical diagnosis within a maximum of four hours [145]. Additionally, for
patients requiring hospitalization, the total length of stay in the ED should
not exceed eight hours from the time of initial evaluation [146]. These dir-
ectives apply even in cases of complex clinical presentations and aim to
facilitate effective management of the diagnostic-therapeutic pathway. In
alignment with these benchmarks, our study stratified ED admissions into
three distinct LOS categories:

— Group 1: LOS < 4 hours (26,392 admissions)
— Group 2: 5 < LOS < 8 hours (5,205 admissions)
— Group 3: LOS > 8 hours (1,370 admissions)

Binary Classification Models.

To further analyze ED stays, we investigated binary classification models to
distinguish between “short” and “prolonged” LOS. Four pLOS thresholds,
commonly employed in the literature, were considered: 4, 6, 8, and 12
hours.

The significant disproportion in the dataset (Table 5.3) between the
majority class (patients with a “short” length of stay) and the minority
class (patients with a prolonged LOS) presented a potential challenge. In
such scenarios, models are prone to overfitting to the majority class, which
can hinder their ability to correctly identify instances in the minority class,
ultimately resulting in skewed and potentially misleading accuracy metrics.

Table 5.3: Different Thresholds Considered for ED-pLOS Definition.

Threshold Patients with Mean LOS Std. Dev. Total
LOS > cutoff (%) (hours) (hours) encounters

4 hours 6,575 (20%) 8.00 5.58 32,967

6 hours 2,735 (8.3%) 11.71 7.15 32,967

8 hours 1,370 (4,2%) 16.05 8.00 32,967

12 hours 751 (2.3%) 21.05 7.79 32,967
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Both ADASYN (ADAptive SYNthetic sampling) and SMOTE (Syn-
thetic Minority Over-sampling TEchnique) techniques were evaluated to
balance the class distribution by synthesizing new data points for the
minority class. However, no significant improvement was observed follow-
ing oversampling —likely due to the inherent ability of ensemble methods
to effectively mitigate the effects of class imbalance. Consequently, these
techniques were excluded from the final evaluation. For methodological
consistency, the prediction of pLOS employed the same algorithms and
performance metrics as those used in the multi-class LOS analysis.

5.4 Results

5.4.1 Classification Models

When applied to Dataset A (Table 5.4), the StackingClassifier demon-
strated superior performance in predicting ED-LOS (accuracy 88.60%, F1-
score 87.86%, AUROC 94.16%). The LGBMClassifier, XGBClassifier, and
CatBoostClassifier followed closely behind. Similar performance patterns
were observed with Dataset B, where StackingClassifier again emerged as
the top performer (accuracy 87.64%, Fl-score 86.77%, AUROC 93.51%).

Table 5.4: Results of tuned models on datasets A and B (multi-class clas-
sification task).

Dataset A Dataset B

Model Acc. + F11 A.ROC 1 A.PRC T Acc. T F11T A.ROC T A.PRC 17

Stacking 0.886 0.879 0.942 0.820 0.876 0.868 0.935 0.802
LGBM 0.880 0.871 0.940 0.811 0.872  0.862 0.935 0.798
XGB 0.878 0.868 0.939 0.810 0.874  0.864 0.934 0.800
CatBoost 0.875 0.866 0.935 0.805 0.876  0.867 0.933 0.797
Voting Soft  0.877  0.865 0.938 0.812 0.873  0.860 0.933 0.802
GB 0.874 0.864 0.932 0.786 0.873 0.862 0.930 0.784
MLP 0.860  0.858 0.911 0.750 0.858  0.855 0.912 0.745
RF 0.867  0.851 0.929 0.789 0.849  0.823 0.909 0.745
LR 0.866  0.849 0.911 0.733 0.865 0.847 0.909 0.731
DT 0.863 0.848 0.910 0.727 0.864 0.849 0.909 0.725
KNN 0.844 0.813 0.864 0.676 0.834 0.796 0.844 0.643
AdaBoost 0.842 0.812 0.909 0.695 0.842 0.812 0.909 0.695

Legend: LGBM (LightGBM), XGB (XGBoost), GB (Gradient Boost), MLP (Multi-Layer
Perceptron), RF (Random Forest), LR (Logistic Regression), DT (Decision Tree), KNN
(K-Nearest Neighbors).
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While accuracy is a less reliable metric for imbalanced datasets, as in
the current case, the Area Under the Precision-Recall Curve (AUPRC)
effectively captures the trade-off between precision and recall, a critical
consideration when modeling infrequent yet impactful events like extended
stays. Notably, the inclusion of embedded representations derived from
free-text notes did not result in performance improvement. This unex-
pected finding may be attributed to constraints in BERT’s ability to cap-
ture the nuances of medical language specific to ED triage notes. These
limitations could manifest as misinterpretations of abbreviations, medical
jargon, and local conventions within the notes, hindering the model’s capa-
city to fully grasp their semantic meaning. Existing biomedical language
models such as BioBERT or Clinical BERT, which have demonstrated ef-
fectiveness through fine-tuning, are not currently trained on Italian cor-
pora. Moreover, an analysis of a representative sample of several hundred
triage notes revealed partial redundancy, as much of the information con-
tained within the unstructured text was already present in Dataset A.
Consequently, incorporating this information would likely offer minimal
incremental predictive power and could instead introduce noise into the
modeling process.

Feature importance analysis using the XGBoost classifier on Dataset A
identified several key factors influencing ED-LOS (Figure 5.1). As expec-
ted, ED occupancy emerged as a significant contributor to extended LOS.
Treatment modality was also influential: general treatment, typically in-
volving more extensive procedures, contrasted with Fast-track processing,
which generally correlated with shorter stays due to its focus on less severe
cases. Temporal factors, including admission hour and day of the week,
were found to affect LOS, potentially due to variations in staffing levels,
availability of diagnostic services, and overall ED workload. Patient age
was a critical determinant, with pediatric cases frequently receiving prior-
itized treatment, which impacted LOS. Specific diagnoses and conditions,
such as orthopedic issues, gastrointestinal complaints, and lower back pain,
required extensive evaluation, resulting in longer stays. Cardiac-related
conditions, like angina, also necessitated thorough assessment, contribut-
ing to prolonged LOS. Triage levels were another important factor, with
higher severity categories (e.g., orange, red) typically entailing more com-
prehensive care, thus increasing LOS. Insurance status, particularly cov-
erage by the Italian National Institute for Insurance against Accidents at
Work (INAIL) correlated with specific injury types and treatment proto-
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cols, leading to extended stays. Patients suspected of COVID-19 infection
also experienced longer LOS due to additional testing and isolation meas-
ures.

Top 50 feature importance for XGBClassifier

ed_access_count_other_than_current
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main_problem_category_GASTRO-INTESTINALE
arrival_mode_desc_ AUTONOMO
admission_date_month_1
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Figure 5.1: Feature Importance for XGBClassifier on Dataset A (Multi-
Class Classification Task).

5.4.2 Binary Classification Models

Predicting ED-pLLOS involves a binary classification approach derived from
the multi-class classification task of ED-LOS: length of stay is converted
into a binary variable, distinguishing between short or typical LOS and
extended or prolonged LOS. For instance, using an average LOS threshold
(e.g., 4 hours), the task focuses on predicting whether a patient’s LOS will
exceed this threshold (pLOS) or not.

When assessing prediction of pLOS using a four-hour cutoff on Dataset
A, the XGBClassifier exhibited superior performance, achieving the highest
AUPRC, F1-Score, and AUROC. Given the moderately imbalanced dataset
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(20% positive class), the XGBClassifier proved optimal (Table 5.5).

Table 5.5: Results of Top-Performing Models on Dataset A (4h Cutoff).

Model Acc. T Precision T Recall T F1 T AUROC 1T AUPRC 1

XGB 0.906 0.826 0.670 0.740 0.938 0.843
CatBoost 0.906 0.834 0.659 0.736 0.938 0.842
Stacking 0.906 0.834 0.659 0.736 0.938 0.842
LGBM 0.904 0.821 0.660 0.732 0.938 0.841
Voting Soft  0.904 0.833 0.646 0.728 0.937 0.836

As the pLOS cutoff extended to six hours, class imbalance intensi-
fied (8.3% positive class). The LGBMClassifier achieved the highest F1-
Score, closely approaching the top performance in AUPRC and AUROC
(Table 5.6).

Table 5.6: Results of Top-Performing Models on Dataset A (6h Cutoff).

Model Acc. T Precision T Recall T F1 T+ AUROC 1t AUPRC 7

LGBM 0.958 0.860 0.585 0.696 0.963 0.808
XGB 0.957 0.868 0.565 0.684 0.964 0.812
CatBoost 0.955 0.848 0.563 0.677 0.961 0.806
Stacking 0.955 0.848 0.563 0.677 0.961 0.806
Voting Soft  0.955 0.870 0.539 0.666 0.963 0.807

For the eight-hour cutoff, characterized by severe class imbalance (4.2%
positive class), the XGBClassifier again excelled, yielding the best F1-score
and AUROC, while maintaining a competitive AUPRC (Table 5.7).

Table 5.7: Results of Top-Performing Models on Dataset A (8h Cutoff).

Model Acc. T Precision T RecallT F1 1T AUROC 1t AUPRC 7T

XGB 0.980 0.892 0.602 0.719 0.978 0.808
LGBM 0.980 0.887 0.602 0.717 0.977 0.811
CatBoost  0.978 0.883 0.551 0.679 0.975 0.804
Stacking 0.978 0.883 0.551 0.679 0.975 0.804
GB 0.978 0.898 0.544 0.677 0.969 0.784

In the twelve-hour cutoff scenario, the dataset became extremely imbal-
anced, with only 2.3% of instances belonging to the positive class. Despite
all top models achieving high accuracy (0.991), this metric was deemed
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unreliable for model selection. AUPRC was prioritized as the most critical
indicator, reflecting sensitivity to minority class prediction. XGBClassifier
once again demonstrated superior overall performance (Table 5.8).

Table 5.8: Results of Top-Performing Models on Dataset A (12h Cutoff).

Model Acc. T Precision T Recall T F1 T AUROC 1T AUPRC 1
XGB 0.991 0.896 0.687 0.777 0.991 0.857
LGBM 0.991 0.925 0.660 0.770 0.991 0.862
Voting Soft  0.991 0.951 0.647 0.770 0.990 0.848
MLP 0.990 0.815 0.707 0.757 0.985 0.819
CatBoost 0.990 0.914 0.640 0.753 0.987 0.832

The XGBClassifier consistently demonstrated robust performance
across all pLOS thresholds (4, 6, 8, and 12 hours). While other mod-
els, such as LGBMClassifier and VotingClassifierSoft, performed well in
specific scenarios, the robustness of XGBClassifier, particularly in hand-
ling highly imbalanced datasets, is noteworthy and suggests an optimal
balance between identifying patients at risk of prolonged stays (high re-
call) and reducing unnecessary interventions for patients not truly at risk
(high precision). In addition, calibration curves were generated for the
XGBClassifier at each cutoff to assess the alignment between predicted
probabilities and observed outcomes. Given that a diagonal line repres-
ents perfect calibration (i.e., predicted probabilities correspond exactly to
observed event frequencies), XGBClassifier proved well-calibrated for the
four-hour cutoff in Dataset A, with plot points closely clustering around
the ideal diagonal line (Figure 5.2).

AUC-ROC for XGBClassifier AUC-PR for XGBClassifier Calibration for XGBClassifier Mean predicted prob. for XGBClassifier
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Figure 5.2: AUROC, AUPRC, and Calibration Plot for XGBClassifier on
Dataset A (4h Cutoff).

However, as the threshold increased, the calibration curve worsened
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(Figure 5.3). Overestimation of mid to high-range probabilities became
evident at the eight-hour cutoff (Figure 5.4), escalating to severe miscalib-
ration at the twelve-hour cutoff (Figure 5.5). These findings indicate that,
in the examined context, the XGBClassifier is more reliable for short-term
(4- and 6-hour horizons) than for longer-term resource planning.
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Figure 5.3: AUROC, AUPRC, and Calibration Plot for XGBClassifier on
Dataset A (6h Cutoft).
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Figure 5.4: AUROC, AUPRC, and Calibration Plot for XGBClassifier on
Dataset A (8h Cutoft).
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Figure 5.5: AUROC, AUPRC, and Calibration Plot for XGBClassifier on
Dataset A (12h Cutoft).
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Consistent with the findings from the multi-class classification task,
incorporating embeddings from triage notes (Dataset B) did not improve
the results.

5.5 Discussion

This study employed a comprehensive machine learning approach to
identify factors influencing ED-LOS and to develop predictive models.
A comparative analysis of twelve algorithms revealed the superiority of
ensemble models in accurately forecasting LOS across three distinct cat-
egories (1-4 hours, 5-8 hours, >8 hours) and predicting the likelihood of
prolonged stays at four predefined thresholds (4, 6, 8, and 12 hours). The
combination of multiple individual algorithms into ensemble methods re-
duces bias while enhancing predictive performance [147, 148, 149]. In par-
ticular, ensemble models built upon decision trees offer clear visibility into
their reasoning process, supporting their potential integration into clinical
practice, where understanding the rationale behind predictions is essential.

While nearly all ensemble models exhibited high accuracy for the in-
vestigated ED, the XGBoost classifier demonstrated superior consistency
and a well-balanced trade-off between precision and recall. The inclusion
of queue-based indicators (both global and triage code-specific), repres-
enting real-time and historical ED status, significantly bolstered the mod-
els’ predictive capacity, underscoring the importance of considering oper-
ational contexts in LOS forecasting. Unexpectedly, embeddings derived
from free-text triage notes had minimal influence on model performance
in this ED setting, contrasting our previous findings on hospital admis-
sions [150]. This discrepancy may be partly attributed to the inclusion of
ICD-9 codes as features in the ED models, as these codes likely capture
relevant diagnostic information, diminishing the added value of textual em-
beddings. Our prior hospital LOS models did not include diagnosis codes,
rendering free-text notes more impactful.

Although this study focused on a specific ED, the underlying meth-
odology exhibits potential for broader applicability across diverse settings
with minimal site-specific adjustments. Notably, while Italian guidelines
recommend static triage code-based thresholds — primarily focused on ini-
tial nursing assessment and representing only a limited portion of the ED
experience — our model’s ability to forecast the entire LOS offers a more
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comprehensive and adaptive strategy for ED management.

This research acknowledges certain limitations. The retrospective
nature of the analysis may introduce selection bias, and the limited feature
set, despite favoring readily available data, excludes potentially valuable
information such as vital signs and laboratory test results. While incorpor-
ating these additional data points could refine predictions, it might reduce
the model’s transferability, creating a trade-off that requires careful consid-
eration. Additionally, the study’s single-center nature, drawing exclusively
from one emergency department, limits the scope of external validation. It
is important to note, however, that ED-LOS is a complex metric influenced
by institution-specific variables—including operational workflows, regional
governance, and available resources. Consequently, comprehensive gener-
alizability may not be entirely feasible or even optimal in this context.

Future efforts should prioritize model explainability, as ensemble mod-
els are often perceived as “black boxes” due to their complexity, and such
opacity is not an option in clinical decision-making. While many tree-
based ensemble models (e.g., Random Forest and XGBoost) provide built-
in feature importance scores to identify influential predictive variables,
advanced interpretability techniques, including SHAP (SHapley Additive
exPlanations), Partial Dependence Plots (PDPs), and Individual Condi-
tional Expectation (ICE) plots, offer more granular insights. SHAP values
decompose individual predictions by quantifying feature-specific contribu-
tions, helping clinicians understand the factors driving model outputs (e.g.,
patient age, diagnosis, admission type); PDPs visualize the marginal effect
of features on predicted outcomes, while ICE plots extend this analysis by
uncovering heterogeneous effects across individual patients.

To ensure consistent explainability across model of varying complex-
ity, additional strategies merit consideration. Model calibration should
present probabilities and risks in clinically familiar formats, such as confid-
ence intervals or probability thresholds, to integrate seamlessly with exist-
ing decision-making processes. Natural language explanations, potentially
generated by local language models, could translate model insights into ac-
cessible clinical interpretations—for instance, clarifying that advanced age
and prior ICU admission history are the primary determinants of a pre-
dicted extended stay. Additionally, regular training sessions for healthcare
professionals would both demystify model mechanics and generate valuable
feedback for improving explanatory frameworks and clinical utility.
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5.6 Final Remarks

According to the National Agency for Regional Health Services [151],
Italian Emergency Departments recorded a total of 18.27 million vis-
its in 2023, representing a 6% increase compared to 2022. As patient
volumes rise, staff efficiency diminishes, resulting in extended waiting
times. Moreover, overcrowding in EDs, often exacerbated by organizational
inefficiencies and personnel shortages [152], contributes to patients leaving
without receiving medical attention, elevated patient mortality and mor-
bidity rates, as extensively documented in the literature [153, 154, 155].

Predictive analytics, particularly when integrated into the triage pro-
cess, offer a viable solution to alleviate these challenges. Early identi-
fication and monitoring of patients at risk for prolonged LOS allows ED
administrators to initiate timely interventions, such as adjusting staffing
levels and refining patient triage and assessment protocols. For example,
the ability to anticipate which patients would benefit from SSO units can
improve operational planning.

In the contemporary landscape of constrained public funding, optimiz-
ing ED operations, preserving assets, and containing costs are critical pri-
orities. The proposed data-driven framework has the potential to enhance
resource management and foster proactive, targeted actions, particularly
for patients with severe conditions.



Chapter 6

MondrIAn: A First-Class
Data-Driven Platform To
Support Collaborative
Bed Management

Many of the experimental investigations presented in this dissertation
would not have been possible without the systematic collection and aggreg-
ation of clinical data, previously fragmented across diverse repositories —
both electronic and paper-based— characterized by significant constraints
in cross-system compatibility and integration.

This chapter illustrates a concrete example of digital transformation
implemented within an Italian public healthcare institution. The analysis
involved a preliminary assessment of the operational context and estab-
lished protocols, followed by a re-engineering of patient pathway manage-
ment processes. This revision was orchestrated to accommodate evolving
care and organizational needs, particularly notable in the post-pandemic
landscape, while enhancing procedural transparency and information dis-
semination.

Above all, this analysis documents an enriching journey that began two
years ago and is still ongoing.

89
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6.1 Background

Hospital bed management represents a critical determinant of healthcare
delivery efficiency and institutional economic performance. The inherent
complexity of managing bed availability and utilization has been primarily
amplified by demographic shifts, particularly population aging [156], and
dramatically highlighted during the COVID-19 pandemic, which exposed
the vulnerabilities in resource allocation systems when confronted with
sudden demand fluctuations.

Challenges in bed management stem from its extensive interplay with
multiple hospital departments and its influence on patient flow dynam-
ics. Ineffective management manifests in emergency departments conges-
tion, surgical procedure cancellations, suboptimal patient placements, and
prolonged hospitalizations [157]. These inefficiencies can trigger adverse
events, including increased medication errors, hospital-acquired infections,
and elevated mortality rates [158, 159]. Additionally, delayed discharges
impede proper patient flow [160, 161] from the emergency department and
throughout the hospital [162, 163], creating bottlenecks that compromise
care quality and patient safety.

The financial impact of bed mismanagement is substantial [164].
Length of stay (LOS) variations account for approximately 85-90% of hos-
pital cost differentiation among patients [165]. Notably, each day exceeding
the expected stay increases total costs by 10-12%, with intensive care unit
oversights being even more costly—approximately three times the standard
daily care expenses.

In addition, the organizational structure of healthcare institutions, tra-
ditionally characterized by departmentalization, often results in fragmen-
ted communication and decision-making processes, hindering the systemic
approach necessary for optimal bed utilization [166]. The complexity is
further compounded by the need for coordinated communication across
physically separated care teams, particularly in planning care progression
and discharge procedures.

While expanding operational capacity through infrastructure invest-
ment presents one solution pathway, it proves neither sustainable nor in-
definitely scalable [167].

The recent adoption of Electronic Bed Management Systems (EBMS)
has proven to be a significant advancement in addressing these chal-
lenges [168, 169, 170]. Such systems facilitate internal communication
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between medical personnel, allow for efficient bed allocation, and support
coordinated discharge planning. This technological approach aligns with
the principle of “think global, act local”, acknowledging that effective hos-
pital bed management requires both system-wide perspective and unit-level
execution.

However, successful implementation requires transformative shifts in
organizational culture, business models, and structural processes [171, 172].
To explore these dimensions, we conducted a collaborative study across
five Italian hospitals located within the same geographical region. The
synergy of combined effort, collective expertise, and decades of on-the-
ground experience led to the development of the first cooperative EBMS,
called MondrIAn.

This research is significant for two primary reasons. To our knowledge,
it represents the first initiative to involve multiple public healthcare facilit-
ies focusing on co-bed management. Secondly, it demonstrates how digital
transformation, beyond process optimization, can generate unprecedented
opportunities, leading to outcomes that surpass the sum of individual con-
tributions.

6.2 Related Works

The evolution of patient flow management systems within hospitals re-
flects a broader, ongoing digital transition in healthcare operations. Long-
standing approaches have historically relied primarily on paper records,
whiteboards, and scheduled meetings to monitor bed availability and pa-
tient journeys, resulting in information silos and demanding considerable
effort to maintain, particularly during unplanned events.

In recent years, healthcare institutions worldwide have increasingly ad-
opted digital tools to address these limitations.

Electronic Patient Journey Boards (EPJBs) represent an early advance-
ment in the visualization of patient care progress [173, 174]. Conventional
patient journey boards —typically positioned at nurses’ stations— necessit-
ated manual updates, whereas their electronic counterparts offer real-time
insights. Building upon the EPJB concept, some institutions have intro-
duced electronic hospital capacity dashboards (e-Dashboards) to facilitate
more comprehensive monitoring of patient pathways [175]. Despite these
contributions to better information display, the literature examining their
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effectiveness in hospital-wide patient flow management remains limited, as
these devices often operate in isolation and lack seamless integration with
other systems.

A different approach involves embedding discharge planning tools dir-
ectly into Electronic Health Record (EHR) systems. Standard EHR mes-
saging frameworks and discharge order entries, though essential, frequently
lack the capability for real-time, integrated communication among clinical
teams. By incorporating tools such as electronic discharge checklists [170]
and asynchronous reporting features, clinicians can track discharge readi-
ness and address potential barriers in a timely manner. Nonetheless, these
tools often provide only passive communication capabilities, limiting their
efficacy. Additionally, legacy EHR systems may prevent the integration of
external tools.

Other recent and remarkable developments include the implementation
of web-based Kanban solutions for bed management optimization [165].
Originally conceived in manufacturing to improve resource and task flow
efficiency, the Kanban framework has been adapted to healthcare set-
tings [177, 178], incorporating visual representations of bed allocation to
support workflow prioritization. Although the application of this meth-
odology has shown promising results in small- to medium-sized hospitals,
its effectiveness remains contingent upon strict adherence to established
protocols by staff, and may struggle in complex, dynamic environments,
particularly when dealing with inter-departmental task dependencies and
the potential oversimplification of patient data.

Electronic Bed Management Systems (EBMSs) address key communic-
ation and operational challenges associated with traditional, paper-based
approaches [179, 168]. Multidisciplinary teams, especially in critical care
settings, require synchronized and readily accessible evidence to make in-
formed bed management decisions. EBMSs provide centralized access to
bed status indicators, patient flow data, and resource allocation details, al-
lowing staff to prioritize patient care and reduce operational inefficiencies
caused by fragmented information and manual processes [169]. Neverthe-
less, the recent pandemic has emphasized the interconnected nature of
healthcare systems, with unprecedented demand for hospital beds high-
lighting the imperative for coordinated, region-wide strategies.

These considerations lay the groundwork for introducing a Cooperat-
ive Electronic Bed Management System (CEBMS)—a novel paradigm that
leverages a distributed platform for real-time, collaborative bed manage-
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ment among proximate public healthcare institutions, extending the capab-
ilities of traditional EBMSs and fostering regional coordination in patient
care delivery.

6.3 Methods and Intervention

6.3.1 Overview of Patient Flow and Bed Management

In healthcare, “patient flow” denotes the systematic progression of patients
through sequential care stages, departmental units, and provider interac-
tions within the continuum of care. Achieving effective patient flow hinges
on comprehensive management protocols that ensure appropriate bed al-
location based on clinical requirements, minimizing delays and unnecessary
diversions due to bed shortages [180, 160].

Bed management serves as an essential, equilibrating mechanism
between bed demand and supply, engaging all organizational levels—from
operational to strategic. Through bed management optimization, health-
care facilities can mitigate congestion while sustaining operational effi-
ciency, requiring continuous policy refinement to align with strategic ob-
jectives and institutional goals. The responsibilities of a bed manager
include real-time reporting and coordination of patient volume, bed occu-
pancy rates, and discharge forecasts in conjunction with anticipated ad-
missions [181]. Discharge forecasting, in particular, is fundamental, as bed
availability remains highly sensitive to patient admission and discharge
dynamics. While timely bed turnover facilitates seamless new admissions
when inpatients are ready for discharge, non-clinical factors —including
family unpreparedness and pending diagnostic results— may extend length
of stay, further complicating coordination efforts.

Emergency bed management introduces additional complexities. Given
the unpredictability of arrival rates, with historical averages and seasonal
experience often serving as primary decision-making tools, throughput in-
efficiencies in Emergency Departments (ED) emerge as primary contrib-
utors to hospital capacity constraints, leading to prolonged wait times,
heightened patient dissatisfaction, and potential transfers to alternative
facilities [182], underscoring the importance of accurate discharge predic-
tion.

Such complex interaction of interrelated processes requires a holistic,



94

Digital Transformation and ML Applied to Public Healthcare

rather than compartmentalized, analytical approach.

6.3.2 Case Study

The implementation of a novel Electronic Bed Management System was
assessed across five hospitals within the province of Modena, Italy.

The study commenced in March 2021 in partnership with Ospedale
di Sassuolo S.p.A., a healthcare facility operating under a hybrid public-
private management model. The hospital spans approximately 40,000
square meters, accommodates 246 beds (of which 9 in the intensive care
unit), employs 800 staff members, and primarily serves a population of
over 110,000 residents in the Sassuolo health district, with an average of
1,290 monthly discharges.

In March 2022, the investigation was extended to encompass four ad-
ditional public hospitals within a proximity network, organized under a
“hub-and-spoke” model governed by the Local Health Authority of Mod-
ena'. The participating facilities included Ospedale di Carpi (279 beds,
including 16 in intensive care), Ospedale di Mirandola (130 beds, 4 in in-
tensive care), Ospedale di Pavullo (123 beds), and Ospedale di Vignola (95
beds). Collectively, this network provides 873 available beds throughout
the Modena province”, equivalent to 2.88 beds per 1,000 inhabitants [183].
This figure is marginally below both the regional benchmark of Emilia-
Romagna (2.94 beds per 1,000 inhabitants) and the national average (3.1
beds per 1,000 inhabitants [184]), yet closely aligned with the World Health
Organization’s (WHO) recommended target of three beds per 1,000 inhab-
itants [185].

6.3.3 Study Design

The assessment of existing bed management protocols involved pairing two
researchers with at least one bed manager per facility, accumulating 200
hours of on-site review. The evaluation comprised 88 hours dedicated to
interviews, analysis, and requirements gathering, complemented by 112
hours of operational shadowing during the initial implementation phase.

1 Azienda Sanitaria Locale (ASL) di Modena.
2Neither the “Azienda Ospedaliera-Universitaria Policlinico di Modena” nor the
“Nuovo Ospedale Civile di Baggiovara” is included in the total bed capacity calculation.
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Scheduled visits were conducted across all departments integral to each
hospital’s bed management team, with approximately ten hours allocated
per facility for observation and inquiry. The qualitative analysis frame-
work included structured interviews with ten hospital bed management
administrators and three information technology managers. Supplement-
ary interviews with clinical and administrative staff provided insights into
their experiences with the discharge process and allowed for comprehens-
ive evaluation of existing tools and communication strategies used to share
information on discharge barriers and patient readiness.

This methodological approach facilitated the identification of both com-
mon patterns and divergent practices across the healthcare facilities under
study.

The requirements’ gathering phase was carried out through collaborat-
ive discussions with hospital management and bed management specialists,
leading to a development strategy that prioritized operational efficiency
while minimizing personnel overhead.

6.3.4 Settings and Context

Each of the hospitals under investigation employs two dedicated bed man-
agers, working in rotating shifts, to manage bed requests. The staff mem-
bers are responsible for coordinating bed allocation across various pathways
—from routine admissions and scheduled procedures to emergency cases—
while simultaneously monitoring projected patient discharges. Bed alloc-
ation requests primarily originate from internal wards, emergency care,
and external referrals (such as other regional healthcare facilities, nursing
homes, and residential care homes for the elderly). Although operating
independently, all hospitals participating in this study utilize the same ad-
ministrative software platforms to manage ED patient flow and admission-
discharge-transfer (ADT) workflows. However, each facility maintains its
own distinct system instance.

Upon receiving a request, managers evaluate both current bed availab-
ility and anticipated discharges. However, during the observational period
of the study, delays in ADT system updates were repeatedly noted, with
beds occasionally remaining marked as unavailable after patient discharge,
leading to deferrals in sanitization procedures. Interviews revealed that
the bed request workflow is generally perceived as time-consuming and
procedurally intensive by nursing staff, often subordinated to more urgent
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operational priorities. Despite the availability of Electronic Medical Re-
cords (EMRs), bed requests are frequently processed manually through
forms transcribed by administrative personnel, resulting in limited trans-
parency and necessitating multiple calls for bed availability confirmation.
In cases involving inter-facility transfers, where additional communication
is required to coordinate patient movements effectively, the process be-
comes even more cumbersome.

Initial comparative analysis highlighted organizational differences
among hospitals. The Ospedale di Sassuolo implemented a centralized
control room, where bed managers maintain phone contact with various
departments, acting as a central hub for bed requests. Conversely, other
hospitals adopted a hybrid approach, wherein designated areas supervise
non-critical beds, semi-critical beds, emergency care requests, and external
transfers. In these facilities, bed managers routinely visit departments,
personally assessing availability and identifying potential critical issues.

Historically, Ospedale di Sassuolo utilized a spreadsheet-based system
for managing bed allocations, which, over time, evolved to provide a
more accurate map of bed assignments across wards. Internal and
external transfer requests were similarly documented using dedicated
spreadsheets. At the conclusion of each business day (approximately 7:30
p.m.), a printed copy of the current bed status report was provided to
the on-duty emergency room medical staff, allowing them to promptly
assess bed availability in urgent situations. Other hospitals implemented
a decentralized system of interconnected spreadsheets, each maintained
independently by ward managers, though structural variations existed
across facilities. At the time of investigation, bed management procedures
relied on labor-intensive manual reconciliation of bed assignment spread-
sheets through comparison with ADT data, which also over-complicated
historical analysis and limited process improvement. Additionally, a few
departments leveraged manual whiteboards to track bed utilization and
patient details, leading staff to frequently circumvent the official ADT
system in favor of informal (and potentially outdated) communication
channels for obtaining updates. These practices encouraged information
silos, hindering real-time visibility and restricting occupancy awareness to
a ward-by-ward perspective, which ultimately compromised hospital-wide
bed management efficiency.

All contributing hospitals consistently employed operation manage-
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ment indicators to monitor bed flow, including:

— Hospital occupancy rate: the percentage ratio between the number
of patient-days and the number of bed-days within a given period.

— Mean length of hospital stay: the ratio between the total number of
patient-days and the total number of discharges within a specified
period, including deaths.

— Replacement interval indez: the average time a bed remains unoc-
cupied between the discharge of one patient and the admission of
another.

— Bed turnover the average number of patients per hospital bed, with
intensive care beds being an exception.

6.3.5 Limitations of the Current Approach

The research identified several critical operational inefficiencies in bed man-
agement processes across the participating healthcare institutions, as evid-
enced by interviews with bed managers, clinicians, and I'T managers.

A primary challenge involved the labor-intensive task of maintaining
near real-time synchronization of bed occupancy spreadsheets, wherein
staff were required to cross-reference ADT and ED systems twice daily.
Additionally, during off-hours, bed management responsibilities shifted to
ED physicians and department coordinators, requiring bed managers to
manually re-enter overnight changes upon their return—an effort typically
taking one to two hours. Despite these efforts, manual updates frequently
proved unreliable, necessitating direct departmental communication for
verification.

Preservation of historical data presented another substantial challenge.
Bed managers were tasked with creating daily backup copies of occupancy
spreadsheets, with any oversight risking the loss of critical records. Fur-
thermore, reconstructing patient flow movements was particularly com-
plex, especially in cases involving infections, as it required consultation
of multiple versions of spreadsheets—a process both time-consuming and
susceptible to error.

Limited coordination between wards and bed managers often led to
assignment errors, typically discovered hours later. Although bed man-
agers were expected to be notified of each bed change, urgent situations
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frequently disrupted communication. Technical limitations further com-
plicated the situation, as shared spreadsheets could become temporarily
inaccessible when left open by ward coordinators, forcing bed managers to
work on a local copy of the locked file.

Existing tools, including conventional whiteboards and spreadsheets,
lacked the comprehensive information needed to capture a complete view of
patient care and progress. Space constraints within spreadsheets prevented
the inclusion of crucial information (e.g., admission diagnoses), prompt-
ing the use of various color-coding and font conventions to convey crit-
ical information such as infections or pending discharges. Unfortunately,
these expedients varied across institutions and even among individual bed
managers, potentially leading to misinterpretation. In addition, structural
departmental bed rearrangements, even when transient, necessitated ex-
tensive spreadsheet reformatting, adding to the administrative burden.

Critical metrics, like length of stay and discharge timing, were updated
manually on a daily basis. Moreover, discharge planning lacked stand-
ardization and information was not consistently transferred when patients
moved between wards, necessitating data duplication. In a multidisciplin-
ary discharge process, the availability of shared and accessible information
is vital for efficient management. Systems that rely on manual, paper-
based, or spreadsheet-based methods prove demanding, impeding timely
communication while imposing administrative burdens that limit efforts to
streamline hospital operations. All the stakeholders consistently indicated
that real-time access to information would facilitate more expedient and
precise decision-making while reducing procedural overlaps.

Patient safety considerations emerged as another prominent theme,
with particular emphasis on infection surveillance capabilities, especially
concerning COVID-19 transmission.

IT managers identified organizational culture as the primary barrier to
digital transformation, particularly due to the need to alter some estab-
lished workflows. Concerns emerged about potential resistance from bed
management staff, who might perceive digital shift as a loss of control over
the process. Additionally, considering both the diverse technological back-
ground of the upcoming EBMS’s intended users and the primary focus of
healthcare professionals on patient care, an intuitive and efficient user in-
terface (UI) was identified as a priority, with redundant data entry deemed
unacceptable.

Building on these insights, development objectives for implementing a
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functional EBMS centered on three primary requirements:

— Enhanced visual clarity in presenting clinical information.

— Real-time dissemination of both clinically and operationally relevant
information across multidisciplinary teams.

— System configurability to accommodate local requirements.

A preliminary low-fidelity prototype was designed and presented to key
stakeholders (hospital and bed managers) for evaluation and iterative re-
finement. Feedback was systematically incorporated into subsequent modi-
fications, following an evidence-based design methodology. Leveraging the
in-depth local knowledge of multidisciplinary teams, the EBMS was de-
veloped to support both clinical and unit processes.

6.4 Implementation of the EBMS

6.4.1 System Design and Basic Features

A responsive web-based application was identified as the optimal imple-
mentation model, offering seamless accessibility across a heterogeneous ar-
ray of devices, including workstations, laptops, and tablets.

The application architecture follows the Model-View-Controller (MVC)
pattern, with a hierarchical data model in which rooms contain one or more
beds, wards comprise collections of rooms, and each ward is associated with
a specific facility.

Users can be assigned to one or more predefined groups (e.g., Bed Man-
ager, Hospital Administration, Emergency Room Staff, Ward Coordinat-
ors, IT Manager), each having distinct authorization levels. This approach
restricts access, visibility, and functionality based on role-specific permis-
sions. Furthermore, platform login is fully integrated with the organiz-
ation’s central authentication system, eliminating the need for users to
manage separate credentials.

Extensive efforts were devoted to interface design, iteratively developed
in collaboration with bed managers and hospital administrators, to ensure
a user-friendly, intuitive, and visually engaging experience.

Upon their first access, users are introduced to primary interactive areas
and key functionalities via a brief on-screen tutorial.



100

Digital Transformation and ML Applied to Public Healthcare

The homepage provides a detailed, high-fidelity visual map of wards
and bed locations, which supports visual memory and facilitates user ori-
entation. Ward layouts are pre-configured to reflect actual architectural
floor plans, yet modifications can be made through the EBMS administra-
tion interface to accommodate updates or changes in infrastructure.

Figure 6.1: Map of Wards and Bed Locations.

Initial data population of the dashboard, along with subsequent up-
dates, is ensured through integration with the Hospital Information Sys-
tem (HIS), leveraging HL7 interfaces connected to ER and ADT systems,
as well as regional patient registries.

Each ward area displays one or more beds, color-coded by gender—
blue for male, pink for female, and green for gender-neutral. For multi-bed
rooms, gender is automatically determined by the first assigned patient
—in compliance with single-sex room policies— and dynamically adjusted
upon discharge events.

The application employs a comprehensive set of icons and chromatic
elements to guide user attention, supplemented by explanatory tooltips
and contextual information accessible through hover interactions, thereby
eliminating the need for users to memorize visual conventions.

Occupied beds, represented by squares outlined in a color correspond-
ing to the occupant’s gender, encapsulate essential information within
a compact visual format, including discipline-specific icons, patient ini-
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tials, length-of-stay indicators (triggered upon exceeding ward-specific
thresholds), and various status markers (Figure 6.2). Visual cues high-
light specific conditions such as day hospital (DH) status, “bed blocker”
designations with explanations for delayed discharge, and pending trans-
fers to other wards or external facilities (e.g., other healthcare institutions
or elder care facilities).

Delayed discharge patient
primarily due to social issues,

admitted on November Patient scheduled for

transfer to Legnano Hospital
[ a0 ] 3rd, 2024 (18 days ago) on Friday, November 29, 2024
LoRo
A @ Fo
[:]

Figure 6.2: Color-Coded Bed Squares Showing Patient Data, Medical Spe-
cialty, and Transfer Status (Details).

Bed headers display both room and bed identifiers, with multiple dy-
namic chromatic variations to indicate specific alert conditions (Figure 6.3).
Examples include infection status, isolation requirements, bedridden or
end-of-life inpatients, and patients under short-stay observation (SSO).
Likewise, the bed footer features a multiple color-coded bar signaling rel-
evant information. For example, as a patient’s anticipated discharge date
approaches, the footer progressively intensifies in green, aiding rapid iden-
tification of imminent discharges.

Contact isolation
Structural isolation
Bedridden

o | 1
LoRo
A B R
)

(> Discharge within 2 days
(Tue Nov 19, 2024 14:00)

Figure 6.3: Color-Coded Bed Header and Footer Indicating Patient Risk
Alerts and Discharge Disposition (Details).

A comprehensive overview of the patient’s clinical status and condi-
tions is accessible via a descriptive pop-up, triggered by briefly hovering
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over the bed or tapping it on touch-enabled devices (Figure 6.4). This sup-
plementary view includes the inpatient’s full name and its Medical Record
Number (MRN), admission diagnosis, bed management annotations, re-
quests for multidimensional assessment, immunization status, and details
regarding admission from other healthcare facilities, districts, or regions.

40 (1) 40 (1) 40 (1)
A Patient in isolation Geriatrics-oriented A Patient in isolation A Patient in isolation
(contact and Structural) Medicine (contact and Structural) (contact and Structural)
2 Ger a. Ger CARDIOMEGALY IN PRESENCE
° ° OF A PACEMAKER (PM). LEFT
18¢ 18
(1sg) A (139) (4] BASAL HAZINESS. THICKENING
OF THE PULMONARY
Lo Prete/R LoPrete/R. INTERSTITIUM WITH MILD
#88y #88y Bedridden CONSOLIDATIONS.
% $ = Rouo & $ bem Bouo k== Fo -
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Figure 6.4: Patient Status Accessible via Hover or Tap (Details).

Unoccupied beds are depicted as rectangles containing a “+” sym-
bol, indicating readiness for patient assignment. Bed allocation can occur
automatically (via ADT system synchronization) or manually. In case of
manual allocation, the assignment can be performed in one of two ways:
by searching for the patient in the hospital registry and entering a minimal
set of clinical information, or by selecting the patient from a specific work-
list (Figures 6.5 and 6.6) and assigning them to the desired bed (either by
dragging the patient directly onto the target bed or by specifying the bed
manually).
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Figure 6.5: Patient Assignment from Scheduled Admissions List.
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Manual allocation is commonly used for transfer requests, such as those
originating from another facility or the emergency department.
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Figure 6.6: Patient Assignment Modal.

Similarly, transferring a patient to another bed within the same unit or
to a different department is managed automatically through ADT integ-
ration, or by simply dragging the patient to the new location. Automated
validation protocols support optimal patient placement, flagging potential
incompatibilities and high-risk scenarios during both initial assignments
and subsequent relocations. The system alerts against incompatible pa-
tient combinations, from mixed-gender rooms to placing “clean” individu-
als with those under isolation for infection control (Figure 6.7).

/ARNING! /ARNING! WARNING!
Operation not recommended Operation not recommended Operation not recommended
« The room is accupied by patients  The room is occupied by patients who + Gastroenterology ward overcapacity.
that are NOT in COVID-18 isolation are NEITHER bedridden NOR in contact Potential operational implications
« Mixed-gender room accomodation solation. warrant careful consideration.
Do you want to proceed anyway? Do you want to proceed anyway? Do you want to proceed anyway?
Yes, proceed anyway IR Yos,procoed anyway  [SERS] Yes, proceed anyway  [EEKSESH]

Figure 6.7: Automated Alerts for High-Risk Bed Assignments (Details).
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This systematic approach minimizes reliance on arbitrary decisions,
thereby reducing the likelihood of adverse events associated with subprime
bed management assignments.

Each hospital ward is distinguished by a designated name and color
code. The ward header displays essential summary metrics, including the
number of occupied and available beds, the count of patients admitted from
other units (referred to as “temporary in-area placements”), the number
of patients formally under the ward’s care but temporarily accommodated
elsewhere (namely “temporary out-of-area placements”), and the total pro-
jected daily discharges (Figure 6.8). Detailed ward analytics are accessible
through an interactive pop-up, allowing users to view occupied beds strati-
fied by medical specialty, patient gender, and clinical risk assessment. Ad-
ditionally, an always-available modal view presents occupancy levels across
the entire hospital, organized by unit or specialty (Figure 6.9).
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Figure 6.8: Ward Summary with Bed Occupancy Metrics (Details).
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Figure 6.9: Occupancy Summary by Area, Ward, and Specialty (Details).
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6.4.2 Key Functionalities and UI Design

The following section outlines the key functionalities implemented in ac-
cordance with stakeholder requirements. Many of these features are ac-
cessible through a contextual menu interface (Figure 6.10), allowing both
individual bed-level and room-level interactions, thereby ensuring clear,
immediate usability while optimizing the overall user experience.
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setfilter room setfilter room
Set COVID room Set COVID room

Restore bed name

Edit patient record
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Change care intensity > Terminal
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Other
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Queue for a bed Queue for a bed
« scheduled admission

Create new requestfor.. > CregtenewequestioniBll - Transfer tolong-term care

« Transfer to rehabiltation

« Transfer to another facility

Figure 6.10: Quick Actions Contextual Menu (Details).

Blocking, Reserving, Pre-assigning, and Queueing

The system enables bed managers to lock, reserve, or pre-assign beds.
Blocking a bed indicates its unavailability (Figure 6.11), which may be
necessary for structural reasons —such as during periods of low patient in-
flux (e.g., in the summer), when certain wards may reduce bed availability
to facilitate room renovations— or to designate the bed for caregivers or
patient isolation requirements. Once blocked, a bed remains unassignable
until its status is explicitly reversed by the bed manager.
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Figure 6.11: Blocked Beds Prevent Assignment.
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Reservations apply when the future bed’s occupant is not yet identified,
but allocation is required for specific purposes (Figure 6.12), such as emer-
gency room needs (in line with recent directives from the Italian Ministry
of Health [186]) or SSO.
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Figure 6.12: Bed Reservation for Future Allocation.

Pre-assignment, in contrast, serves to earmark a bed for patients whose
admission, while not yet formalized, is anticipated within hours (for in-
stance, patients in transit via ambulance from other healthcare facilit-
ies). In such cases, the bed is flagged as assigned but rendered in semi-
transparency on the Ul, indicating that it is not yet physically occupied
(Figure 6.13). Once the patient is formally admitted, the pre-assignment
automatically transitions to confirmed status, and the bed displays as fully
occupied. If admission does not occur, the pre-assignment can be canceled.
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Figure 6.13: Pre-Assigned Bed Status for Anticipated Admissions.

The system also supports bed booking, allowing multiple patients to be
queued for a currently occupied bed (Figure 6.14). Queueing proves par-
ticularly valuable for managing post-discharge bed availability, facilitating
seamless reassignment to waiting patients. Upon confirmation of discharge
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and subsequent bed availability, the system automatically assigns the bed
to the first patient in the queue. While patients may be queued for dif-
ferent beds to reflect various placement options, multiple queuing of the
same patient for a single bed is not allowed.
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Figure 6.14: Bed Queuing for Efficient Post-Discharge.

Blocking, reserving, pre-assigning, and queueing beds are advanced fea-
tures that empower bed managers to operate proactively, surpassing the
capabilities of traditional ADT systems while providing real-time visibility
into short-term occupancy trends. This transparency facilitates informed
decision-making across departments, benefiting administration, ward co-
ordinators, and emergency department physicians.

LOS Prediction and Patient Flow Forecast

The system equips bed managers with the ability to assign anticipated dis-
charge dates to individual patients, enabling the dashboard to proactively
highlight beds nearing availability as these dates approach. Integration
with machine learning algorithms for LOS predictions further supports
bed managers by suggesting the probability that a patient’s stay will fall
within one of three ranges: 1-3 days, 4-10 days, or more than 10 days.
The EBMS also includes a dedicated planning form to facilitate detailed
admission and discharge forecasting over a 5-day horizon, categorized by
department, discipline, and patient gender (Figure 6.15). Admission fore-
casts can be pre-populated by retrieving data from specific waitlists (e.g.,
scheduled admissions) or manually adjusted by bed managers. Discharge
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projections are automatically inferred from the estimated discharge dates
set for each patient. This functionality provides a valuable, albeit indicat-
ive, assessment of the anticipated balance between bed demand and supply
for the upcoming days, segmented by department and, more granularly, by
specialty within each department. A negative balance indicates a potential
bed shortage, whereas a positive balance suggests bed availability.
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Figure 6.15: 5-Day Bed Capacity Planning and Demand Forecast.

Once planning is confirmed, an informative tooltip, accessible from the
header of each department, provides a concise summary of patient flow
(both admissions and discharges) for the current date and the subsequent
two days, further detailed by gender (Figure 6.16).
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Figure 6.16: 3-Day Patient Flow Summary by Department.



Digital Transformation and ML Applied to Public Healthcare

109

Contact Tracing

Contact tracing in healthcare settings plays a fundamental role for infection
control and prevention. By promptly identifying and isolating individuals
exposed to infected patients, contact tracing helps to prevent further trans-
mission, protect healthcare workers, and safeguard other patients. During
the COVID-19 pandemic, contact tracing has exhibited exceptional util-
ity in mapping transmission patterns, especially given the virus’s potential
for pre-symptomatic and asymptomatic spread. Implementation of robust
contact tracing protocols has enabled healthcare institutions to sustain es-
sential services and prevent the emergence of infection clusters within hos-
pital units, while protecting vulnerable patient populations and preserving
workforce capacity through early intervention strategies.

The developed Electronic Bed Management System includes compre-
hensive contact tracing functionality to support safer patient flow. The
system tracks inpatient movements and enables detailed contact tracing
for both currently admitted and recently discharged patients, including
the identification of secondary-level contacts. Specifically, bed managers
can access a list of direct contacts for a given patient —defined as indi-
viduals who shared the same room during the patient’s stay, including
intra-department and inter-department transfers— as well as a graph of
secondary contacts, which represent patients who shared a room with the
patient’s direct contacts. In the tracing graph, the patient being tracked is
displayed in bold and shaded light blue. Blue lines indicate connections to
direct contacts, while edges in different colors represent relationships with
secondary contacts (Figure 6.17).
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Figure 6.17: Patient Contact Tracing (Summary and Visualization).
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Hovering over a connection between two patients reveals the date of
their initial contact, providing a clear and intuitive visualization of expos-
ure pathways.

Timeline

A major limitation of paper-based systems and spreadsheet-based solu-
tions, as consistently emphasized during interviews with bed managers,
lies in the difficulty of performing comparative analyses of bed allocations
and assignments over different points in time (e.g., the past three days).
This complexity becomes increasingly pronounced as the temporal interval
for comparison grows.

The implemented system addresses this challenge by enabling highly
effective temporal analysis, extending the capability to examine arrange-
ments weeks or even months in the past. Using automated processes, the
EBMS captures comprehensive snapshots of hospital-wide bed status at
four predetermined daily intervals (11:00, 14:00, 17:00, and 19:00). Addi-
tionally, the system accommodates manual snapshot generation, allowing
bed managers to document specific situations of interest. Collectively,
these sequential snapshots form a continuous temporal timeline. The
UI enables retrospective examination through intuitive navigation tools:
stakeholders may traverse the timeline using chronological scrolling or dir-
ect date selection via an integrated calendar.
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.........................

Figure 6.18: Comparative Timeline: Prior vs. Current State.
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Specific historical configurations can be accessed through their corres-
ponding snapshot, allowing users to search for individual patients, review
summary statistics of bed occupancy for a given day, or compare histor-
ical and current configurations to identify differences (Figure 6.18). For
instance, even if a patient’s bed assignment remains unchanged, their clin-
ical status may have evolved. As noted by a user during the testing phase,
the functionality “effectively operates as a time machine.”

The solution’s analytical depth and temporal flexibility represent a
significant advancement over traditional management methods, offering
enhanced operational insights and administrative accountability. With
its automated documentation and comparative capabilities, the system
provides robust support for both operational decision-making and retro-
spective evaluations, including applications in dispute resolution and legal
proceedings.

Copilot in Action

A key operational challenge faced by the hospital prior to the EBMS im-
plementation involved bed allocation during the absence of bed managers,
particularly during night shifts and weekends. Throughout these periods,
Emergency Department physicians and unit coordinators had to rely solely
on the most recent situation recorded by bed managers in spreadsheets and
distributed via printed materials.

The EBMS introduces a sophisticated copilot functionality, enabling
bed managers to activate an “Out of Office” (OoF) mode at the end of their
shifts. This modality grants all platform stakeholders —including hospital
administrators, ED residents, and ward coordinators— access to real-time
bed status updates derived from the ADT system, with a maximum latency
of 15 minutes. While OoF mode is active, the dashboard automatically
synchronizes with ADT-reported data, ensuring continuity and coherence
in bed occupancy visualization. During this interval, manual adjustments
to bed allocations (such as transfers, discharges, or clinical data updates)
are restricted until the copilot mode is deactivated.

Importantly, any additional patient information previously documented
by the bed management team (e.g., isolation requirements for infectious
diseases) is retained, including pre-allocations or queued patients. How-
ever, beds marked as blocked will automatically be unblocked if the ADT
system reports them as assigned to a patient.
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The authority to activate or deactivate the “Out of Office” mode is
reserved exclusively for bed managers within the central management team.

This functionality greatly enhances confidence among hospital staff,
who can rely on a continuously updated dashboard even in the absence
of bed managers, thereby reducing the need for interdepartmental com-
munications or on-call staff consultations. Furthermore, it eliminates the
historical administrative burden on bed managers, who previously needed
to reconcile their spreadsheets with any changes occurred during their ab-
sence.

Inter-Facility Transfer Management

A core responsibility of the bed manager is to coordinate both internal hos-
pital admission requests (such as scheduled procedures) and external facil-
ity transfers (both incoming and outgoing). Previously managed through
individual spreadsheets, this administrative process has been integrated
into the EBMS, facilitating comprehensive tracking of:

— Transfers from external facilities

Scheduled admissions

— Long-term care transfers
— Rehabilitation transfers

Transfers to other facilities

Each new request is linked to a specific patient, identified through the
regional registry, and includes relevant clinical and social contextual in-
formation. Submitted requests populate a centralized list from which bed
managers can allocate patients to available beds at the appropriate time.
Requests pending beyond a predetermined number of days are flagged in
red, with the waiting period visibly marked to draw the bed manager’s
attention to potential delays (Figure 6.19).

Prior to MondrIAn’s implementation, the five hospitals involved in the
pilot study relied on email communication for patient transfer requests,
using manually completed paper forms that were scanned and attached.
Stakeholders widely recognized the need for an integrated system to man-
age inpatient transfer requests, particularly for patients awaiting rehabil-
itation programs or long-term care placement.
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Figure 6.19: Centralized Request Management with Delay Monitoring (in
Days).

The implemented system fosters collaborative management of patient
requests. For local public health authorities or multi-site healthcare organ-
izations, it functions as an effective tool for coordinating patient transfers
and temporary placements across facilities. When a patient is transferred,
the system automatically updates bed occupancy status by releasing the
bed in the originating facility and assigning a new bed in the receiving
facility. Real-time updates are reflected on each hospital’s dashboard, en-
suring that all involved bed managers have access to up-to-date inform-
ation. Details of the transferred patient remain accessible through the
“Discharge/Transfer History” page of the originating facility for reference.

In scenarios where a patient is transferred without immediate bed as-
signment at the destination facility, the system releases the originating
bed while adding the patient to a waitlist for the destination facility. The
receiving bed manager can then manually assign the patient to a bed as
soon as one becomes available. For patients transferred without prior bed
assignment in the originating facility, the system still records the trans-
fer accurately, though the patient’s record will only be accessible on the
“Discharge/Transfer History” page of the receiving facility.

The standardization of inter-facility communication protocols repres-
ents a progression toward integrated bed management practices, establish-
ing a cohesive framework for cross-institutional collaboration.
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Real-Time Metrics

The system autonomously collects and analyzes data on a daily basis to
generate key periodic indicators, including average and median length of
stay, bed occupancy rate, turnover interval, bed blockers ratio, percentage
of urgent cases discharged within four days, and the proportion of patients
originating from intensive or semi-intensive care units. Additionally, it
monitors variations in infection rates (Figure 6.20).

Figure 6.20: Automated Key Performance Indicators and Infection Mon-
itoring.

All collected data is automatically processed for statistical reporting
and integration into regional data flows. Occupancy reports are distributed
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to designated mailing lists at pre-set intervals, including non-working days,
thereby reducing the need for on-call staff involvement in data monitoring.
Hospital management benefits from access to a high-impact dashboard
connected to all organizational facilities and updated in real time (Fig-
ure 6.21), with the option for projection on large displays stationed in
strategic locations. This interface provides a comprehensive and easily
interpretable overview, supporting detailed analysis ranging from macro-
level organizational trends to facility-specific and departmental metrics.
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Figure 6.21: Hospital-Wide Real-Time Analytics Dashboard Displaying
Multi-Facility Metrics.

Given the importance of inter-hospital collaboration and shared metrics
for improving regional coordination in patient care, as highlighted by the
COVID-19 pandemic, this global interactive dashboard stimulates strategic
cooperation, bridging communication gaps that can severely affect patient
admissions, transfer times, and clinical outcomes.
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User Testing and Iterative Development

The deployment of the system in the production environment (detailed
in Appendix D) was preceded by a “live-testing” phase during which bed
managers were shadowed for one week, working in parallel with one of the
authors. Over the first two days, the author observed the actions performed
by the bed manager on the original spreadsheet and replicated them within
the EBMS. During the subsequent three days, roles were reversed: the bed
manager operated the EBMS while the author mirrored their actions on the
spreadsheet, providing implementation support as needed. The purpose of
this approach was twofold: to identify any system components not per-
forming as intended, and to assess the efficacy of the Ul through repeated
simulation of bed managers’ daily tasks. Users were also encouraged to
share their perceptions of the tool’s utility and usability during use.

Following any platform modifications, functionality tests were conduc-
ted in a controlled environment using delayed, real patient data. System
behaviour was further monitored through periodic evaluations in both test
and production environments, allowing for the resolution of any remaining
issues. On-site, real-time feedback from clinical staff was instrumental in
refining the EBMS.

The development process adhered to Continuous Integration/Continu-
ous Delivery (CI/CD) principles, facilitating streamlined code integration
and deployment. Continuous Integration (CI) involves the automated and
frequent merging of code changes into a shared repository, while Continu-
ous Delivery/Deployment (CD) counsists of a structured process for integ-
ration, testing, and delivery. This methodology enabled rapid features
iteration and efficient incorporation of user feedback.

Bi-weekly releases were communicated to bed managers via email, util-
izing clear and accessible language supported by visual documentation to
ensure ease of understanding.

Results

A retrospective before-after comparison was carried out to evaluate hos-
pital performance indicators through the examination of electronic records
following the adoption of the CEBMS. The experimental phase, initiated in
March 2021 at Ospedale di Sassuolo S.p.A., culminated in the first software
release in mid-March 2022. The pilot project was subsequently expanded
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to the remaining four secondary hospitals within the province of Modena
(Carpi, Mirandola, Pavullo, Vignola).

The assessment methodology incorporated a concise, targeted question-
naire administered to two bed managers per facility, each having regularly
operated the EBMS for a minimum of twelve months. The survey invited
users to share their experiences with the system, including the ease of use
of the platform, the accuracy of data collected, and the overall helpfulness
of the implemented features.

In response to the question, “On a scale from 1 to 5, how easy is it to use
the software? (1 = very difficult, 5 = very easy)”, 60% of respondents rated
it as “Very easy”, while 40% found it “Quite easy.” These results validate
the investment in designing an intuitive interface, particularly considering
the significant paradigm shift from previous management methods and the
varying levels of technological proficiency among primary stakeholders.

When asked, “Has adopting the software affected your typical work-
day?” 80% answered “Significantly improved”, 10% “Slightly improved”,
and the remaining 10% “Unchanged.” To the question, “Can you estimate
the amount of time saved daily (on average) due to the software use?”
40% reported “1-2 hours”, 20% “More than 2 hours”, 10% “Up to 30
minutes”, while the remaining 30% indicated “Not sure.” Excluding the
“Not sure” responses and averaging across the remaining 70% —using mid-
point estimates for time ranges (e.g., 90 minutes for “1-2 hours” and 15
minutes for “Up to 30 minutes”) and assuming 2.5 hours for “More than 2
hours”— the average time saved amounted to approximately 1.125 hours
per day. With a 5-day workweek totaling 40 hours, this equates to an aver-
age weekly saving of about 5 hours and 40 minutes (22 hours per month),
or approximately 14% increase in time efficiency.

On the question “Do you believe the software adoption has im-
pacted interdepartmental communication?” 50% answered “Significantly
improved”, 30% “Slightly improved”, and 20% indicated no change.

In response to “On a scale from 1 to 5, to what extent do you think
the software could help in anticipating discharges? (1 = no help, 5 =
significant help)”, 50% indicated “Slight help”, 20% “Significant help”,
and 30% reported “No help.”

Finally, when asked “Have you encountered any bed allocation errors
in the past month?” 40% answered “None”, another 40% reported “1-5”,
and the remaining 20% indicated “10-15”. Given the considerable monthly
discharge volume (averaging 1,175 discharges per hospital), these results



118

Digital Transformation and ML Applied to Public Healthcare

highlight the system’s high accuracy in managing bed assignments.

The most commonly recognized tangible benefits included “Simplifies
and accelerates bed allocation” (100%), “Increases visibility and aware-
ness of departments status” (100%), “Reduces information retrieval time”
(90%), “Facilitates and improves discharge planning” (50%), and “Re-
duces unnecessary phone calls” (30%). Most valued features comprised
“Visual bed dashboard” (100%), “Contact tracing” (90%), “Real-time
metrics monitoring” (80%), “Planned discharge management” (70%), and
“Bed-map history consultation (timeline)” (60%).

Building on the question regarding the software’s potential to as-
sist in anticipating patient discharges, the study analyzed the average
LOS (ALOS) across participating facilities over two years following the
experimental phase (data officially submitted to the Regione Emilia-
Romagna [187]). Table 6.1 presents the average hospital stay, calculated
as the total number of bed days divided by total admissions, for the years
2022 to 2024 across participating facilities. The temporal analysis benefits
from the Italian Council of Ministers’ termination of the COVID-19 emer-
gency status on March 31, 2022 [188] (initially declared January 31, 2020),
thus eliminating pandemic-related confounding variables from the dataset.

Table 6.1: Average Length of Stay (ALOS) in Days.

Hospital Facility 2022 2023 2024"

Ospedale Sassuolo 58 5.9 5.8
Ospedale Carpi 6.8 68 6.4
Ospedale Mirandola 8.8 87 84
Ospedale Pavullo vToor3 74
Ospedale Vignola 73 7.1 6.7

* Data up to October 2024.

A comparison of data from 2022 with subsequent years reveals an overall
reduction in the average LOS. Using an estimated daily inpatient cost of
€592 [189], the projected annual savings based on 2023 discharge data
(Table 6.2) amount to approximately €243,164.
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Table 6.2: Annual Discharges.

Hospital Facility 2022 2023 2024"

Ospedale Sassuolo 15,330 15,894 10,204
Ospedale Carpi 10,927 11,351 7,767
Ospedale Mirandola 4,182 4,486 2,940
Ospedale Pavullo 3,688 3,640 2,423
Ospedale Vignola 3,714 4,027 2,827

* Data up to October 2024.

This estimate is conservative, as it does not account for potential fixed
or variable costs unique to each facility, omits possible variations in case
complexity or departmental units (e.g., ICU beds may incur costs 3-4 times
higher than standard beds), and assumes a uniform distribution of LOS
reductions across all patients.

Additionally, the system implementation yielded a significant reduction
in processing times for inter-facility transfer requests among the pilot study
institutions.

6.5 Discussion

The adoption of Electronic Bed Management Systems represents a recent
advancement over traditional methods such as paper records, spreadsheets,
and physical whiteboards, which are susceptible to transcription errors,
data loss, and restricted access.

Previous studies have explored the utility of EBMSs in healthcare set-
tings. For example, a cloud-based EBMS implemented by Gauteng health
services [190] in South Africa employed IoT sensors to monitor bed oc-
cupancy, allowing staff to determine bed availability. Noonan et al. [179]
collaborated with an Irish hospital to deploy an EBMS that provided a
comprehensive view of patient and bed statuses, enabling data analysis to
enhance patient flow. However, these systems primarily focused on single-
hospital applications, lacking a collaborative design for inter-hospital in-
tegration. The EBMS proposed in this study addresses this gap by offering
real-time insights into bed availability and infection status across multiple
sites, fostering cooperative bed management across geographically distrib-
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uted teams. The system facilitates resource coordination within individual
settings and across healthcare networks, allowing clinical personnel to pri-
oritize patient care over administrative tasks. The implementation of com-
prehensive request management functionalities expedites patient handoffs
between hospitals, increasing the efficiency of inter-facility care transitions.

Additionally, the CEBMS improves communication and clinical han-
dover processes, which are fundamental to effective bed management [181].
An embedded messaging application favors direct and immediate inter-
actions, accommodating both synchronous and asynchronous exchanges
while ensuring communication occurs over a secure, dedicated channel.

MondrIAn’s integration into the discharge planning process proved re-
markably effective. The platform aids team members in quickly identify-
ing discharge-ready patients, promoting timely preparation and alleviating
hospital congestion. Moreover, MondrIAn incorporates machine learning
models to forecast length of stay across three categories (1-3 days, 4-10
days, or more than 10 days), augmenting the accuracy of anticipated dis-
charge dates and supporting better resource planning. This is particularly
valuable, as research indicates that advancing discharge times by even one
hour can significantly reduce overcrowding and access delays [191].

The developed CEBMS seamlessly integrates with existing ADT and
ED systems through globally accepted medical IT standards, such as HL7
messaging protocols, extending rather than superseding their functionalit-
ies [192].

This study identifies several key advantages. First, it introduces an
innovative framework for real-time communication to core stakeholders re-
garding bed occupancy and discharge readiness. Effective communication,
as emphasized by the WHO International Patient Safety Goals, is a crit-
ical factor in addressing the complexities of bed management [181]. Poor
communication has consistently been identified as a significant contrib-
utor to prolonged LOS and operational inefficiencies [193]. Second, to the
best of our knowledge, this study is the first to advocate for collaborat-
ive bed management across a network of healthcare facilities, providing
open shared metrics that have proven invaluable during recent regional
emergencies. Such an approach has the potential to alleviate surgery post-
ponements and expedite bed turnover.

The cooperative nature of the proposed EBMS also presents a compel-
ling opportunity to leverage Federated Learning techniques. By enabling
each participating healthcare facility to periodically retrain LOS predic-



Digital Transformation and ML Applied to Public Healthcare

121

tion models using local data —incorporating actual discharge dates from
the Hospital Discharge Register (Scheda di Dimissione Ospedaliera, SDO)
as automatic labels upon patient release— the system engenders a collab-
orative learning environment. This strategy ensures that models remain
relevant across the network of hospitals over time by mitigating data drift
through continuous updates, while maintaining strict compliance with data
protection regulations by sharing model weights instead of sensitive patient
data.

The provincial-scale adoption of the system facilitated global monit-
oring of performance indicators and alignment with institutional goals.
Notable improvements following MondrIAn’s implementation include en-
hanced visibility for ED physicians, who traditionally lacked access to ADT
systems, and greater operational transparency through strategically placed
visual dashboards across healthcare facilities. Additionally, the system’s
capability to swiftly reconstruct direct patient contacts has strengthened
infection control protocols by enabling prompt implementation of protect-
ive measures.

Despite its promising outcomes, this study acknowledges certain limit-
ations. Continuous optimization during the pilot phase may have delayed
the full realization of benefits. Moreover, while reductions in overall av-
erage LOS were observed, the variability in impact across departments
was not extensively analyzed. Finally, the potential influence of other or-
ganizational or external factors on observed improvements also warrants
consideration. Nevertheless, the system’s scalability and adaptability were
validated through its further adoption by other several public hospitals in
2023, corroborating its efficacy in diverse healthcare settings.

6.6 Final Remarks

Hospital bed management presents complex operational challenges influ-
enced by multifaceted constraints, including resource limitations, fluc-
tuating admission rates —particularly in emergency and readmission
scenarios— and varying levels of care intensity across ordinary, scheduled,
and emergency cases. The COVID-19 pandemic has exposed the inadequa-
cies of traditional planning methodologies in rapidly evolving healthcare
environments, underscoring the necessity for more adaptive strategies.
Ineffective patient flow management can cause serious disruptions, res-
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ulting in prolonged emergency department wait times and ward over-
crowding. These circumstances may lead to overstretched staff and ser-
vices, an increased likelihood of errors, and adverse effects on employees
and patients. Furthermore, unnecessary hospital stays generate elevated
operational costs while exposing patients to hospital-acquired infections,
depression, or physical deconditioning.

Electronic Bed Management Systems have emerged as practical tools,
offering real-time tracking of admissions, discharges, and patient pathways.
Through digital management of bed supply and demand, these systems
facilitate streamlined communication among multidisciplinary teams and
ensure coordinated care delivery.

This research introduces the first Cooperative EBMS (CEBMS), de-
signed for collaborative bed allocation across multiple healthcare facilities
within a public network. By leveraging a unified platform, hospitals can
efficiently transfer patients between facilities while simplifying informa-
tion management. Through consolidated metrics on bed occupancy, avail-
ability, pending requests, and infection status, bed management teams
and hospital administrators can make informed decisions, ensuring that
patients receive appropriate care in a timely manner and are seamlessly
transitioned throughout the healthcare system.

Provincial-level adoption and consistent utilization of the CEBMS have
yielded improvements in both quantitative and qualitative performance in-
dicators, including reduced ALOS and enhanced inter-departmental and
inter-facility communication. Manual processes previously reliant on pa-
per records or spreadsheets have been automated or semi-automated, re-
quiring minimal time and improving efficiency and safety. Advanced ML
techniques further support predictive modeling for discharge planning and
optimal bed allocation across interconnected facilities.

This integrated approach to bed management offers a robust model for
contemporary healthcare systems worldwide. By maximizing resource us-
age while maintaining high standards of care, hospitals are better equipped
to confront the growing complexities of modern healthcare demands.

Implementation of the MondrIAn platform has significantly improved
transparency in patient journey, contributing to digital transformation and
operational sustainability across provincial healthcare networks. As of
2023, the system has expanded to include six additional public hospitals
in northern Italy: four within ASST Ovest Milanese (Legnano, Magenta,
Cuggiono, Abbiategrasso), two within ASST Bergamo Ovest (Treviglio and
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Romano), and the ASST Ospedale Metropolitano Niguarda in Milan.






Chapter 7

Conclusion

The evolution of public healthcare systems represents one of the most
significant achievements in modern society. The Italian healthcare model,
in particular, has effectively supported the country’s high life expectancy —
83 years in 2022 [194], making it the third highest in the European Union—
while operating with a comparatively lower per capita expenditure than
the EU average. At the same time, maintaining this balance has become
increasingly difficult due to mounting pressures from an aging population,
a rising chronic disease burden, and resource constraints. With health
spending at 9.4% of GDP —compared to the EU average of 11% [194]—
concerns about long-term sustainability are intensifying.

As digital transformation (DT) in public healthcare emerged globally
as both an opportunity and a challenge during the COVID-19 pandemic,
which exposed the sector’s vulnerability to unprecedented demand, many
countries accelerated digital adoption in response. Italy, however, contin-
ues to face structural barriers, including limited public funding, regional
disparities in digital infrastructure, and varying levels of digital literacy
among healthcare professionals and patients, all of which compromise the
efficacy of DT initiatives and amplify existing disparities in healthcare ac-
cess.

This thesis explored how DT and machine learning (ML) can address
critical challenges within Italian public healthcare. Following an intro-
ductory discussion of DT fundamentals and complexities in Chapter 1, we
presented several practical implementations that were developed and val-
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idated through partnerships with regional public healthcare institutions,
demonstrating the potential of new technologies to reshape healthcare de-
livery.

Chapter 2 introduced a neural network for the automated detection
of SARS-CoV-2 test outcomes from self-administered swabs, with results
made accessible via a RESTful API for integration with the Electronic
Health Record system (FSE). Though seemingly distinct from the other
chapters, this preliminary investigation exemplified how AI could acceler-
ate emergency interventions and alleviate the burden on healthcare per-
sonnel, aligning with the broader research objective of leveraging ML to
enhance operational efficiency and diagnostic precision in healthcare.

In Chapter 3, we developed ML models to predict hospital length of
stay using both structured and unstructured data. The successful incorpor-
ation of these models into existing Electronic Bed Management Systems
(EBMSs) illustrated the practical applicability of ML solutions in daily
hospital workflows. Building on this, Chapter 4 expanded the research to
forecast prolonged LOS in Emergency Departments, tackling the critical
issue of overcrowding that affects both emergency-urgency services and
inpatient wards.

Chapter 5 introduced MondrIAn, the first Cooperative EBMS, which
represents a remarkable step toward collaborative bed management across
healthcare facilities. By combining real-time territorial bed occupancy data
with predictive ML models from Chapter 3, the system promotes inter-
hospital collaboration and expedites patient transfers. Its adoption across
multiple hospitals in northern Italy has yielded measurable improvements
in operational standards and resource utilization, setting a benchmark for
regional healthcare systems.

Collectively, our implementations have shown particular promise in
automating routine tasks to alleviate administrative workloads, optimizing
resource allocation through predictive analytics, simplifying inter-facility
collaboration and communication, and supporting data-driven decision-
making in clinical and administrative contexts.

Despite these positive outcomes, this work faces several limitations that
suggest avenues for further research. While the developed models were
trained on robust datasets, variations in documentation standards across
different hospitals and administrative regions may limit their generalizabil-
ity. Broader multi-center collaborations would help validate and refine the
proposed approaches, minimizing biases introduced by local idiosyncrasies
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and protocols. Future efforts should also prioritize the development of
inter-regional digital collaboration frameworks to promote nationwide in-
tegration and interoperability.

The decision to focus on early prediction necessitated the exclusion
of certain data streams, such as vital signs and laboratory results, which
were less readily accessible. Nonetheless, even considering their delayed
or inconsistent availability (potentially leading to missing data or bias),
incorporating these variables could still improve model accuracy, particu-
larly through time-series approaches that capture dynamic patient status
during hospitalization.

Although ensemble methods yielded reasonable predictive performance
in forecasting LOS and pLOS, their inherent complexity could hinder clin-
ical interpretation. Existing explainability tools have been applied only
on a limited scale, underscoring the need for advanced explainable Al
(XATI) techniques —such as SHAP or integrated gradients— to elucidate
algorithmic decisions and strengthen clinical trust. Probabilistic outputs
should also be presented in formats familiar to clinicians (e.g., confidence
intervals or clearly defined risk thresholds) and could be supplemented with
real-time natural language explanations (e.g., by leveraging Local Large
Language Models) to facilitate the translation of model findings into ac-
tionable insights.

Another important consideration is that rapid shifts in healthcare needs
—influenced by emergent diseases, regulatory changes, or demographic
trends— may necessitate frequent retraining or adjustment of machine
learning models. Continual learning methodologies, which empower sys-
tems to autonomously label new data, offer a promising strategy for regular
updates to help maintain relevance and accuracy over time. The incorpor-
ation of federated learning techniques could further improve performance
while preserving patient privacy by enabling the exchange of model para-
meters without centralizing sensitive information. The consistent applica-
tion of anonymization and pseudonymization practices remains paramount
for safeguarding patient confidentiality throughout this process.

From an operational standpoint, although preliminary adoption of ML-
based insights in EBMSs demonstrated technical feasibility, large-scale de-
ployment would require more extensive acceptance testing, staff education,
and comprehensive real-world impact assessments to address the practical
and ethical challenges inherent in clinical settings.

Finally, two additional experiments worthy of investigation include pre-
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dicting in-hospital mortality and readmission rates. Precise forecasting of
in-hospital mortality could assist in timely interventions and resource al-
location for critically ill patients, potentially improving survival outcomes.
Similarly, projecting readmission risk within a defined timeframe could en-
able proactive post-discharge care management, reducing the likelihood of
recurrent hospitalizations and associated healthcare costs. These additions
would contribute to a more holistic approach to patient flow management
and enhance the clinical utility of the proposed framework.

Extending the scope of these Al-driven solutions beyond hospital-based
resource management to areas such as preventive care and early-stage dis-
ease risk prediction holds further potential to alleviate high-acuity admis-
sions and lessen the load on inpatient and emergency services.

Italy’s Recovery and Resilience Plan, allocating €16.1 billion for health-
care system improvements by 2026, positions digital transformation as a
critical pathway toward securing the performance, sustainability, and resi-
lience of the Italian public healthcare system, aiming to preserve societal
welfare over time. The strategic deployment of Al and emerging technolo-
gies will be instrumental in achieving these objectives.

Publications and Achievements

The research presented in this thesis has led to publications in international
conferences.

Notably, the work on MondrIAn received the Best Scientific Communic-
ation award at the “47th National Congress of ANMDO (Italian National
Association of Hospital Management)”, held in Bologna, Italy, in June
2022. A comprehensive list of my publications is provided in Appendix A.
Many of these papers were co-authored with fellow Ph.D. students and re-
searchers from the department where I conducted my research. I am deeply
grateful for their invaluable collaboration and the work we accomplished
together.
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Appendix B

Deployment of the
SARS-CoV-2 Image
Classifier

The framework employed for implementing the ecosystem supporting the
trained neural network is Django [195]. The rationale for this choice can
be summarized as follows:

— Extremely versatile (“batteries-included”) and widely adopted frame-
work.

— Seamless integration with Django REST Framework to expose
microservice-oriented logic (RESTful APIs).

— Ability to execute custom logic in both interactive and batch modes
(using commands).

B.1 Utility Commands

Several utility commands have been implemented for basic operations:

157
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find_duplicates

Detects duplicate images (through file hashing') within a folder and sub-
sequently removes them.

python manage.py find_duplicates <folder> [--dup-delete]

The --dup-delete parameter forces deletion of duplicates (default set-
ting is to rename duplicate files).

swabs_detection

Performs massive detection and classification of images contained in a
source folder. Any duplicate (or previously processed) images are dis-
carded.

python manage.py swabs_detection <source_folder>
[--weights] [--metadata_in] [--metadata_out]
[--use-db] [--device]

The --use-db parameter can be specified to persist metadata of the
processed images within the application database, in conjunction with the
--metadata_in parameter for indicating an optional reference file con-
taining ground-truth labels associated with the images to be imported.
Additionally, an output file can be generated (using the --metadata out
parameter) containing, for each input image: the number of swabs detec-
ted, the predicted class, and a flag indicating whether the predicted class
matches the ground-truth label (using the input reference file, if present).
To leverage a specific device for model execution, the -—device parameter
can be used (possible values: 0, 1, 2, ..., ‘cpu’).

B.1.1 Basic Front-End

A minimalist web application has been developed to facilitate sample test-
ing.

I1The “imagehash” library (https://github.com/JohannesBuchner/imagehash) was
utilized in place of standard cryptographic hashing algorithms (such as MD5 or SHA-1)
to allow for greater flexibility in comparison. With MD5 and SHA-1, even imperceptible
changes in the original image would result in entirely different hash values.


https://github.com/JohannesBuchner/imagehash
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SWAbCV  tpiess

Swab detection and classification

Figure B.1: Image Classification Through the Front-End Interface.

Through a dedicated interface, users can submit a picture (optionally
accompanied by its corresponding label) and receive the classification res-
ult. This visual feedback enhances user understanding of the model’s de-
tection capabilities. In addition to displaying the processed image (where
the identified swab is framed by a bounding box), the application provides
several details related to the uploaded file (name, size, width and height
in pixels), the number of swabs detected, the predicted outcome, and ad-
ditional metadata for each detected antigen test (bounding box, predicted
class, confidence level).

B.1.2 API

The developed set of APIs allows the model to be invoked following a
microservice architecture. To invoke the APIs, an authorization token
associated with a valid user is required”. The available endpoints include:

2Both can be easily created through the Django administration console.
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Paginated list of imported swabs

GET /api/v1/swabs/

To navigate to a specific page of the list, the page parameter can be
used.

http:fflocalhost-B000/api/v1/swabs/?page=3

Headers (3

Token bd258dcaBab25b{787ac0870e9d4acd 3fd4

Figure B.2: REST API Endpoint for Listing Specimen Tests.

Details of a previously imported swab

GET /api/v1/swabs/<id>

The <id> path parameter must correspond to an existing identifier
(otherwise, a 404 error is returned). Attributes of the returned object (in
JSON format) include:

— Internal image identifier (id)

— URL for viewing the uploaded image
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— Name of the uploaded file

— File hash

— URL for viewing the processed image

— Number of swabs detected in the image
— Ground-truth label (if provided as input)
— Classification outcome

— Additional metadata (bounding-box coordinates, identified class,
confidence level, etc.)

Notably, assuming direct integration between the APIs and FSE, the
number of swabs detected in the image can be used by the caller (FSE) to
condition upstream operations (e.g., in case of no swab or more than one
swab detected, the citizen may be prompted to upload a proper image).

http://localhost:8000/api/v1/swabs/a749f3c744684118baf9151b396da282/

Headers (8)

VALUE

Token b4256dca8a625bf787ac0870e9d4acd3!

Figure B.3: REST API Endpoint for Specimen Test Details.
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Importing a new swab (image file and optional label)

POST /api/v1/swabs

If the image is to be accompanied by its corresponding label (i.e., the
outcome declared by the citizen during the submission phase to FSE), the
outcome_real parameter can be used (permitted values: 0 = Negative / 1
= Positive).

http://localhost:8000/api/v1/swabs/

Body
none @ form-data x-www-form-urlencoded raw binary GraphQL
KEY VALUE
imported_image 001.jpeg

outcome_real 0

Body

Pretty

1]

"external_id":

Figure B.4: REST API Endpoint for Uploading Specimen Test (Inference).



Appendix C

Supplementary Model
Insights for LOS and
pLOS Prediction

Some details regarding the predictive models discussed in the Chapters 4
and 5 have been placed in this Appendix to maintain the natural reading
flow of the thesis.

C.1 Summary of ML Algorithms

This section presents a concise overview of the machine learning algorithms
utilized for predicting Length of Stay (LOS) and prolonged Length of Stay
(pLOS) in Chapters 4 and 5. These algorithms range from simple baselines
(DummyRegressor/Classifier) to complex ensembles and neural networks,
reflecting the varying degrees of complexity in hospital and emergency de-
partment data. Linear models (Linear Regression, Logistic Regression,
Ridge, Lasso, ElasticNet) retain a degree of interpretability that is par-
ticularly valuable in clinical contexts. In contrast, tree-based methods
(Decision Trees, Random Forests, Gradient Boosting, XGBoost, LGBM,
CatBoost) and ensemble techniques (AdaBoost, Stacking, Voting) are bet-
ter suited for capturing the non-linear relationships frequently observed in

163
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patient conditions. Instance-based (KNeighbors) and kernel-based (SVR,
SVC) methods are typically employed to model complex data structures,
while neural networks (MLPRegressor/Classifier) can capture high-order
interactions through multiple layers of abstraction. By leveraging this di-
verse set of algorithms, our analyses aimed to determine which approaches
could best address challenges such as class imbalance in pLOS prediction
and variable correlations in public healthcare datasets.

Analyses were primarily conducted using the Scikit-learn library in Py-
thon.

C.1.1 Regression Models

— DummyRegressor: A baseline method that ignores the input features
and always predicts a constant value (typically the training set mean),
ensuring that any clinically relevant model outperforms a naive guess.

— LinearRegression: A classical model that fits a linear relationship
between the predictors x and the outcome y by minimizing the residual
sum of squares. In its simplest form, it is expressed as:

Y= BO +/BTX7

with parameters estimated by:
- 2
B = arggnin Z (yz — Bo — 5Txi) .
i=1

Its interpretability is advantageous in healthcare contexts, where a clear
understanding of feature contributions is essential for clinical decision-
making.

— Ridge: A regularized variant of linear regression incorporating an /o
penalty to mitigate multicollinearity. The optimization function is:

R 1<
ﬂ:arg;nin{ng (yi—ﬁo—ﬁTXi)g‘F)\HB”%};
i=1

where the ¢y penalty helps stabilize the model, which is beneficial when
many correlated features (e.g., comorbidities) are present.
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— Lasso: Similar to Ridge but employing an ¢; penalty to promote sparsity
in the coefficients, facilitating feature selection. Formally:

b argﬁmin{iZ (i — o — 6"x:)" +A||ﬂ||1},

i=1

with the penalty applied only to 5. In the examined context, Lasso can
aid in isolating key clinical predictors of LOS.

— ElasticNet: A hybrid of Ridge and Lasso that combines both ¢; and ¢
penalties to balance sparsity and stability. Its loss function is given by:

. 1 « 2
B = arg min {n > (wi—Bo—B"xi)” + MBIl + Azllﬂll%} :
i=1
Alternatively, it is sometimes formulated as:

Barggnin{i;(yi — bo *ﬂTxi)QJF)‘ ol Bl + 12a“5|§} },

where a € [0, 1] controls the mix between the ¢; and ¢5 penalties. This
approach is particularly effective in capturing interactions within patient
data by selecting a subset of relevant features while controlling variance.

— SVR (Support Vector Regression): Extends the principles of Sup-
port Vector Machines (SVMs) to regression by fitting a function that
deviates from the actual targets by no more than a pre-specified . It
solves:

N P .
S gl +C;(§Z+a>,
subject to:
yi — (w(x;) +b) <e+&,

(who(x;) +b) —y; e+,
&75:20, izl,...,n

The slack variables &;, ¥, along with the regularization parameter C,

7
allow for errors beyond the e-insensitive zone.
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— KNeighborsRegressor: A non-parametric, instance-based method

predicting outcomes as the (possibly weighted) average of the k nearest
neighbors in the feature space.

DecisionTreeRegressor: A non-parametric model that partitions the
feature space into regions by recursively splitting the data to minimize
the variance (or another impurity measure) of the target within each
node. It provides a simple, rule-based structure but risks overfitting if
not pruned or ensembled.

GradientBoostingRegressor: An additive model that builds trees se-
quentially, with each new tree fitted to the residual errors of the ensemble
so far. The model prediction is given by:

) =" fm(x),

where each f,, minimizes a differentiable loss function.

AdaBoostRegressor: An ensemble method that iteratively fits weak
regressors (often shallow trees) while increasing the weight of instances
with larger errors. This approach can, for example, emphasize outlier
cases, such as unexpectedly long hospital stays. The final prediction is
a weighted sum of the base learners:

Fx) =)o h(x).

RandomForestRegressor: An ensemble of decision trees trained on
bootstrapped samples with random feature selection. Predictions are
aggregated by averaging:

el

1) = =3 Fix),

thereby reducing variance compared to a single tree. This averaging
mechanism often yields robust performance in diverse healthcare data-
sets with many correlated predictors.
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— XGBRegressor: An implementation of extreme gradient boosting that
minimizes a regularized objective function:

£(0) = Y ilui, £6x0) + ),

where Q(f) penalizes model complexity.
Extreme gradient boosting is known for its efficiency and strong per-
formance on large, heterogeneous clinical datasets.

— LGBMRegressor: A gradient boosting framework that uses tree-based
learning algorithms with a histogram-based approach for efficiency, op-
timized for speed and lower memory consumption.

— CatBoostRegressor: A gradient boosting method designed to handle
categorical features natively. It employs techniques such as ordered
boosting and target statistics to reduce overfitting.

— MLPRegressor: A multilayer perceptron (feedforward neural network)
that models non-linear relationships through one or more hidden layers
with non-linear activation functions. It is trained via backpropagation
to minimize a loss (e.g., mean squared error). This model can capture
higher-order interactions among patient variables but may require care-
ful hyperparameter tuning and a sufficiently large dataset for optimal
performance.

— StackingRegressor: An ensemble technique that combines multiple
base regressors by using their predictions as inputs to a meta-regressor.
This stacked model is trained via cross-validation to improve overall
prediction accuracy.

— VotingRegressor: An ensemble method that aggregates predictions
from multiple distinct regression models by averaging their outputs.

C.1.2 Classification Models

— DummyClassifier: A baseline classifier that predicts a constant label
(or follows a predefined distribution), providing a benchmark for evalu-
ating other models. In our pLOS experiments (e.g., LOS > 8 days), it
served as a lower bound for meaningful clinical performance.
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— LogisticRegression: A linear model for binary (or multinomial) clas-

sification that models the probability of class membership using the lo-
gistic function:

1
1+ exp (=(Bo + 87x))’

For multinomial classification, the softmax function is used to generalize
this formulation. Its coefficients can be interpreted to highlight how each
patient feature affects the probability of pLOS.

Ply=1Jx) =

SVC / LinearSVC: Support Vector Classifiers seek the optimal hy-
perplane that maximizes the margin between classes. For a linear SVM,
the decision function is:

f(x) =wlx 40,

and classification is made by the sign of f(x). Kernelized SVCs extend
this approach to nonlinearly separable data by implicitly mapping inputs
into a higher-dimensional space, which can be crucial when classifying
patients with highly variable clinical trajectories.

KNeighborsClassifier: A non-parametric method that assigns a class
label to a new instance based on the majority label among its k nearest
neighbors (using, for example, the Euclidean distance). This approach
can identify local patterns within patient subpopulations (e.g., specific
comorbidities or triage groups).

DecisionTreeClassifier: Constructs a tree by recursively partitioning
the feature space according to criteria such as the Gini impurity. The
Gini index at a node is defined as:

Gini=1— Z p?,
J
where p; represents the proportion of samples belonging to class j.

GradientBoostingClassifier: Similar to its regression counterpart,
this method builds an ensemble of weak learners sequentially, with each
subsequent classifier trained to correct the errors of the combined en-
semble. The final decision function is given by:

F6) = 3 fn(x),
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with the aggregated output typically transformed (e.g., via a sigmoid or
softmax) to yield class probabilities or labels.

— AdaBoostClassifier: An adaptive boosting method that iteratively
reweights misclassified instances and combines weak classifiers into a
strong ensemble using a weighted majority vote. For binary classifica-
tion, the standard decision function is defined as:

f(x) = sign <Z oy hy (x)) .

For multiclass classification, the aggregation mechanism may differ. By
emphasizing misclassified samples at each iteration, this method can be
particularly useful in cases where certain subsets of patients (like those
with rare conditions) are repeatedly misclassified in standard models.

— RandomForestClassifier: An ensemble of decision trees (each trained
on a bootstrap sample and a random subset of features) that predicts
the class label based on majority voting. It often excels on healthcare
data with numerous partially redundant features.

— XGBClassifier: Implements extreme gradient boosting for classifica-
tion tasks by minimizing a regularized loss function, thereby combining
many weak learners (typically decision trees) into a highly accurate clas-
sifier.

— LGBMClassifier: A gradient boosting classifier based on Light GBM
that uses histogram-based algorithms for computational efficiency.

— CatBoostClassifier: A gradient boosting classifier optimized for cat-
egorical data, employing ordered boosting to prevent target leakage and
improve generalization.

— MLPClassifier: A multilayer perceptron for classification that consists
of one or more hidden layers with non-linear activation functions. It is
trained via backpropagation to minimize a loss function (typically cross-
entropy).

— StackingClassifier: An ensemble method that combines the predic-
tions of several base classifiers by training a meta-classifier on their out-
puts. A stacking predictor generally performs on par with the best
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base-layer predictor and may even surpass it by integrating their di-
verse strengths. For example, in pLLOS or ED flow classification, it can
unify distinct perspectives (e.g., linear, tree-based, and neural networks)
into a more robust predictor. However, its training is computationally
intensive.

— VotingClassifierHard: An ensemble that assigns the class label based
on a majority vote among different classifiers (hard voting), where each
classifier contributes an equal or weighted vote. Averaging or combining
equally performant models can mitigate individual weaknesses.

— VotingClassifierSoft: Similar to hard voting, but instead of class la-
bels, it averages the predicted class probabilities (soft voting) and assigns
the class with the highest aggregated probability.

C.2 Hyperparameter Selection and Optimiz-
ation Process

Hyperparameter optimization represents a critical yet often underreported
aspect of developing effective healthcare prediction models. For both the
hospital LOS prediction models described in Chapter 4 and the Emergency
Department (ED) pLOS prediction models presented in Chapter 5, we
implemented a systematic approach to hyperparameter tuning to yield
optimal performance while mitigating overfitting.

The hyperparameter search space was formulated based on both
domain-specific knowledge and established best practices in the machine
learning literature. All optimization procedures were conducted utilizing
a grid search methodology combined with stratified k-fold cross-validation
(k = 5) to ensure robust performance estimation across the heterogeneous
patient populations represented in our datasets. This involved defining a
parameter grid —for instance, specifying the range of tree depths, learn-
ing rates, and number of estimators for ensemble models such as Random
Forest and Gradient Boosted Trees— and exhaustively training and eval-
uating each combination of hyperparameters.

Tables C.1 to C.3 present the hyperparameter search grids explored
during GridSearchCV optimization for hospital LOS and pLOS prediction,
with optimal values indicated in bold typeface. Values for the Emergency
Departments scenario exhibit minimal differences.
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Table C.1: Hyperparameter Tuning Summary for Regressors.

Algorithm

Hyperparameters Grid Search

XGBoost

{‘colsample_bytree’: [0.3, 0.7],
‘gamma’: [0, 0.01, 0.1],
‘learning_rate’: [0.01, 0.1, 0.5],
‘max_depth’: [4, 6, 8],
‘n_estimators’: [100, 200, 500],

‘sampling_method’: [‘uniform’, ‘subsample’, ‘gradient_based’],

‘subsample’: [0.4, 0.6],
‘tree_method’: [‘hist’],
‘eval_metric’: [‘rmse’],
‘objective’: [‘reg:squarederror’]}

CatBoost

{‘n_estimators’: [100, 1000, 2000],
‘learning_rate’: [0.01, 0.05]}

Ridge

{*alpha’: [0.1, 1, 10, 50, 100, 250, 500, 750, 1000]}

Gradient Boosting

{‘n_estimators’: [100, 500, 1000],

‘max-depth’: [3, 5, 7],

‘min_samples_split’: [2, 5, 7],

‘learning_rate’: [0.01, 0.1],

‘loss’: [‘sqrd_error’, ‘abs_error’, ‘huber’, ‘quantile’]}

Light GBM

{‘n_estimators’: [500, 700, 1000],
‘boosting_type’: [‘gbdt’],
‘learning_rate’: [0.01, 0.05],
‘objective’: [‘regression’]}

Elastic-net

{‘alpha’: [0.1, 1, 10, 100, 1000],
‘11_ratio’: [.01, .1, .5, .9, .95, 1]}

SVR {‘kernel’: [‘linear’, ‘rbf’, ‘poly’],
‘degree’: [2, 3],
‘gamma’: [‘scale’, ‘auto’],
“¢’: [0.01, 0.1, 1],
‘epsilon’: [0.01, 0.1, 1, 2]}
Lasso {‘alpha’: [0.1, 1, 10, 50, 100, 250, 500, 750, 1000]}

Random Forest

{‘n_estimators’: [10, 400, 500],

‘criterion’: [‘sqred_error’, ‘friedman_mse’, ‘abs_error’, ‘poisson’],

‘bootstrap’: [True, False],
‘oob_score’: [True, False]}

K-Nearest
Neighbors {‘n_neighbors’: [5, 10, 20, 30],

‘weights’: [‘uniform’, ‘distance’],

‘algorithm’: [‘auto’, ‘ball_tree’, ‘kd_tree’, ‘brute’]}
AdaBoost {‘n_estimators’: [50, 100, 200, 500, 1000],

‘learning_rate’: [0.01, 0.1],
‘loss’: [‘linear’, ‘square’, ‘exponential’]}

Multi-Layer
Perceptron

{‘hidden_layer_sizes’: [(512, 256, 128,)],
‘activation’: [‘relu’],

‘solver’: [‘adam’],

‘batch_size’: [64, 128, 256, 512],
‘max_iter’: [100, 200, 300, 400],}

Decision Tree

{‘criterion’: [‘sqrd_error’, ‘friedman_mse’, ‘abs_error’, ‘poisson’],

‘splitter’: [‘best’, ‘random’]}




172 Digital Transformation and ML Applied to Public Healthcare

Table C.2: Hyperparameter Tuning Summary for Multi-Class Classifiers.

Algorithm Hyperparameters Grid Search

XGBoost {‘colsample_bytree’: [0.3, 0.7, 0.8],
‘gamma’: [0, 0.01, 0.05, 0.1],
‘learning_rate’: [0.01, 0.1, 0.5],
‘max_depth’: [2, 3, 4, 6],
‘n_estimators’: [100, 200, 500],
‘subsample’: [0.4, 0.6, 0.9],
‘tree_method’: [‘hist’],
‘objective’: [‘multi:softprob’]}

CatBoost {‘n_estimators’: [1000, 2000, 3500, 4000],
‘learning_rate’: [0.01, 0.05],
‘depth’: [5],
‘loss_function’: [*“MultiClass’]}
Gradient Boosting {‘n_estimators’: [100, 400, 500, 1000],

‘max_depth’: [3, 5, 7],
‘min_samples_split’: [2, 5, 7],
‘learning_rate’: [0.01, 0.1],
‘loss’: [‘log_loss’, ‘exponential’]}

LightGBM {‘n_estimators’: [500, 700, 1000],
‘boosting_type’: [‘gbdt’],
‘learning_rate’: [0.01, 0.05],
‘objective’: [‘multiclass’],
‘metric’: [‘multi_logloss’]}

SvC {‘kernel’: [‘linear’, ‘rbf’, ‘poly’],
‘degree’: [2, 3],
‘gamma’: [‘scale’, ‘auto’],
‘C: [0.01, 0.1, 1.5]}

Random Forest {‘n_estimators’: [10, 100, 400, 500],
‘criterion’: [‘gini’, ‘entropy’, ‘log-loss’],
‘bootstrap’: [True, False],
‘oob_score’: [True, False]}

K-Nearest

Neighbors {‘n_neighbors’: [5, 10, 20, 30, 40],
‘weights’: [‘uniform’, ‘distance’],
‘algorithm’: [‘auto’, ‘ball_tree’, ‘kd-tree’, ‘brute’]}
Logistic Regression {C’: np.logspace(0, 4, 5),
‘11_ratio’: np.linspace(0, 1, 5),
‘penalty’: [11°, ‘127, ‘elasticnet’],
‘solver’: [‘lbfgs’, ‘newton-cg’, ‘newton-cholesky’, ‘sag’, ‘saga’],
‘multi_class’: [‘ovr’]}
AdaBoost {‘n_estimators’: [50, 100, 200, 500],
‘learning_rate’: [0.01, 0.1]}

Multi-Layer

Perceptron {‘hidden_layer_sizes’: [(512, 256, 128,)],
‘activation’: [‘relu’],
‘solver’: [‘adam’],
‘batch_size’: [64, 128, 256, 512],
‘max.iter’: [100, 200, 300, 400],}
Decision Tree {‘criterion’: [‘gini’, ‘entropy’, ‘log_loss’],
‘splitter’: [‘est’, ‘random’]}
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Table C.3: Hyperparameter Tuning Summary for Binary Classifiers.

Algorithm Hyperparameters Grid Search

XGBoost {‘colsample_bytree’: [0.3, 0.7, 1],
‘gamma’: [0, 0.01, 0.05, 0.1],
‘learning_rate’: [0.01, 0.3, 0.5],
‘max-depth’: [2, 3, 4, 6],
‘n_estimators’: [100, 200, 500],
‘subsample’: [0.4, 0.6, 1],
‘tree_method’: [‘auto’],
‘objective’: [‘binary:logistic’]}

CatBoost {‘n_estimators’: [1000, 2000, 3500, 4000],
‘learning_rate’: [0.01, 0.05],
‘depth’: [5]}

Gradient Boosting {‘n_estimators’: [100, 400, 500, 1000],

‘max_depth’: [3, 5, 7],
‘min_samples_split’: [2, 5, 7],
‘learning_rate’: [0.01, 0.1],
‘loss’: [‘log_loss’, ‘exponential’]}
Light GBM {‘n_estimators’: [500, 700, 1000],
‘boosting_type’: [‘gbdt’],
‘learning_rate’: [0.01, 0.05]}
Linear SVC {‘penalty’: [‘11’, ‘12°],
‘loss’: [‘hinge’, ‘squared_hinge’],
‘dual’: [‘auto’],
‘C’: [0.01, 0.1, 1.5]}
Random Forest {‘n_estimators’: [10, 100, 400, 500],
‘criterion’: [‘gini’, ‘entropy’, ‘log-loss’],
‘bootstrap’: [True, False],
‘oob_score’: [True, False|}

K-Nearest
Neighbors {*n_neighbors’: [5, 10, 20, 30, 40],
‘weights’: [‘uniform’, ‘distance’],
‘algorithm’: [‘auto’, ‘ball_tree’, ‘kd_tree’, ‘brute’]}
Logistic Regression {‘C’: np.logspace(0, 4, 5),
‘11_ratio’: np.linspace(0, 1, 5),
‘penalty’: [‘11°, ‘12°, ‘elasticnet’],
‘solver’: [‘lbfgs’, ‘newton-cg’, ‘newton-cholesky’, ‘sag’, ‘saga’]}
AdaBoost {‘n_estimators’: [50, 100, 200, 500],
‘learning_rate’: [0.01, 0.1]}

Multi-Layer

Perceptron {*hidden_layer_sizes’: [(512, 256, 128,)],
‘activation’: [‘relu’],
‘solver’: [‘adam’],
‘batch_size’: [64, 128, 256, 512],
‘max_iter’: [100, 200, 300, 400],}
Decision Tree {‘criterion’: [‘gini’, ‘entropy’, ‘log_loss’],
‘splitter’: [‘best’, ‘random’]}

Performance was evaluated using both error-based metrics (e.g., mean
absolute error, root mean squared error) and goodness-of-fit measures (e.g.,
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R2-score and adjusted R2?-score) in regression analyses. For the prediction
of LOS as either a multiclass or binary outcome, performance was as-
sessed using multiple classification metrics, including F1-score, area under
the receiver operating characteristic (ROC) curve, and the area under the
Precision-Recall curve. These evaluations served as the basis for model
selection, guiding the choice among candidate models and informing sub-
sequent hyperparameter tuning. In Chapter 5, this methodological frame-
work was expanded to incorporate iterative refinements in learning rates
and layer architectures for neural network—based classifiers, implement-
ing random search in specific instances to traverse larger hyperparameter
spaces more efficiently. Throughout the optimization process, we tracked
not only predictive accuracy but also training time and model stability.

The final selected configurations were then retrained on the entire train-
ing set, ensuring robust parameter estimation prior to deployment within
hospital ward and ED settings.

C.2.1 Evaluating Performance under Class Imbalance

In regression tasks —such as predicting LOS as a continuous variable—
common error metrics (e.g., MAE, MSE, RMSE, and R2?) provide valuable
insights into model performance and are inherently insensitive to issues
of class imbalance, as they assess the quality of continuous predictions
rather than categorizing outcomes. In contrast, classification tasks under
imbalanced conditions require a broader set of evaluation metrics to fully
characterize model performance. This was evident in our experiments on
classifying prolonged LOS as a binary outcome (0 = non-pLOS, 1 = pLOS)
in EDs, where a baseline classifier that solely predicted the majority class
achieved high accuracy (80%) yet offered no meaningful information re-
garding pLOS identification. Instead, precision and recall were found to
be more informative.

Precision, defined as the proportion of true positive predictions among
all predicted positives, assesses the model’s ability to avoid false positives.
Conversely, recall (or sensitivity) measures the proportion of actual positive
cases correctly identified and is essential for minimizing false negatives.

Our experiments revealed that precision was remarkably relevant for
hospital ward admissions, with high precision scores in Gradient Boosting
classifiers indicating the model’s effectiveness in minimizing false positives.
This is critical for preventing unnecessary resource allocation to patients



Digital Transformation and ML Applied to Public Healthcare

175

incorrectly flagged as requiring prolonged stays. On the other hand, recall
was more significant in the ED setting, where failing to detect a pLOS case
could be detrimental, leading to inadequate resource allocation or contrib-
uting to overcrowding. Our best-performing models, such as XGBoost,
maximized recall by correctly identifying most pLOS cases, albeit at the
expense of some false positives.

The F1-score, representing the harmonic mean of precision and recall,
emerged as the most balanced metric, especially for ward-level pLLOS pre-
diction, where both false positives and false negatives have significant op-
erational implications. However, its usefulness varied depending on clinical
objectives: in scenarios where false negatives were more costly (e.g., pre-
venting premature discharges), recall was prioritized over the Fl-score.

Cohen’s Kappa and the Matthews Correlation Coefficient (MCC)
provided additional insights by accounting for chance agreement and class
distribution skewness. In our ED experiments, MCC outperformed raw
accuracy in distinguishing effective models from misleading ones. Log
Loss (or Cross-Entropy Loss) demonstrated particular value in probab-
ilistic modeling, as it penalized misclassifications more heavily when asso-
ciated with low probability scores. In our ED dataset, lower log loss values
correlated with well-calibrated probability scores, aiding clinicians in risk
assessment.

Threshold-based evaluation metrics, such as the area under the ROC
curve (AUC-ROC) and the area under the Precision-Recall curve (AUC-
PR), offered deeper insights into model performance across a range of
decision thresholds. While AUC-ROC was useful in relatively balanced
scenarios (e.g., hospital ward predictions with a nearly even LOS class
distribution), AUC-PR served as a more reliable indicator in highly im-
balanced settings like EDs, where prolonged stays were less frequent but
critical. The Precision-Recall curve consistently demonstrated the superior
performance of ensemble models, particularly XGBoost, Light GBM, and
CatBoost, across various threshold settings.

The selection of evaluation metrics for LOS and pLOS prediction should
be guided by the relative costs of misclassification. If missing a pLOS case
is more harmful than incorrectly flagging a non-pLOS patient, prioritizing
recall to minimize false negatives is advisable. However, if timely discharge
planning is the primary concern, precision may be favored to mitigate risks
associated with premature discharge, including insufficient recovery time,
increased complication rates, compromised patient safety, and a higher
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likelihood of readmission. More specifically, in scenarios focused on redu-
cing unnecessary prolonged stays and optimizing bed turnover in hospital
wards, emphasis should be placed on precision and the F1-score to prevent
excessive false positives. Conversely, ED settings should prioritize recall
and AUC-PR to maximize the detection of high-risk cases.

Ultimately, the choice and prioritization of metrics should align with
specific clinical and operational objectives, ensuring that predictive models
not only achieve statistical accuracy but also support effective decision-
making in patient flow management.

C.3 Machine Learning Pipeline Design

In developing predictive models for LOS estimation, a flexible, general-
purpose pipeline was designed to systematically process both structured
and unstructured data. This modular framework, configurable through
parameter settings, encompasses data preprocessing, feature selection, text
vectorization, and model training, ensuring a standardized and efficient
approach to managing diverse data sources. A Python implementation of
the pipeline’s construction is presented in Listing C.1.

1 def create_pipeline(model, is_regression=True, use_diagnosis=False):

2 CustomPipeline =

3 ImbalancedPipeline if (apply_smote and not is_regression) else Pipeline
4

numeric_transformers = CustomPipeline(steps=[(’scaler’, StandardScaler())])
6 categorical_transformers = CustomPipeline(steps=[(’onehot’, OneHotEncoder())])

8 if use_diagnosis:

9 text_transformers_steps = []

10 if vectorization_type == vectorization_type_tfidf:

11 text_transformers_steps.append((’vectorizer’, NLTKTokenizer()))

12 elif vectorization_type == vectorization_type_fasttext:

13 text_transformers_steps.append((’vectorizer’, FasttextVectorizer(
aggregation=’mean’)))

14 elif vectorization_type == vectorization_type_bert:

15 text_transformers_steps.append((’vectorizer’, BertVectorizer()))
16 if apply_pca_to_vectorization:

17 text_transformers_steps.append((’pca’, PCA(n_components=
pca_n_components, random_state=random_seed)))
18 text_transformers = CustomPipeline(steps=text_transformers_steps)

transformers = [(’num’, numeric_transformers, numeric_features),
(’cat’, categorical_transformers, categorical_features)]
if use_diagnosis:
transformers.append((’text’, text_transformers, textual_feature))
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steps = [(’preprocessor’, ColumnTransformer (transformers))]

if not skip_select_k_best_features:
feature_selector_scorer =
mutual_info_regression if is_regression else f_classif
steps.append((’select_k_best’,
SelectKBest (score_func=feature_selector_scorer, k=kbest_size)))

if apply_smote and not is_regression:
steps.append((’oversampling’, SMOTE(random_state=random_seed)))
#steps.append((’oversampling’, ADASYN(random_state=random_seed)))

steps.append((’model’, model))
pipeline = CustomPipeline(steps=steps)

return pipeline

Listing C.1: Pipeline Construction

During preprocessing, numerical variables are normalized to facilitate
comparability across different scales, while categorical attributes are en-
coded for seamless integration into machine learning models. In addition, a
feature selection mechanism identifies the most informative variables based
on statistical relevance to optimize predictive performance. For classific-
ation tasks, a supplementary step involving the Synthetic Minority Over-
sampling Technique (SMOTE) can be applied to address class imbalances,
thereby improving the model’s ability to generalize across diverse patient
populations.

The pipeline also provides three mutually exclusive text vectorization
techniques, each employing a distinct tokenization strategy. The first ap-
proach utilizes the NLTK tokenizer in combination with Term Frequency-
Inverse Document Frequency (TF-IDF) vectorization. This method seg-
ments text into individual tokens, filters out common stopwords, and stand-
ardizes case to enhance consistency. TF-IDF is widely adopted in contexts
where a deep semantic understanding is not essential, as its straightfor-
ward implementation and interpretability make it a practical choice when
context-dependent linguistic nuances are of lesser importance. The NLTK
tokenizer implementation is shown in Listing C.2.

class NLTKTokenizer (BaseEstimator, TransformerMixin):
def __init__(self, stopwords=None, punct=None):
self.stopwords = stopwords or words_to_exclude
self.punct = punct or set(string.punctuation)

def transform(self, X):
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def tokenize(text):
tokens = word_tokenize(text, language=’italian’)
filtered_tokens = [word.lower() for word in tokens if word.lower() not in
self.stopwords and word not in self.punct]
return ’ ’.join(filtered_tokens)

return [tokenize(doc) for doc in X]

Listing C.2: NLTK Tokenizer

The second approach employs the FastText vectorizer, which generates
word embeddings based on a pretrained language model. Unlike TF-IDF,
which treats words as discrete entities, FastText represents words as dense
vectors in a high-dimensional space, preserving their semantic relation-
ships. This method proves particularly effective in recognizing variations
in word forms (e.g., inflection and derivation) and capturing meaningful
similarities between related terms; however, while FastText embeddings
improve generalization, they do not dynamically adjust word meanings
based on the surrounding context. The FastText vectorizer implementa-
tion is provided in Listing C.3.

class FasttextVectorizer (BaseEstimator, TransformerMixin):
def __init__(self, aggregation=’mean’):
self.model = fasttext.load_model(’models/fasttext_cc.it.300.bin’)
self.agg_func = np.mean if aggregation == ’mean’ else np.sum

def transform(self, X):
return np.array([
self.agg_func(
[self.model.get_word_vector(word) for word in text.split()],
axis=0
) for text in X
D

Listing C.3: FastText Tokenizer

The third technique leverages BERT-based vectorization, integrating
deep learning to generate context-aware representations of textual data.
Through a pretrained transformer model, the BERT tokenizer encodes
entire sentences, preserving syntactic structures and dynamically adapt-
ing word representations according to their usage within a given context.
This enables a more nuanced understanding of linguistic variations, mak-
ing BERT particularly well-suited for specialized domains, such as med-
ical applications, where terminology often carries highly context-dependent
meanings. The BERT vectorizer implementation is included in Listing C.4.
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class BertVectorizer (BaseEstimator, TransformerMixin):
def __init__(self):
self.device = torch.device(’cuda’ if torch.cuda.is_available() else ’cpu’)
self.tokenizer = BertTokenizer.from_pretrained(’bert-base-italian-xxl-uncased’
)
self.bert_model = BertModel.from_pretrained(
"bert-base-italian-xxl-uncased", output_hidden_states=True
) .to(self.device)

def transform(self, X):
tokenized_texts = X.apply(lambda x: self.tokenizer.encode(x,
add_special_tokens=True))
max_len = max(map(len, tokenized_texts))
all_embeddings = []

with torch.no_grad():
for text, tk_txt in zip(X, tokenized_texts):
padded_text = np.array(tk_txt + [0] * (max_len - len(tk_txt)))
attention_mask = np.where(padded_text != 0, 1, 0)

padded_text_tensor = torch.tensor(padded_text, dtype=torch.long).to(
self.device) .unsqueeze (0)

attention_mask_tensor = torch.tensor(attention_mask, dtype=torch.long)
.to(self.device) .unsqueeze (0)

outputs = self.bert_model(padded_text_tensor, attention_mask_tensor)
embeddings = outputs.last_hidden_state[:, 0, :].cpu().numpy()
all_embeddings.append (embeddings[0])

return np.vstack(all_embeddings)

Listing C.4: BERT Tokenizer

Within the context of public healthcare, our evaluations indicate that
BERT-based vectorization is the most effective method for text repres-
entation. Although TF-IDF and FastText offer simpler alternatives that
may be suitable for less complex textual data, their inability to capture
contextual dependencies limits their effectiveness in tasks requiring precise
linguistic comprehension. Nonetheless, the modular design of the pipeline
ensures that the most appropriate vectorization technique can be selected
based on specific analytical requirements, providing adaptability across
different applications.



Appendix D

Deployment of the
MondrIAn CEBMS

D.1 HL7 Integration

Modern healthcare landscape is characterized by a multitude of vendor-
specific systems, each tasked with managing distinct aspects of patient
care and administration. From billing and medication management to
clinical documentation and patient tracking, these disparate systems re-
quire seamless data exchange to optimize care coordination and system
performance.

Health Level Seven (HLT7) is a globally recognized suite of standards
designed to facilitate the transfer of clinical and administrative health data
between software applications [196]. Established by Health Level Seven In-
ternational in 1987, these protocols operate at the application layer —the
seventh layer of the Open Systems Interconnection model— and have been
widely adopted by major organizations, including the American National
Standards Institute (ANSI) and International Organization for Standard-
ization (ISO). Primary specifications addressing core health data interop-
erability requirements include:

— Version 2.z Messaging Standard: Established in 1989, the HL7 Ver-
sion 2 (HL7v2) messaging standard supports hospital workflows by
defining electronic messages for a variety of administrative, logistical,
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financial, and clinical processes. Commonly referred to as “Pipe-
hat”, this standard uses a non-XML encoding syntax structured by
segments (lines) with composite fields, components within compos-
ites, and subcomponents within components. The standard utilizes
specific delimiters, such as the carriage return for segment separa-
tion, vertical bar (|) for field separation, caret (*) for component
separator, ampersand (&) for subcomponent separator, hash (#) for
truncation separator, and tilde (~) for repetition separator. Each
segment begins with a three-character code identifying its type and
specifying the category of information contained. Every message has
“MSH” as its first segment, which denotes the message type and
determines the subsequent segment sequence.

— Version 38 Messaging Standard: Developed between 1995 and 2005,
HL7 Version 3 (HL7v3) represents a significant advancement in
healthcare data standardization. Incorporating a formal methodo-
logy known as the Health Development Framework (HDF') and lever-
aging object-oriented principles, HL7v3 introduces the Reference In-
formation Model (RIM), a static model that structures healthcare
data with rigid types and XML-based messaging. Although more
complex than its predecessor, HL7v3 offers a secure message format
that supports comprehensive healthcare workflows.

— Clinical Document Architecture (CDA): Based on HL7v3, the CDA
standard provides a markup language for the structured exchange of
clinical documents, including patient summaries, specialist reports,
and discharge notes.

— Fast Healthcare Interoperability Resources (FHIR): FHIR is a mod-
ern, extensible interoperability standard designed to simplify data
exchange using HTTP-based RESTful protocols. It supports JSON
and XML formats and incorporates OAuth for secure access and
ATOM for efficient data querying.

The choice between HL7 standards depends on organization’s specific
requirements, existing infrastructure, and strategic objectives. For in-
stance, FHIR’s flexibility and ease of use make it suitable for modern web
applications, while HL7v2 remains popular in legacy systems because of
its simpler structure and lower implementation complexity.
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Many healthcare institutions continue to utilize HL7v2 messaging due
to its ability to support interoperability among critical healthcare systems,
including Patient Administration Systems, Electronic Health Records, and
Laboratory and Radiology Information Systems. This standard remains
widely supported by all major health informatics vendors, ensuring broad
integration. Additionally, the backward compatibility of HL7v2 across its
versions allows for continuity as the standard evolves.

D.1.1 ADT Messaging System

HL7 defines a range of message types tailored to various healthcare
functions, such as ACK (General Acknowledgment), ADT (Admit, Dis-
charge, Transfer), MDM (Medical Document Management), ORM (Phar-
macy /treatment Order Management), and QRY (Query).

ADT messages, integral to HL7v2, facilitate essential notifications for
patient admissions, transfers, and discharges, supporting patient care align-
ment across healthcare providers. These messages inform relevant person-
nel of a patient’s status, improving follow-up and communication, espe-
cially for patients with complex or chronic conditions. ADT messages help
track frequent healthcare users, guiding them toward appropriate clinical
and non-clinical interventions to reduce unnecessary emergency visits and
hospital readmissions.

Key ADT message types include ADT-A01 (patient admission), ADT-
A02 (patient transfer), ADT-A03 (patient discharge), ADT-A04 (patient
registration), ADT-A08 (patient information update), and ADT-A12 (can-
cel patient transfer).

Each message type serves a distinct function, ensuring efficient informa-
tion exchange for timely and coordinated care. For example, an ADT-A08
message, used for patient information updates, alerts systems to changes
in a patient’s address or name. The ADT-A04 message, related to patient
registration, notifies systems when a patient arrives as an outpatient.

MondrIAn leverages HL7 standards (either Version 2 or Version
3) to achieve integration with hospital information systems. Notably,
integration with the ADT system is bidirectional, enabling automatic
notifications when bed managers determine to reserve beds in advance or
perform patient pre-assignments.

Examples of relevant messages follow below.
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Listing D.1: Patient Admission Message (ADT-01).
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Listing D.2: Patient Discharge Message (ADT-03).
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Listing D.3: Patient Transfer Message (ADT-02).
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Listing D.4: Patient Data Modification Message (ADT-08).

o

D.2 Deployment Workflow

Deploying web applications in healthcare requires careful consideration of
security, scalability, and integration with existing technological infrastruc-
tures. The MondrIAn Cooperative Electronic Bed Management System
(CEBMS) is hosted in a data center of the Regione Emilia-Romagna. The
application serves multiple healthcare institutions through a multi-tenant
design, where each hospital maintains isolated data while sharing com-
putational capacity. This approach optimizes resource utilization while
safeguarding data segregation and security.

A multi-tiered architecture separates concerns between client interac-
tion, business logic, and data persistence (Figure D.1).

The Django web framework provides the foundation for the applica-
tion, offering built-in security features, authentication and authorization
mechanisms, a first-class Object-Relational Mapper (ORM) for database
interactions, and a template engine for dynamic content generation. While
Django includes an embedded web server for development purposes, its use
in production environments is strongly discouraged due to limitations in
performance and security. MondrIAn employs Gunicorn for handling re-
quests. Gunicorn is a Python Web Server Gateway Interface (WSGI) that
supports concurrent processing through multiple parallel workers and in-
tegrates seamlessly with various web frameworks, including Django. In this
deployment, Gunicorn is configured with Uvicorn workers to provide com-
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patibility with the Asynchronous Server Gateway Interface (ASGI), allow-
ing the system to handle asynchronous protocols effectively, such as those
required for the chat application embedded within the CEBMS. However,
as Gunicorn is not designed to handle all functionalities of a traditional
HTTP server —such as serving static assets efficiently— the stack incor-
porates NGINX on top as a high-performance HTTP server. NGINX acts
as a reverse proxy with SSL termination and a load balancer, efficiently
routing client requests to backend servers and distributing traffic to ensure
system reliability. User requests are first routed through NGINX, which
then forwards them to Gunicorn, where they are processed by the Django
application.

Client Layer

ProxyjLayer

Nginx Reverse Proxy

Application Layer HIs Yayer

Gunicom + Uvicorn Hospital ADT System

T

Integration Layer

I Diango Layer il

Django Application Mirth Connect

L=
Django REST Frameviork

Background Jobs ML Prediction Service

§ Dpeh Layer
\ et Lay

PostgreSQlL ML Model Storage

Figure D.1: Layered Architecture of the MondrIAn CEBMS.

Data persistence is handled by PostgreSQL, a highly reliable and scal-
able relational database management system (RDBMS). PostgreSQL is
renowned for its robust data storage, transactional integrity, and advanced
features such as table partitioning and native support for JSON data types,
making it an ideal choice for complex data management needs. To further
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optimize system performance, REDIS is employed as an in-memory key-
value data store. This caching mechanism significantly reduces database
load and accelerates response times, ensuring a smooth user experience.

Python virtual environments are used to isolate dependencies, avoiding
conflicts between packages and promoting maintainability throughout the
system’s lifecycle.

Security measures implemented encompass SSL/TLS encryption for all
data in transit, regular security updates and patch management, network
segmentation and firewall configuration, role-based access control (RBAC)
for multi-tenant isolation. User authentication is managed via integration
with the corporate LDAP system.

Business logic customization is supported through a dedicated layer
responsible for synchronizing, processing, and mapping data across user
interfaces and hospital information systems. This design facilitates a clear
separation between the view and data layers while allowing adjustments to
accommodate institutional differences in data aggregation and processing.

Integration with hospital ADT and ED systems is achieved through
Mirth Connect, an open-source integration engine widely used in health-
care. Mirth Connect allows healthcare systems —such as EHR, HIS, and
Laboratory Information Systems (LIS)— to communicate and exchange
data by transforming and routing messages. It supports multiple versions
of HL7 (e.g., HL7v2) and can handle both inbound and outbound mes-
sages, ensuring full interoperability between platforms. It also provides
tools to map and transform data from one representation to another, facil-
itating integration between systems that use different data formats (e.g.,
converting HL7 messages to XML, JSON, or other formats as required
by the receiving party) and employs a scripting language (JavaScript) to
perform complex transformations, custom logic, and business rule applica-
tions on the data as it passes through. Mirth Connect can route messages
based on conditions (e.g., message type, patient identifier) to the appropri-
ate destination system, organizing workflows into channels, each defining
data sources, transformations, routing, and destinations. This modular
structure allows healthcare organizations to manage complex integrations
by configuring different workflows for different message types and data
streams. Mirth Connect is highly customizable and can be scaled to man-
age large volumes of messages, which makes it suitable for both small clin-
ics and large hospital networks. The MondrlAn platform leverages Django
REST framework to expose RESTful API endpoints for system integration
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through Mirth protocols (Figure D.2).
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Forward Request
-
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|

Return Response

Web Browser Nginx Proxy Django App REST APl ML Service PostgreSQL

Figure D.2: Sequence Diagram of Standard and LM Prediction Requests
in MondrIAn.

The Cooperative EBMS incorporates a machine learning model —
implemented using the scikit-learn library— to predict the expected pa-
tient length of stay. Upon assigning a patient to a bed, this model is
invoked through a dedicated API to estimate the most likely LOS cat-
egory (1-3 days, 4-10 days, or over 10 days) based on a range of features,
including patient demographics, clinical condition, and admission-related
factors. This predictive capability empowers bed managers to proactively
plan discharges, optimize bed allocation, and streamline patient flow. A
scheduled task regularly updates predictions to account for changes in the
patient’s condition, thereby assisting the bed management team in refining
discharge planning accordingly.

In this study, the BentoML framework was selected to serve the Cat-
Boost ML model employed by MondrIAn. BentoML is an open-source
platform designed to streamline the process of serving and deploying ML
models. It offers robust support for Docker containerization and enables



188

Digital Transformation and ML Applied to Public Healthcare

inference models to be exposed as RESTful APIs, ensuring seamless integ-
ration with web applications.
The ML deployment process involved several stages:

Model Development. The CatBoost library, integrated within scikit-
learn, was employed to develop and train the base model.

Service Encapsulation. The serialized model was then integrated
into the BentoML framework, which natively supports CatBoost,
and wrapped within a service.

import bentoml
import pickle

# Load the trained model
with open("los_model_v20240911.pkl", "rb") as f:
model = pickle.load(f)

# Save the model to BentoML model store
bento_model = bentoml.catboost.save_model("los_model", model)

Listing D.5: Model Versioning and Serialization into Store.

API Endpoint Creation. An API endpoint was created to handle
incoming HTTP POST requests and serve model predictions.

from bentoml import Service
from bentoml.io import JSON
import bentoml.catboost

# Load the model from BentoML model store
svc = Service(name="los_service")

@svc.api(input=JSON(), output=JSON())
def predict(input_data):
# Perform prediction using the model
return model.predict(input_data)

Listing D.6: Model Encapsulation within a Service.

Containerization. The API service, along with all necessary depend-
encies and configuration files, was packaged into a Docker container,
ensuring portability and scalability of the deployed model.

bentoml containerize los_service:latest
docker run -p 5000:5000 los_service:latest
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Deployment. The Docker container was deployed to expose the
RESTful API interface for accessing model predictions, allowing the
Django backend to send input data via HTTP requests and receive
predictions in response.

import requests
from django.http import JsonResponse

def get_prediction(request):
input_data = request.data # input data is provided in the POST request
response = requests.post("http://localhost:5000/1los_predict", json=
input_data)
return JsonResponse(response.json())

Listing D.7: API Invocation.

This modular architecture decouples the model service from the application
backend, enhancing maintainability and scalability.

BentoML’s alignment with Machine Learning Operations (MLOps)
principles facilitated the seamless implementation of the following best
practices:

— Model Management and Versioning. Effective model management re-

lies on structured repositories with built-in version control, enabling
the storage of model iterations alongside associated metadata. Ver-
sioned models guarantee that updates can be controlled and rolled
back if necessary, supporting Continuous Integration and Continuous
Deployment (CI/CD) processes in machine learning.

Automated Deployment. Generating deployable artifacts, such as
Docker containers with pre-configured dependencies, ensures consist-
ency and efficiency in MLOps pipelines. Automating these work-
flows allow for the rapid deployment of updated models, meeting the
evolving requirements of data-driven systems.

API-Based Model Serving and Scalability. Machine learning models
can be deployed as RESTful APIs to facilitate integration with ex-
ternal applications and services. Deployment to scalable infrastruc-
tures, such as Kubernetes, secures high availability and efficient load
management, leveraging the system’s ability to handle production-
scale traffic effectively.
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— Monitoring and Logging. Continuous monitoring and logging are

integral to maintaining model performance in production environ-
ments. Logs capturing inference times, system metrics, and input-
output data provide valuable insights into operational behavior. Such
capabilities enable the detection of issues like data drift or model de-
gradation, ensuring timely interventions to maintain reliability and
accuracy.

Continuous Integration (CI) and Model Retraining. As new data be-
comes available or operational conditions evolve, machine learning
models require frequent updates to remain relevant. Automated re-
training workflows, integrated into CI/CD pipelines, streamline the
process of incorporating new data and validating updated models.
This approach delivers consistent performance and flexibility in re-
sponse to changing operational requirements.

Flexible Deployment Options. BentoML is compatible with various
deployment targets, including cloud platforms, on-premises environ-
ments, and edge devices. This flexibility aligns with MLOps require-
ments for adaptable deployment strategies that can be customized
based on the application context, data privacy concerns, and latency
requirements.

By adopting these MLOps practices, MondrIAn ensures its model’s
robustness, scalability and adaptability, which are essential for accurate
patient management in dynamic healthcare settings across interconnected
facilities.
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