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Abstract

This Ph.D. thesis explores the application of Information and Communication
Technology (ICT) in healthcare logistics, assessing its potential to rationalize
operations. At its core, this research primarily focuses on application of Opera-
tional Research methods to improve the efficiency and reliability of healthcare
systems.

Before assessing specific problem arising from real world, this study offers
an overview of the existing work in the field. Specifically, it highlights the
key contributions and the potential for optimization enabled by technological
progress.

Following this, the thesis progresses to its core scientific contribution, tack-
ling a challenge identified within the context of Facility Location problems,
specifically focusing on the strategic management of the Blood Supply Chain.
This study introduces two modeling frameworks: a case-based and a scenario-
based approach. Both are modeled using hard and soft constraints to represent
real-world conditions that should be adhered to. The objective is to balance
donor self-sufficiency with cost minimization in system management. The
scenario-based formulation is presented in two variations: an average-case and
a worst-case scenario, to address the sensitivity of the solution to perturbations
in conditions. The effectiveness of this approach is confirmed by a broad ex-
perimentation on a real case study in the Italian regions of Campania, Puglia,
and Lombardy.

After exploring Facility Location, the thesis shifts its attention to surgery
scheduling, addressing the challenges of Integrated Operating Room Planning
and Scheduling faced by hospitals. It introduces a tool based on two Integer
Linear Programs (ILPs) designed to optimize surgical schedules. The tool aims
to balance the maximization of performed elective surgeries with the manage-
ment of emergency operations. The first ILP aims to enhance room occu-
pancy, considering the potential arrival of emergencies that must be promptly
integrated into the schedule, thereby providing an initial plan for the surgical
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department. The second ILP operates in real time, re-optimizing the sched-
ule whenever there is a deviation from the planned activities, such as surgeries
lasting longer than expected or the arrival of an emergency case. This ensures
efficiency and responsiveness throughout the entire planning horizon. The ef-
fectiveness of these models is further underscored by their application to real
world data from a hospital in Naples.

Additionally, the thesis investigates the field of drone logistics, focusing on
potential application in healthcare delivery. It introduces an innovative Mixed-
Integer Linear Programming model to address the Flying Sidekick Traveling
Salesman Problem, employing a Branch and Cut approach. This method ad-
vances the field by representing the state of the art. This exploration not only
provides a new methodology to the existing literature but also opens to further
research in healthcare logistics, especially concerning the use of drones for
efficient and timely delivery.

In conclusion, this thesis covers a wide range of Operational Research ap-
plications in healthcare. It exploits issues ranging from strategic planning and
policy development to practical and logistical enhancements, providing a per-
spective on the potential and solutions in healthcare logistics influenced by
ICT advancements. Each part of the study addresses specific issues while col-
lectively offering a unified view of improving efficiency and effectiveness in
healthcare logistics.
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Introduction

In recent years, the global healthcare landscape has undergone rapid transfor-
mations, largely driven by developments in Information and Communication
Technology. This area includes new strategies in sensing, data analysis,
logistics, and robotics, all with the goal of making healthcare systems more
efficient and reliable. Leveraging the broad scope of the Ph.D. program in
Information and Communication Technology for Healthcare (ICTH) at the
University of Naples Federico II, which covers four key areas: Sensing for
Health, Data for Health, Logistics for Health, and Robotics for Health, this
thesis focuses specifically on the "Logistics for Health" aspect. The goal is to
identify opportunities and create practical solutions in the field of healthcare
logistics.

Recognizing the central role of health logistics in the healthcare system,
we see that this area is rich of strategies and technologies designed to enhance
the healthcare supply chain, optimize resource management, and ensure timely
service delivery. To further improve its efficiency, reduce costs, and promote
superior patient care, continuous refinement and innovation within this sector
are essential. This involves leveraging organized, data-driven, and adaptable
logistics systems. Taking a step in this direction, this thesis identifies three
key focus areas within the Logistics for Health pillar — Blood Supply Chain
Management, Integrated Operating Rooms Planning and Scheduling, and
last-mile logistics, with the goals of developing a mathematical framework
to address regional Blood Supply Chain inefficiencies considering various
factors and constraints; creating a tool to optimize surgery scheduling by
balancing operating room use and reactivity to unexpected events; and
developing a new approach to solve the Flying Sidekick Traveling Salesman
Problem in last-mile logistics, keeping in mind its possible future applications
in healthcare.
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Xii INTRODUCTION

This thesis is organized into four distinct parts, comprising five chapters. Each
chapter addresses a crucial aspect of healthcare logistics, integrating valuable
perspectives from ICTH.

Part 1, represented by Chapter 1, serves as an introduction to the Op-
erational Research in healthcare. It provides an overview of the current
landscape, helping readers understand the various tools and technologies
spread in the industry today, and also offers insights into the application of
Operational Research in health sector, highlighting significant advancements
and implementations.

Part 2, detailed in Chapter 2, tackle the changes proposed by the Italian
Healthcare Ministry for efficient the Blood Supply Chain management. The
chapter propose a mathematical modeling methodology to work towards a
system that is both efficient and adaptable to changing circumstances. It focus
on the practical implications of these models, aiming to demonstrate how they
can make the Blood Supply Chain more responsive and reliable.

Part 3 encompasses Chapters 3 and 4, address the Integrated Operating
Room Planning and Scheduling problem faced by a hospital in Naples using
a two-step strategy rooted into a Integer Linear Programming based optimiza-
tion tool. Specifically, Chapter 3 aims to provide an optimal weekly schedule
for the surgery department. This schedule focuses on elective surgeries, with
the aim to maximize room occupancy. It also ensures timely accommodation
of emergencies trying to minimize disruptions from unexpected events,
leading to a more resilient and efficient surgery schedule. On the other hand,
Chapter 4 address the dynamic aspects of the problem. If a surgery duration
varies from the initial plan or an emergency arises, the schedule is promptly
re-optimized. This ensures continued efficiency and adaptability, with a goal
to adhere closely to the initial schedule. Both chapters leverage real data from
the hospital for experimentation and analysis, offering insights that might
benefit other hospitals facing similar challenges.

Part 4, detailed in Chapter 5, investigates the applicability of solutions
from the Flying Sidekick Traveling Salesman Problem in healthcare. Al-
though healthcare is not the primary focus, the chapter introduces an
innovative approach to tackle vehicle synchronization issues, highlighting the
potential of such solutions to enhance healthcare logistics. This is especially
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relevant for transportation and delivery systems within the healthcare domain.

Each chapter stands alone in addressing specific challenges but also
comes together to provide a comprehensive view of the opportunities and
solutions in healthcare logistics leveraging ICTH innovations.

The primary objective of this thesis is to enhance efficiency and effec-
tiveness in healthcare logistics. It addresses challenges such as inefficiencies
in the Blood Supply Chain and surgery scheduling, along with issues in last-
mile delivery. The aim is to provide more than just theoretical understanding;
it focuses on delivering practical, actionable solutions that can substantially
improve logistics within the healthcare industry.

The research in these chapters has been done in collaboration with Pro-
fessors Maurizio Boccia, Adriano Masone, and Claudio Sterle from the
Optimization and Problem Solving Laboratory at the University of Naples
Federico II.

In conclusion, we want to underline that the studies discussed in the
chapters hold up well against or even lead in the current standards of the
topics they address. Indeed, they have led to papers that are submitted to or
published on some valuable journals in the Operations Research community.
Specifically, the research found in chapter 2 has lead to a paper and submitted
to Transportation Research Part E: Logistics and Transportation Review
journal. The work from chapter 3 and 4 resulted in two papers that are
submitted to Soft Computing and Operations Research for Health Care
journals. Lastly, the study discussed in chapter 4 has already been published
on Networks journal.






Chapter 1

Operational Research and
healthcare optimization: an
overview

Operational Research, traditionally rooted in decision-making and problem-
solving, uses advanced analytical techniques to improve system efficiency.
When applied to healthcare, it seeks to enhance patient outcomes, ensure
timely care delivery, and optimize resource utilization. This chapter provides
an introductory exploration into how these mathematical and analytical meth-
ods are applied in healthcare settings, highlighting their potential.

1.1 Introduction

In a world where societies are contending with demographic shifts marked
by declining birth rates in developed regions and increasing average life ex-
pectancy globally, the need to manage and improve how we spend on pub-
lic healthcare has become a pressing issue. Indeed, the demographic shift is
putting a significant strain on healthcare systems around the world, requiring
careful planning to ensure that resources adequately match the escalating de-
mand while preventing costs from spiraling out of control. At the same time,
the health of a nation citizens is closely linked with its economic stability, in-
creasing the imperative for governments to identify and pursue a sustainable
course of action. The situation is made even more complex by rapid advances
in medical technology. While these advances bring promising new ways to
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2 CHAPTER 1. OPERATIONAL RESEARCH AND HEALTHCARE

treat patients, they also come with higher costs. Indeed, governments find
themselves treading a delicate balance, needing to integrate the latest technol-
ogy without letting expenses escalate to unsustainable levels. In this intricate
scenario, the guidance from the Lancet Global Health Commission comes as
a decisive directive [131]]. The commission strongly advocates for nations to
not only increase their investments in Primary Health Care but also to channel
these investments more wisely through well-planned financial strategies. By
doing so, it aims to assist governments in navigating the delicate balance of in-
corporating the latest medical technologies while averting unsustainable cost
escalations, therefore encouraging a robust and economically stable healthcare
landscape.

Operational Research could play a vital role in this effort, helping to find
practical solutions to complex problems through mathematical analysis and
strategic thinking. Originating from strategic military operations during World
War II, Operational Research has evolved into an essential tool in various fields
such as transportation, logistics, and finance [[194]]. Utilizing a combination
of mathematical modeling, statistical analysis, and optimization techniques,
Operational Research facilitates informed and data-driven decision-making,
bringing a level of precision that is vital in today healthcare environment.

In more recent years, Operational Research evolved to expand its focus
from primarily addressing resource allocation and strategic planning to explor-
ing the operational issues, finding innovative solutions to systemic bottlenecks.
This progression forecasts a future where data-driven strategies, mathematical
programming, simulation, and heuristic algorithms are standard tools, empow-
ering both researchers and practitioners to tackle the complex optimization
challenges faced by the healthcare sector.

Indeed, Operational Research enables a thorough analysis of the diverse
optimization opportunities within healthcare systems. It aids in the strategic
placement of medical facilities and emergency response units, and guides the
careful management of resources, including skilled personnel and necessary
infrastructure. Furthermore, it aims to lead in the development of improved
treatment methods for common diseases, and devises strategies to prevent the
spread of infectious ones through proactive and controlled approaches [31].

Implementing Operational Research techniques in healthcare aims to sub-
stantially enhance the efficiency and effectiveness of healthcare systems. It
fosters a holistic approach where resources are allocated more efficiently,
schedules are fine-tuned to avoid bottlenecks, and treatment plans are devel-
oped with a high degree of precision, taking into account the specific needs of
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individual patients while ensuring a balanced system. The primary objective
is to enhance the quality of patient care while fostering an cost-effective and
high-performing environment.

In the remaining of the chapter, we break down the role of Operational

Research in healthcare, covering several key areas: service planning, resource
scheduling, logistics, medical therapeutics, disease diagnosis, and preventive
care, following the structure proposed in [231]]. This structure provides a clear
understanding of how Operational Research is applied across various facets of
the healthcare system.
In particular subsection [I.2] covers logistics and planning aspects, which lay
the groundwork for healthcare strategies. Subsection [I.2.3]address healthcare
management and its challenges. In subsection[I.3]we tackle the issue of health-
care practices. Finally, in subsection[I.4] we discuss specialized and preventive
care methods.

1.2 Healthcare logistics and planning

Healthcare planning has become increasingly more important in the modern
society. Indeed, as stated in Section |1.1| with an aging population and lower
birth rates, many countries are feeling the pressure to find extra budget and re-
sources to meet the healthcare needs of their citizens. This planning focuses on
several main aspects: forecasting future healthcare needs, determining optimal
locations for new healthcare centers and emergency vehicles, designing effi-
cient routes for individual vehicles and entire fleets, and ensuring the optimal
utilization of existing resources In the following sections, we explore these
topics in more detail, using insights from extensive research and real-world
case studies to provide an overview on the present state and upcoming trends
in healthcare planning.

1.2.1 Demand forecasting

Predicting the future demand for healthcare services is a vital first step in plan-
ning. As shown in [281]], demand forecasting is identified as a critical weak
link in health supply chains. Accurate forecasting is essential for planning, re-
source allocation, and logistics management. While there are both qualitative
and quantitative methods available for forecasting, the latter is often preferred
due to its reliance on hard data, which tends to offer more accurate predictions.

Numerous researchers have explored this field, creating models to more
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precisely forecast future demands. In this context, in [111]] is delineated a de-
tailed nine-step process that underscores the importance of utilizing reliable
historical data in forecasting healthcare service demand. Additionally, as dis-
cussed in [76], other scholars have explored various prevalent methods such
as trend-line and seasonality approaches to anticipate healthcare service de-
mands.

The reliability of different forecasting methods is examined in depth in
[146]. They utilized data from daily patient arrivals at the emergency depart-
ments of three distinct hospitals, evaluating several methodologies including
time series regression, exponential smoothing, seasonal auto-regressive inte-
grated moving average, and artificial neural network models.

A study presented in [33]], employed a wide array of data to define a
market-based approach to healthcare service forecasting. This approach con-
sidered factors such as demographic variations in service-area populations,
discharge utilization rates, and market dynamics to develop potential future
demand scenarios based on explicit assumptions and trends.

In [201] is introduced a two-step strategy to forecast both future demand
and capacity needs. Their strategy centered on crafting a comprehensive fa-
cility master plan that encompasses projected capacity and physician require-
ments.

In the study presented in [28]], the authors addressed the complexities of de-
mand forecasting and capacity management in emergency healthcare services.
In particular, they introduced an integrated approach that combines advanced
forecasting methods like neural networks and support vector regression with a
capacity management logic and stochastic simulation. This approach empow-
ers hospital managers to optimize resource allocation based on cost-benefit
analysis.

The work presented in [308] analyzed the rising trend of end-stage renal
disease population in the US. Utilizing historical data, the researchers fore-
casted developments up until 2010 through the application of step-wise auto-
regressive and exponential smoothing models. This research underscores the
pivotal role of data-driven strategies in predicting healthcare trends.

In [322]] is faced the challenge of scheduling nursing shifts in advance
when surgery demand is uncertain. Using seasonal auto-regressive integrated
moving average modeling and data from a trauma center, the research devel-
oped a predictive model for short-term daily surgical case forecasts. Testing
the proposed framework using long-term historical data, including holiday in-
dicators, the results demonstrate the model effectiveness in estimating surgical
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case volumes 2-4 weeks in advance, enabling more reliable staff scheduling in
healthcare facilities.

The study proposed in [269] addresses the challenge of managing blood
supplies due to supply uncertainty and short shelf life of blood products, which
often leads to wastage and shortages. The goal is to efficiently forecast blood
component supply at blood facilities. Two types of forecasting techniques,
time series (including ARIMA and seasonal ESM models) and machine learn-
ing (including ANN and multiple regression), were compared using five years
of historical data from the Taiwan Blood Services Foundation. The study found
that time series forecasting methods, particularly seasonal ESM and ARIMA
models, outperformed machine learning algorithms.

In the study presented in [151]], the authors centered their focus on health-
care supply chains, specifically managing blood demand and supplies. They
presented a real case study where they forecast monthly demand for three vital
blood components (red blood cells, plasma and platelets) using Artificial Neu-
ral Networks. They utilized real data from a transfusion center and a University
Hospital. The study demonstrates that Artificial Neural Networks models out-
perform ARIMA models in blood demand forecasting, offering a promising
approach to enhance Blood Supply Chain management.

The study detailed in [49] focuses on forecasting the demand for health-
care services. It gathered historical data on the demand for a specific drug
over a span of 68 months from the University Health Centre. The primary
objective of this research is to actively optimize inventory management within
the healthcare setting. To achieve this goal, the study employed quantitative
forecasting methods, with a specific emphasis on time series analysis, to ac-
tively identify underlying data trends. In particular, the research subjected ten
distinct forecasting methods to rigorous testing and evaluation, showing that
regression analysis yielded the most accurate results among these methods.

1.2.2 Location selection

Numerous studies have emphasized the importance of facility location deci-
sions in the strategic planning of healthcare systems for both private and public
organizations, as reviewed in [8]. The location and number of these facilities
can significantly affect capital and inventory costs, as well as the quality of
customer services. This is especially true in healthcare, where incorrect fa-
cility location decisions can have serious repercussions on community health,
including increased morbidity and mortality rates.
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Early studies in this area, such as the one proposed in [120]], focused on
locating hospitals and determining their capacities in specific regions.

Over the years, researchers have reviewed and classified various health-
care facilities (HCF) location studies from different angles, including the de-
velopment planning of health services in developing nations, the evolution of
ambulance location and relocation models.

Healthcare centers

Choosing the right locations for healthcare centers is a complex but crucial
task, involving a careful consideration of various factors such as accessibil-
ity, population density, and existing healthcare infrastructure. For the sake of
clarity, in the following, we divide the discussion on location contribution into
several key areas including primary care facilities (PCFs) which are often the
first point of contact for patients and play a crucial role in ensuring community
health.

Next, we investigate the strategic positioning of blood banks which is vital
in ensuring a steady and accessible supply of blood and blood products.

Furthermore, we address the locating healthcare facilities in rural areas and
developing nations.

In rural regions, the sparse population and limited accessibility necessitate
careful planning to guarantee that even individuals in the most remote areas
can reach essential healthcare services.

In the context of developing nations, the scenario often involves a high de-
mand for healthcare services coupled with limited resources. Here, the focus
should be on building a healthcare infrastructure that is not only sustainable but
also accessible to everyone, ensuring that each person, regardless of their lo-
cation, has the opportunity to receive the necessary healthcare. This approach
promotes inclusivity and equity in healthcare provision, aiming to leave no one
behind in the pursuit of better health and well-being.

Primary care facilities

Ensuring accessibility to healthcare facilities for all population groups is a
main goal for PCFs. Many of these facilities operate continuously, allowing
individuals to find assistance at the nearest available center. Indeed, the strate-
gic placement of PCFs has been a sustained focus of research during the last
thirty years.
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In [204], the authors investigated the selection of public service locations
for populations exhibiting seasonal mobility. They developed a model to deter-
mine the optimal number and locations of primary healthcare units to accom-
modate these fluctuating needs. The model considers various factors like shifts
in population density, geographical changes, and the availability of healthcare
resources. The goal is to improve service delivery and reduce differences in
healthcare access.

In the study conducted in [[1], is developed a comprehensive tool for strate-
gic planning of vaccination clinic locations during a flu outbreak. This tool
aims to optimize the allocation of resources and ensure accessibility to vacci-
nation services, thereby mitigating the impact of the outbreak and enhancing
public health outcomes. The study provides insights into the various factors
and considerations that influence the selection of clinic sites, including popu-
lation density, geographic accessibility, and available healthcare infrastructure.

In the study proposed in [297], the focus was on determining optimal loca-
tions for placing preventive healthcare facilities to maximize utilization by the
population. The researchers utilized data from Georgia, USA, and Montreal,
Canada to conduct this analysis. The aim was to identify locations where the
facilities would be most accessible and beneficial to the largest number of peo-
ple, thereby promoting preventive healthcare practices and improving overall
community health.

In [75], the authors focused on optimizing the accessibility of treatment
for soldiers suffering from brain injuries. They developed a strategy to iden-
tify the most suitable locations for establishing new treatment centers, with
an emphasis on minimizing costs. The objective was to ensure that affected
soldiers could receive timely and effective treatment without imposing a sig-
nificant financial burden on the healthcare system.

In the research conducted in [52], the authors aimed to enhance the effi-
ciency of the transplant system in Italy. They developed a model to facilitate
this improvement, taking into account crucial factors such as the time sensi-
tivity of transplant procedures and the geographical locations of the transplant
centers. The goal was to optimize the allocation of resources and ensure timely
access to transplant services, thereby contributing to better patient outcomes
and overall system effectiveness.

In the studies presented in [[175] and [133]], the focus was on enhanc-
ing healthcare accessibility for low-income individuals. Both research teams
worked on strategizing service planning by considering the geographical loca-
tions of both the healthcare providers and the patients. The objective was to



8 CHAPTER 1. OPERATIONAL RESEARCH AND HEALTHCARE

optimize the distribution of healthcare services, ensuring that people with lim-
ited financial resources could access the necessary medical care, thereby ad-
dressing disparities in healthcare accessibility and promoting equitable health
outcomes for all.

In [280], the authors investigated strategies for planning the locations and
sizes of hospital departments. They utilized real data sourced from German
hospitals to conduct this analysis. The aim was to optimize the spatial arrange-
ment and capacity of different departments within hospitals, thereby enhanc-
ing operational efficiency and ensuring that the varying needs of patients are
effectively met.

In the study conducted in [72]], the authors focused on hospital planning in
Hong Kong. They developed a model aimed at aligning available healthcare re-
sources with the actual needs of the population. The objective was to optimize
the allocation of medical services and facilities, ensuring that the healthcare
system is well-equipped to meet the diverse and evolving healthcare demands
of the community.

In [318]] the research team concentrated on developing a system aimed
at enhancing the utilization of preventive healthcare facilities. The goal was
to design a system that encourages more people to advantage of preventive
healthcare services, thereby promoting early detection and management of
health conditions and contributing to improved public health outcomes.

In the work presented in [190] is presented a novel approach to redesign-
ing a healthcare facility network, involving location and service allocation. It
combines system dynamics and mathematical programming. The process uses
system dynamics simulations to forecast patient demand scenarios, then the in-
formation is passed to a two-stage stochastic facility location model. The first
stage determines service types for health centers, while the second stage as-
signs patients based on scenarios. The study applied this approach to relocate
health services in Southern Greece network of 32 primary care centers and 13
hospitals.

In the study conducted in [188]] is addressed the Syrian crisis, emphasizing
its complex and devastating nature. The authors primary focus is on identify-
ing suitable locations for PCFs within Idleb Governorate, Syria, given the dire
humanitarian situation. They draw upon data from 23 sub-districts and 338
communities to construct a mixed-integer weighted goal programming model,
which is integrated with Geographic Information Systems (GIS) for optimiza-
tion. Their objective was to establish 60 PCFs from a pool of 77 candidate
locations.
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In [183], the authors addressed the challenge of locating primary health
care centers while integrating outpatient medical services and complementary
services like nutrition counseling, dental care, mental health, clinical analysis,
and imaging. Their goal is to optimize facility placement or upgrades while
maximizing complementary service coverage and adhering to outpatient ser-
vice travel distance constraints within a budget. They model the problem as
a variant of the maximal covering location problem, introducing additional
constraints. The study includes a case study involving the public health care
system in the northern zone of Mexico, exploring the trade-off between travel
distance and budget.

In [92]], the authors integrated a GIS with mathematically weighted public
demographic data to identify potential sites for primary healthcare facilities
in Australia. They weighted the index of relative socio-economic advantage
and disadvantage with data on the resident population and those not in the
labour force to create an index of priority. Incorporating this index into GIS,
they produced a map that ranked areas based on relative need. Their findings
show that combining mathematical methods with GIS offers advantages over
traditional site selection methods.

In the work proposed in [7], the authors investigated the critical role of
health post networks in advancing public health by delivering essential pri-
mary healthcare services. They stressed that the efficacy of such networks
is based on various factors, including the number and strategic placement of
health posts. The quality of service can be amplified by managing conges-
tion levels at these facilities. A significant policy recommendation proposed
is the integration of a mixed workforce comprising both flexible and dedi-
cated servers. The authors model the queuing system at each health post using
multi-class M/G/ queues that provide multiple types of services. Moreover,
they modeled the problem using an integer nonlinear programming formula-
tion and subsequently linearize it for resolution. The applicability of their
model is demonstrated through a hypothetical case study.

Blood banks location

The studies [218] and [219] provide a comprehensive review of the blood bank-
ing system. The authors explore the different facets of blood banking, high-
lighting the best practices for collecting, storing, and delivering blood. Their
aim was to enhance the efficiency and reliability of the Blood Supply Chain
(BSC), ensuring a consistent and safe supply of blood for medical needs and
emergencies. In the following of the chapter, we will refer to ’blood centers”
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(BCs) as facilities responsible for both collection and processing activities,
while ”blood stations” (BSs) will denote facilities only engaged in collection
activities.

In this context, further investigation on the topic makes it clear that location
optimization is a recurrent and central theme in numerous studies, highlight-
ing its critical role in enhancing the effectiveness of health-related systems,
including blood banking. Specifically, the challenge of identifying optimal
locations for blood banks, taking into account their proximity to hospitals and
transportation logistics, emerges as a prominent area of research across various
works.

In particular, in [66], the authors tackle the challenge of determining the
best locations for blood banks by analyzing the proximity to hospitals and
transportation logistics. Their main goal was to optimize the distribution sys-
tem to hospitals, aiming to reduce both logistical and operational costs. To
address this challenge, they formulated a deterministic, single-period, multi-
objective model. This model is validated using small numerical examples to
ensure its accuracy.

In [253], the authors tackled the practical challenge of organizing blood
services across regions in Turkey. They focused on a hierarchical system that
included top-tier facilities named Regional BCs and two secondary facilities:
BSs, and mobile units. They approached this issue by applying a series of
deterministic, single-period mathematical models.

In [99] is explored a distinct challenge and developed a mathematical
model to determine the best locations for centrifuge centers, which handle
blood separation, as well as the distribution of clinics responsible for blood
collection. The main objective was to boost the overall profit for a health man-
agement organization in Israel.

In the study by [67]], is formulated a deterministic model for a single period
to identify the best locations for two kinds of collection facilities and determine
their optimal distribution to processing facilities. The aim was to minimize
transportation expenses and maximize the volume of blood both donated and
processed, all while adhering to a budget. This model was tested using a case
study from the Thai Red Cross, utilizing the 76 capitals of Thailand as potential
sites, where the volume of donated blood at each potential site was assumed to
be known in advance.

In [53] has been addressed the challenge of re-configuring an existing net-
work of BCs, which handle both collection and processing activities. The po-
tential actions considered were downgrading a BC (focused on collection and
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processing activities) to a BS (focused only on collection) or shutting it down
entirely. The authors proposed a deterministic, single-period model which in-
corporated decisions about donor allocation and the distribution from BSs to
BCs. The main goal was to reduce both location and transportation expenses.
This approach was tested on a case study in Italy.

Instead, in [233]], the authors addressed the problem from a uncertain per-
spective, developing a robust optimization model. Indeed, the model takes into
account uncertainties related to blood demand at hospitals. Moreover, it also
incorporates both inventory costs and the costs associated with blood shortages
at hospitals. The model effectiveness was assessed using a case study centered
around the city of Teheran, similarly to the one mentioned in [142]. This study
highlighted 22 donor groups, each representing one of the city 22 districts.
These districts were also considered as potential sites for Blood Facilities.

Continuing along the theme related to uncertainty, in the study proposed
in [17]], is introduced a two-stage stochastic programming model to determine
the optimal locations for two facility types: BSs and BCs, coherently with the
definition proposed above in this chapter. To model the problem the authors
proposed a discrete multi-period planning time-frame. The first-stage strategic
decisions pertained to the location of the facilities and the related allocation
decisions. Meanwhile, the second-stage decisions, which is dependent on spe-
cific scenarios, considers the shipping the gathered blood units, accounting for
the initial stage allocation determinations. The model efficacy, and the effi-
ciency of the implemented accelerated Benders decomposition method were
proved using a case from the East Azerbaijan Province.

The study presented in [254] introduced a robust fuzzy mathematical
model designed to optimally locate BSs with capacity constraints across mul-
tiple periods. A main feature of this work was the incorporation of a multi-
attribute group decision-making approach, which considered both qualitative
and quantitative aspects in the network design challenge. For empirical vali-
dation, the authors applied their model to the compact case of Tabriz city in
Azerbaijan, which comprised ten donors sites and fewer than ten prospective
locations for blood facilities.

In [[193]] is presented a multi-period model designed to determine the opti-
mal locations for BSs and BCs facilities, taking into account the unpredictable
demand from hospitals. The model aimed to optimize two primary objectives:
(i) minimizing the overall costs, and (ii) reducing the total time spent on activ-
ities like transportation and processing within the BSC. The primary solution
methodologies is built upon an evolutionary genetic algorithms and the model
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effectiveness is tested through numerical analysis on randomly produced data
sets.

In the study proposed in [13], the emphasis was on structuring a BSC net-
work that integrated donors, BSs, BCs, and hospitals. Notably, the study did
not addressed location-related decisions. Instead, the spotlight was on deter-
mining optimal allocation and inventory strategies. The objective was to con-
currently enhance environmental, social, and economic outcomes, all while
taking into account uncertainties in both the supply (from donations) and de-
mand fronts. Building on a similar problem framework, subsequent research,
as highlighted in [[193]], primarily emphasized the sustainability aspects. This
was especially in connection to the closed-loop characteristic of the BSC under
investigation.

Finally, in [283]], the authors developed a single-period model for the BSC
network design, accounting for uncertainties in donations, demand, and blood
disposal rates. Their goal was to determine the optimal locations for three fa-
cility types: BSs, BCs, and regional hospitals. The primary objective was to
reduce the cumulative costs associated with facility location, transhipments,
and blood wastage. The spatial distribution of donors and their respective al-
locations were not a focus of their study. To tackle this challenge, the authors
proposed an interactive possibilistic programming method. The model appli-
cability was verified using a Teheran-based case study.

Healthcare facility location in rural areas and developing countries

Several studies have also focused on the specific needs of rural areas and de-
veloping countries, proposing solutions that take into account the unique chal-
lenges faced by these regions.

In the study by [230], the researchers addressed a comprehensive analysis
to identify the most suitable locations for establishing healthcare facilities in
rural settings, employing a data-driven approach. They utilized detailed data
from Bangladesh, taking into account various factors such as population den-
sity, existing healthcare infrastructure, and transportation networks.

In the research presented by [274], the authors focused on the challenges of
establishing community healthcare facilities in rural areas of developing coun-
tries. Using a combination of models and analytical methods, they assessed
factors like population density, transportation access, and existing infrastruc-
ture. Their aim was to determine the best locations for healthcare facilities that
would be both effective and sustainable over time.
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In the study proposed in [198]], the authors focused on enhancing the ac-
cessibility of health services by upgrading transportation routes to all-weather
roads. This was particularly crucial in regions where adverse weather condi-
tions often hindered access. Their research is based on a real case study in
Ghana, highlighting the importance of reliable transportation infrastructure in
ensuring consistent access to healthcare services.

In the study presented in [[137]], the focus moves to devising strategies for
mobile health services. The goal was to create a system where these services
were both easily accessible to the public and sustainable in the long run. To
validate their proposed strategies and methodologies, the authors utilized data
from Ghana as a real case study.

In the work addressed in [3]], the authors investigate the under-utilization of
PFCs services by rural populations in Nigeria, despite the uniform distribution
of these services across local government areas (LGAs). The study exploit the
overarching issues affecting PFCs uptake and puts forth strategies to increase
the use of these services by rural individuals. The researchers highlight the
need for PFCs policy makers and LGAs to acknowledge their role in the cur-
rent low utilization rates and advocate for the creation of a new social order
that emphasizes equity and human dignity.

The work proposed in [284]] presents a quantitative method to determine
optimal locations for new primary health care facilities to maximize popula-
tion accessibility. Using a GIS, the authors assessed travel times for 26,000
homesteads in Hlabisa, KwaZulu-Natal, South Africa. This data was trans-
formed into a map highlighting areas with the highest need for clinics. Their
findings revealed that a clinic in the identified optimal location would improve
accessibility by 3.6 times compared to the latest built clinic.

The research presented in [274] exploit the planning of community health
schemes in rural areas of developing countries, specifically those initiated by
non-governmental or faith-based organizations. The study evaluates planning
from both overarching (top-down) and grassroots (ground level) perspectives,
concluding that a blend of both approaches is essential for the sustainability
of these health initiatives. Emphasizing the top-down strategy, the authors in-
troduce hierarchical models developed specifically for positioning community
health facilities, aiming for both efficiency and equitable distribution. Further-
more, the study showcases a real case study centered on determining optimal
locations for self-sustaining primary healthcare workers in a rural part of India.

In this work proposed in [261]], the primary focus is on enhancing health-
care accessibility in rural areas through the delivery of mobile healthcare ser-
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vices. These services involve doctors visiting remote villages lacking nearby
healthcare facilities. The objective is to determine how doctors should be as-
signed to villages, create their monthly visit schedules, and establish the base
hospitals from which their tours begin and end. The study frames this problem
as a periodic location routing problem, drawing inspiration from the policies
outlined by the Ministry of Health of Turkey. Additionally, the study intro-
duces a heuristic algorithm that significantly improving the efficiency of solv-
ing larger instances of the problem.

In the study presented in [[191], the authors address the unique challenges
of locating facilities in emerging markets. They present a modified version
of the set covering model tailored to these specific attributes. The model is
built and verified using a real-world case study from the Moroccan Ministry of
Health, which is revisiting its pharmaceutical product supply chain design. The
study underscores that factors like road infrastructure and the spread of demand
play crucial roles in strategic decisions about facility locations in emerging
markets.

The collective findings from these studies underscore the critical signifi-
cance of strategic placement and planning of healthcare services. Proper lo-
cation and infrastructure can greatly enhance accessibility and efficiency, en-
suring that communities, especially those in under-served areas, receive timely
and effective healthcare.

Emergency vehicles

Emergency Medical Services (EMS) play a fundamental role in contemporary
health systems, as highlighted [34]. These organizations are responsible for
the crucial pre-hospital phase, including medical care and transportation from
the moment an emergency call is received until the patient is transferred to a
hospital. The efficiency with which they respond can have severe implications
for patient outcomes.

To ensure they provide the population with an adequate level of service,
EMS strategically positions a certain number of ambulances across their op-
erational territory. This strategic positioning, known as the static ambulance
location problem, involves determining the optimal standby sites and decid-
ing the number of ambulances at each site, all while adhering to specific con-
straints. It is given that, after completing a mission, an ambulance would return
to its designated standby site based on this pre-decided location plan.

The interest in the static emergency vehicle location problem has been sig-
nificant, as highlighted in both [51]] and [[14]. Over time, the models address-
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ing this problem have evolved and can be broadly categorized into three types:
single coverage deterministic models, multiple coverage deterministic models,
and probabilistic and stochastic models. These models have been refined to
account for real-world challenges, such as unpredictable demand, availability
of vehicles, and traffic congestion. Comprehensive surveys on these models
have been presented in [239, 51} 29} 34].

In the context of single coverage deterministic models one of the foun-
dational mathematical formulations in this domain, in particular the Maximal
Covering Location Problem (MCLP) was introduced in [287]. In their work
the authors proposed the concept of formulating the emergency vehicle loca-
tion problem based on a coverage criterion. Their model was designed with
an aim to minimize the number of vehicles while ensuring all demand zones
received adequate coverage.

The MCLP, was further explored by various researchers.

In the study proposed in [98]], the MCLP was employed to address a prac-
tical challenge: determining the optimal locations for ambulance deployment
in Austin, Texas. This application underscored the real-world relevance of the
model in emergency service logistics.

Meanwhile, in [[113]] the MCLP is exploited in a more abstract and method-
ological fashion. Indeed, the authors introduced a Lagrangean heuristic to re-
fine and enhance the solutions generated by the MCLP.

Taking a different angle, [264] expanded upon the foundational MCLP
model to accommodate EMS that operate with two distinct types of vehicles.
This adaptation recognized the diverse needs and resources of EMS operations
and aimed to provide a more versatile and comprehensive model for such sys-
tems.

Nevertheless, deterministic single coverage models work on the assump-
tion that a vehicle is always ready when an emergency call comes in. But
in reality, this is not always true. For instance, if two calls come in quick
succession from areas covered by the same vehicle, the vehicle might still be
attending to the first call when the second one arrives. Using just these single
coverage models can lead to solutions that do not hold up well in real-world
scenarios.

To address this issue, were developed multiple coverage models. Their
goal is to increase the chances that an area has at least one available vehicle
by increasing the total number of vehicles that can respond. These models
are a step forward from the single coverage ones because they factor in the
unpredictable nature of emergencies by focusing on vehicle availability.
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In this context, in [80] introduced the hierarchical objective set covering
problem (HOSC), which was the first to really dive into multiple coverage.
The HOSC aims to use the fewest vehicles to ensure every area is covered at
least once, and then to maximize the number of vehicles that can respond to an
area. However, this model is not without its limitations. For instance, it may
not be practically feasible to assign more than two vehicles to cover an area if
the chances of both being busy at the same time are low. Indeed, in [98]] and
[138] both proposed models to address these issues.

On a related subject, in [115] is introduced the double standard model
(DSM), which combined the idea of double coverage with varying coverage
distances. This model was applied in real-world scenarios in cities like Vienna,
Austria, and others in Canada, Belgium, and Shanghai, China.

In [166] and in [166] is expanded the DSM to accommodate different ve-
hicle types and priority levels, testing their models with data from Chicago,
USA.

In [279] the authors put forward a goal programming model, aiming to
position a set number of vehicles to both minimize uncovered demand and
maximize the areas covered by more than one vehicle.

While multi-coverage models offer advantages over single coverage ones,
they come with their own set of challenges. For example, having double cov-
erage in an area does not necessarily guarantee excellent service. Moreover, if
the demand is low, such extensive coverage might be excessive. To tackle these
challenges, researchers began exploring probabilistic and stochastic models
that more directly account for uncertainties.

The first set of these models, called expected covering location models,
aim to find vehicle locations that maximize expected coverage. This expected
coverage often takes into account whether a vehicle is available.

As pointed out in [102]], considering uncertainties in these models can offer
clear benefits. Early models, like the one proposed in [78, [79]], integrated
vehicle availability. However, as observed in [30], there were instances where
these models did not align well with actual real-world outcomes. To bridge
this gap and enhance the accuracy of predictions, the authors proposed specific
modifications and refinements to the existing models.

Most models so far assumed travel times were consistent. But in reality,
things like traffic can make travel times vary. For instance, in [[77) [118]] the
authors took this aspect into account in their models. In addition, they also
considered different issues, as dispatch priorities. Later models, like the one
proposed in [[140]], added more aspects to the problem, like the time necessary
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from getting a call to dispatching a vehicle.

Over the years, various models have been developed for EMS organiza-
tions that deploy a diverse range of vehicles. Notable examples include the
studies presented in [171]] and [[182]. Furthermore, the research outlined in
[238] introduces an innovative model designed to significantly reduce missed
calls. This model employs the Erlang loss formula, a proven method, to accu-
rately estimate the probability of missing a call. Building on this foundation,
other researchers, as exemplified in [291], have refined and expanded upon
these existing models, adapting them to encompass larger geographical areas
with increased efficiency.

Chance-constrained programming offers an alternative methodology to ad-
dress uncertainties in the location of emergency vehicles. Distinct from ex-
pected coverage models, this approach employs probabilistic constraints, pri-
oritizing system reliability. Pioneering works in this domain, such as those
presented in [240] and [241], laid the foundation by introducing this innova-
tive approach. Subsequent models, notably those detailed in [173]] and [174],
integrated queueing theory, providing a more nuanced and precise understand-
ing of system performance dynamics.

Additionally, certain models, such as the one presented in [22], adopted a
probabilistic approach to encapsulate the unpredictable nature of emergency
calls. Within these models, it is posited that each call adheres to a specific
probability distribution. Building on this foundation, [22] subsequently pro-
posed a refined variant of the original model.

1.2.3 Capacity planning

Hospital capacity planning refers to the strategic process of ensuring that a
healthcare facility has the right amount of resources, including beds, staff,
equipment, and infrastructure, to meet the current and future healthcare needs
of its patients. This involves forecasting patient demand, analyzing current
capabilities, and making informed decisions to optimize the utilization of re-
sources. Effective capacity planning ensures that hospitals can provide timely
care, reduce patient wait times, manage costs, and adapt to changing health-
care environments, such as sudden disease outbreaks or demographic shifts. It
is a critical component in maintaining the efficiency, quality, and sustainability
of healthcare services.

In this context, hospital capacity planning introduces a range of complex
challenges. A study presented in [[123]] explored these challenges through Op-
erational Research-focused analyses. They utilized a queuing model to address
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the urgent decisions associated with hospital capacity planning. Their research
highlights the crucial role of Operational Research models in deriving essential
insights and shaping effective operational strategies.

In the same year, a novel approach to address hospital capacity for emer-
gency patients in the Netherlands was introduced in [[123]. This approach
was inspired by the overflow model commonly used in telecommunications
for phone calls, leading to the development of a mathematical method. To
validate the robustness of their findings were applied simulation techniques.

In another study proposed in [180], the focus was on emergency depart-
ments in the UK. Given the government directive, the goal was to ensure that
98% of patients received care and were discharged within four hours. The
methodology adopted for this was a queuing model.

A distinct issue of hospital capacity planning was addressed in [167]. In
this work, the authors investigated whether to increase capacity by building
new operating rooms or to extend the working hours of the current ones. To
such aim, they developed a multi-objective model with three main objectives:
reducing scheduling wait times, enhancing the reliability of procedure start
times, and maximizing hospital profits. Their research thoroughly examined
the trade-offs among these objectives, and the model efficacy was confirmed
through simulation techniques.

On a tactical level, a study proposed in [4] focus on optimizing resource
utilization at a cardiothoracic surgery center. The challenge was approached
by developing as a Mixed Integer Program (MIP) with variable lengths of stay.
The results showed that to meet a particular patient throughput goal, master
surgical schedules could be improved by integrating a stochastic variant of the
deterministic challenge.

In the study presented in [208]], the goal was to figure out the fixed hospital
costs per unit of measurable output. The study further tried to identify the root
causes of inefficiencies. To achieve this was devised a stochastic multilevel
model and applied to hospitals in Portugal. The model highlighted various in-
efficiencies, encompassing challenges related to bed distributions, incentives,
and economies of scale. Moreover, the model discerned the cost disparities
across diverse hospital categories.

In [L69], the authors emphasize the need for efficient utilization of care
provider capacity and informed capacity planning to guarantee timely patient
care. On this basis, they conducted a simulation and optimization study at a
regional cancer center in British Columbia, Canada. This study assessed the
combined effects of available consultation slots, appointment scheduling poli-
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cies, oncologist specialization on patient access and physician workload. The
paper primary contribution is its methodological framework, guiding specialty
clinic managers in resource utilization and strategic capacity planning for in-
coming patient demand in the short to mid-term.

In the study presented in [295]], is proposed a discrete event simulation
method to examine the surgery waiting lists in Nova Scotia, Canada. Rec-
ognizing the challenges posed by increasing patient demand and limited re-
sources, the authors created a model specifically for capacity planning. This
model considered both the current state of hospital resources and anticipated
future demands. Through a detailed analysis of various performance metrics,
they identified some bottlenecks and areas for improvement. Their insights of-
fered actionable recommendations to enhance patient flow and reduce waiting
times. Their comprehensive approach aimed to optimize resource allocation,
ensuring timely care for patients while maximizing hospital efficiency.

In the study presented in [16], the authors explore tactical capacity plan-
ning in healthcare, emphasizing the challenge of matching physician avail-
ability with unpredictable appointments demands. To this aim, they use the
cardinality-constrained robust optimization to create plans that can handle un-
certainties. The study takes into account both first-time and returning patients
in outpatient settings, each having specific access time targets. The results
show that clinics can ensure 100% feasible plans without being overly con-
servative, balancing costs and demand effectively. The model also identifies
critical periods with potential maximum physician workload.

In [[164], the authors challenge the conventional approach of treating hos-
pital units in isolation for scheduling and capacity planning. They introduce
a Markov decision process model for daily surgical patient scheduling, con-
sidering post-surgery stays and inpatient issues. They identify optimal patient
admission strategies based on surgical wait-lists. Simulations using real data
highlight the advantages of an integrated scheduling approach, especially when
balancing demand with system capacities. The authors also demonstrate that
traditional scheduling, focused solely on operating room usage, can lead to
inefficiencies and increased costs.

In [162], the authors address the critical issue of capacity planning for
long-term care services, essential for the elderly, disabled, care providers, and
health policymakers. Recognizing that patients often transition between set-
tings like nursing homes and home-based services, they model patient flows
using an open migration network. This is combined with a newsvendor-type
model to plan the required capacity. The study identifies structural properties
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and key factors, such as penalty costs for capacity shortages and transition
rates between care settings, that influence capacity decisions. This systematic
approach considers varying patient flow patterns and budgetary constraints.

In the study presented in [156], the authors address the critical role of
nurses in neonatal intensive care units (NICUs) and the challenges of deter-
mining optimal staffing levels due to the unit stochastic nature. Factors such
unpredictable patient arrivals, rejections, transfers due to capacity constraints,
and varying lengths of stays necessitate a deep understanding of optimal nurse
requirements. The paper introduces a stochastic approximation, grounded in
the nurse-to-patient ratio and patient count in a teaching hospital NICU. The
approach began with creating a model to simulate outcomes under different
nurse counts. This simulated data then informed a statistical regression analy-
sis to discern the relationship between inputs (nurse numbers) and performance
metrics (admission rates, occupation rates, and satisfaction rates). The study
also proposes several integer nonlinear mathematical models to identify opti-
mal nurse capacities, considering multiple performance targets. The authors
applied this approximation to a large hospital NICU, analyzing the results to
validate their approach.

In [283], the authors address the challenge of allocating limited operating
room capacity among hospital sub-specialties, especially when dealing with
both elective and emergency surgeries. They introduce an adjustable robust
model to manage operating room allocation under uncertain demand, aiming to
minimize potential revenue losses from operating room shortages. The study
evaluates the impact of the model conservativeness on revenue and provides
insights for setting model parameters. Using an implementer-adversary algo-
rithm, the authors compare their robust optimization approach with a scenario-
based stochastic optimization. Their findings suggest that with appropriate
adjustments, the robust solution can closely match the results of the stochastic
approach while also limiting worst-case outcomes.

In the work proposed in [276], the authors addressed the challenges faced
by the United States outpatient service sector, which is experiencing a ris-
ing demand for services but a projected decline in available physicians. In
the study, are highlighted major inefficiencies, such as shortcomings in the ap-
pointment system and the issue of patient no-shows. In this context, the authors
propose a prescriptive analytics framework, leveraging patient-related data, to
create predictive models identifying the likelihood of a patient no-show. By in-
tegrating patient-specific no-show risks, they introduce new scheduling rules.
The viability and efficiency of this framework are demonstrated using real
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data from a Pennsylvania Family Medicine Clinic. When compared to three
other scheduling rules from existing literature, the proposed rules consistently
showed superior performance across various clinic settings.

In the research presented in [268], the authors emphasize the chal-
lenges Home Health Care (HHC) companies face in addressing patient needs
promptly due to uncertainties in caregivers schedules. Most of the literature
focuses on deterministic models that overlook these uncertainties, potentially
resulting in less resilient real-world solutions. To address this, the authors in-
troduce a robust optimization model for HHC that considers uncertain travel
and service times. The model is tested, using off-the-shelf solvers and a meta-
heuristic framework, such as: Simulated Annealing, Tabu Search, and Variable
Neighborhood Search.

In [[157]], the authors address the challenge of scheduling medical appoint-
ments while considering varying patient no-show behavior throughout the day
and unpredictable service times. Drawing from international datasets, they no-
ticed a distinct time-of-day effect on patient attendance. To address this issue,
they introduce a robust model to minimize the worst-case scenario of combined
patient wait times and provider idling. The model complexity derive from the
simultaneous uncertainties in its objective and constraints. The authors pro-
posed both deterministic and varying no-show rates, with increasing level of
complexity for the latter. By employing dual prices iteratively, the authors find
an efficient scheduling solution.

In the work presented in [107], the authors explore resource planning
strategies to improve health systems responses during epidemics and pan-
demics. They focus on integrated healthcare resource allocation, sharing, and
patient transfers, aiming to ensure patient care access with minimal capacity
expansion. Recognizing the time-sensitive nature of pandemics and the un-
certainty surrounding patient numbers, they introduce a multi-stage stochas-
tic program to optimize healthcare resource planning strategies. The study
employs an agent-based continuous-time stochastic model to simulate uncer-
tainties, which are then captured using a forward scenario tree construction
approach. To aid real-time decision-making, is proposed a data-driven rolling
horizon procedure, addressing some stochastic programming limitations and
ensuring practical strategy implementation. Using two COVID-19 case stud-
ies, the authors validate their optimization and simulation tools.

Finally, in the work introduced in [S0], an entire chapter was devoted to
the topic of capacity planning and management in hospitals. This field has
attracted considerable attention and research. Significant contributions include
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the studies in [275], [155]], [134], and [242]. Each of these works has notably
advanced the understanding and methodologies in bed capacity planning.

1.2.4 Vehicle routing

The integration of the Traveling Salesman Problem (TSP) into healthcare, par-
ticularly in HHC, has emerged as a crucial element in enhancing the efficiency
and quality of health services provided to patients in their homes. Ineed, a
considerable body of research has been conducted on this subject. The studies
presented in [[104], [87], and [[73]] offer detailed insights into this application,
thoroughly examining the challenges, methodologies, and prospective paths
for the future of this integration.

On this basis, in [[73] is discusses the Home Health Care Routing and
Scheduling Problem (HHCRSP) as an extension of the traditional vehicle rout-
ing problem (VRP). The HHCRSP involves designing routes for care workers
to provide home treatments to patients in a specific geographic area. The paper
investigate into the unique side-constraints that make this problem particularly
challenging and provides an exhaustive overview of recent Operational Re-
search models developed for HHCRSP. It categorizes the existing literature
based on the formulation of constraints and objective functions, offering in-
sights into the methods developed to solve HHCRSP and discussing potential
future research avenues.

Building on this, the work presented in [87] offers an extensive literature
survey on routing and scheduling problems in HHC. It underscores the im-
portance of delivering a quality of service comparable to hospital care, while
managing costs and improving patient living conditions. The paper focuses
on the methods utilized in addressing these problems and emphasizes the con-
straints and objectives specific to HHC. Notably, it highlights on the uncertain
and dynamic aspects prevalent in HHC, paving the way for identifying new re-
search directions and providing guidance for both researchers and practitioners
in the field.

Complementing these perspectives, in [[104]is addressed the issue to op-
timize the daily routes and schedules of medical and social staff to ensure
effective patient care at home. This optimization is not only crucial for main-
taining the quality of care but also plays a significant role in controlling the
associated costs. The review in this work presents a detailed taxonomy of the
problem characteristics and constraints, summarizing decision-making solu-
tions and highlighting related objectives.

In [172], is addressed the problem of daily planning for HHC. The
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model proposed considers the service requirements of each patient, the in-
dividual qualifications of the healthcare staff, and possible interdependencies
among various service operations. These interdependencies may include time-
sensitive tasks like administering medication before meals or activities requir-
ing multiple staff members, such as assisting disabled patients. Additionally,
the model incorporates the time preferences of patients through designated
time windows. To tackle this problem, the paper proposed a planning ap-
proach that aims to optimize both economic and service-oriented performance
metrics. It includes a detailed mathematical model formulation and introduces
a powerful heuristic based on an advanced solution representation, designed to
navigate the intricacies of home health care scheduling and resource allocation
efficiently.

In [2035]], is introduced a multi-objective mathematical model to solve the
Healthcare Inventory Routing Problem focusing on the distribution of medic-
inal drugs to healthcare facilities. The model addresses three primary objec-
tives: minimizing total inventory and transportation costs, maximizing satis-
faction by reducing forecast error due to drug shortages and expired drugs, and
minimizing greenhouse gas emissions. To mitigate the risk of drug shortages, a
demand forecast approach is integrated into the model. To address uncertainty,
is utilized a hybridized possibilistic method. Furthermore, an interactive fuzzy
approach is employed to resolve an auxiliary crisp multi-objective model.

In [296]], the authors address a simultaneous facility location and vehicle
routing problem in the healthcare sector of the Netherlands, focusing on op-
timizing medication delivery. The study explores the strategic use of lockers
as delivery points and the planning of efficient delivery routes for home de-
liveries, with an aim to minimize both routing and locker opening costs. The
problem is systematically defined and approached using a branch-and-bound
algorithm and a novel fast hybrid heuristic. Extensive computational tests,
including scenarios from Alliance Healthcare Netherlands, demonstrate the
heuristic robust performance. The research offers valuable insights for opti-
mizing healthcare logistics and improving medication delivery systems.

In [106], a bi-objective optimization methodology is proposed to address
the multi-period and multi-depot home healthcare routing and scheduling
problem in a fuzzy environment. This study incorporates patient satisfaction
under uncertainty and employs the Jimenez fuzzy approach. It introduces the
application of the social engineering optimizer (SEO) and a new modified ver-
sion, the adaptive memory strategy-enhanced SEO (AMSEQ), in healthcare
logistics. In addition, the work proposes a comparative analysis of these algo-
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rithms based on multi-objective metrics and sensitivity analyses, highlighting
the practicality and efficiency of AMSEQO in this context.

In [20], is proposed a bi-objective mixed-integer nonlinear programming
model, integrating the periodic inventory routing problem with location deci-
sions for effective healthcare waste management. The model aims to minimize
both operating costs and risk. To tackle the problem complexity, is introduced
a two-step approach, including a MILP for scheduling and a bi-objective Adap-
tive Large Neighborhood Search Algorithm (BOALNS) for decision-making.
Computational analyses demonstrate BOALNS superior performance in find-
ing high-quality solutions.

In [103]], is presented an approach to optimizing the pharmaceutical sup-
ply chain through a multi-objective optimization model. The model considers
a range of pharmaceutical types, varied vehicle capacities, and multi-period
planning, ensuring adaptability to new information and emerging demands.
It aims to minimize unfulfilled prioritized requests for pharmaceuticals while
also optimizing transportation activities and related costs. Employing a Lexi-
cographic method, the model hierarchically optimizes these objectives, main-
taining the integrity of each while progressing. The implementation of a hy-
brid algorithm, which combines non-dominated sorting genetic algorithm and
multi-objective particle swarm optimization, effectively addresses the model
complexities. Demonstrated through various case studies, the model shows
adaptability and robustness, validated further by sensitivity analysis.

In [225]),is proposed a model addressing the pollution routing problem,
aiming to optimize the logistics of medical unions. This model considers the
use of electric vehicles, soft time window expectations of customers, open path
options, and carbon costs. The paper introduces a modified Differential Search
Algorithm, enhanced with comprehensive learning and dynamic Cauchy varia-
tion strategies, to tackle the vehicle routing challenge. The results demonstrate
the algorithm effectiveness in reducing carbon emissions and saving logistics
and operating costs for medical device distribution, affirming the model practi-
cality in improving resource allocation and environmental impact in healthcare
logistics.

In [207]], the paper presents a two-stage mathematical formulation for the
HHCRSP spanning multiple days. This study introduces caregiver-patient
compatibility, a factor that impacts their satisfaction, as a novel aspect of the
problem. The first stage focuses on minimizing the Total Planning Distance
(TPD), while the second stage maximizes overall compatibility and addresses
unexpected events. A health center in Tehran serves as a case study to vali-
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date the model and perform sensitivity analysis on objectives against structural
parameters, yielding practical managerial insights. Due to the NP-hard nature
of the problem, the authors also proposed a matheuristic-based algorithm to
reduce computational time, and the results confirm the algorithm effectiveness
in achieving near-optimal solutions swiftly.

In [[153], the study addresses the home health care routing and schedul-
ing problem, focusing on enhancing nurse satisfaction by minimizing the gap
between their actual and potential skills. This approach aims to mitigate the
hidden costs associated with skill downgrading. A mathematical model is de-
veloped for this purpose, and an e-constraint-based approach is proposed for
solving this bi-objective problem. The paper also includes a sensitivity analy-
sis on the Epsilon parameter and concludes with managerial insights and future
research directions in home health care management.

In [309], the study introduces the multi-objective consistent home health-
care routing and scheduling problem for home health care companies. It fo-
cuses on optimizing routing cost, service consistency, and workload balance,
considering uncertain travel and service times. To address the complexity
of this NP-hard problem, an improved multi-objective artificial bee colony
(IMOABC) metaheuristic is developed. The study numerical experiments
demonstrate the effectiveness of IMOABC, with a trade-off analysis reveal-
ing possible balances between total costs, caregiver consistency, and workload
balance.

In [266], the paper investigates a supply network configuration problem for
a medical implant company, motivated by a real-world healthcare supply case.
This problem is a variant of the classic location-inventory-routing problem
(LIRP), encompassing elements like multi-product, multi-period, multi-type
delivery, delivery time constraints, and vendor managed inventory (VMI). The
study considers both deterministic and uncertain demand, with two delivery
methods: scheduled bulk delivery to VMI warehouses and direct shipping to
hospitals. The approach involves presenting a deterministic MILP model for
the integrated LIRP. To tackle demand uncertainty, a robust optimization model
is proposed and transformed into a linear equivalent formulation. Additionally,
a new robust model is developed to account for the impacts of the COVID-
19 pandemic on demand and delivery times. In addition, a real-world case
involving medical implant supply configuration for 78 hospitals is successfully
solved.

In the work presented in [319], is addressed a bi-objective optimization
problem to manage routing and scheduling in home health care under uncer-
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tainty. The authors extend classical vehicle routing constraints to include care-
giver qualifications and workload, using a MILP formulation. An adaptive
large neighborhood search within a multi-directional local search framework
is proposed for computational efficiency. The model incorporates uncertain
service times for patients, handled by a scenario-based sample average ap-
proximation method. Using the Solomon data set, the authors validate their
approach through various metrics and sensitivity analysis, and apply it to a
real-life case to provide managerial insights.

1.3 Healthcare practice

Efficient healthcare management requires addressing numerous complex
scheduling and logistical challenges, all crucial for ensuring cost-effective,
high-quality care. In the following, we address the most critical themes in
healthcare operations. We begin with a discussion on Patient Scheduling, em-
phasizing aligning patient needs with healthcare availability. Next, we move
into Nurse Scheduling, focusing on balancing staffing needs with work-life
considerations. Then we consider the specific issues of Resource Scheduling.
This naturally lead into Operating Rooms and Surgeons Scheduling, highlight-
ing the synergy needed between available operating rooms and surgeon avail-
ability. Finally, we exploit some applications of Operational Research Logis-
tics, looking beyond schedules to the broader movement within healthcare,
from equipment transport to patient transfers.

Together, these themes paint a comprehensive picture of the intricacies of
healthcare management.

1.3.1 Patient scheduling

Achieving an optimized balance between patient-staff and patient-facility
schedules can lead to significant cost savings and a marked improvement in
service quality.

In [216] is tackled the challenge of scheduling surgeries for patients at a
Swedish hospital, taking into account specific medical, financial, and time-
related constraints. In adherence to Swedish healthcare guidelines, to avert
prolonged wait times, patients can be scheduled at alternative hospitals. The
researchers utilized a combination of simulation and Integer Programming (IP)
to address this.
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The work proposed in [206] address patient-staff scheduling problem, em-
ploying a hierarchical mathematical models to generate schedules. They iden-
tified three primary sub-problems: patient selection; patient assignment to
staff; and daily patient scheduling. Their objectives included maximizing the
number of patients scheduled, evenly distributing workload among physiother-
apists, and reducing patient wait times on treatment days. Real-world hospital
data was used to test their models.

The study in [215] modeled the dynamic generation of patient sched-
ules, which have shifting priorities, to public healthcare facilities, leveraging
a Markov decision process. They employed Approximate Dynamic Program-
ming for solving the problem, evaluating the solution effectiveness via sim-
ulation. Moreover, the same authors, [214] also harnessed simulation to en-
hance resource allocation for diagnostic services, focusing on adaptable inpa-
tient scheduling.

Addressing the issue of unexpected patient appointment cancellations,
[[123]] approached the problem as a single-server queuing problem, in which
customers who are about to enter service have a state-dependent probability
of not being served and may rejoin the queue. The authors have analyzed the
steady-state distributions of queue size, considering both deterministic and ex-
ponential service durations. Moreover, they presented some comprehensive
computational findings, alongside suggestions for potential future research.

In [145] is investigated patient flow in outpatient settings, emphasizing
parallel processes to reduce cycle times. They advanced existing multi-class,
open queuing network models, confirming that parallelism indeed lowers cy-
cle times for patients requiring multiple diagnostics or treatments. Moreover,
for result comparison the authors use a simulation approach. The work pre-
sented in [[148]] focused on outpatient appointment scheduling, developing a
local search procedure that aims for an optimal schedule, taking into account
a weighted average of expected patient wait times, doctor idle periods, and
tardiness. The model also accommodates the occurrence of no-shows. No-
tably, under specific parameter combinations, the well-know Bailey-Welch
rule emerges as the optimal scheduling strategy.

The study presented in [70] propose a Genetic Algorithms for patient
scheduling to enhance service quality. The researchers aim to cut down pa-
tient wait times and make the most of therapy equipment utilization. They
frame this challenge as a hybrid shop scheduling problem. To confirm the ro-
bustness of their solution, they apply a Mixed Integer Program and support
their approach with empirical data from a medical center in Taiwan.
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The study presented in [237] introduces an interactive online game based
on discrete event simulation. This game illustrates decision-making in hospi-
tals from both financial and organizational perspectives. Hospital managers
can use this platform to devise strategies for patients spanning various condi-
tions and budgetary considerations. They can also assess capacity and make
patient scheduling decisions through detailed analyses of resources and pro-
cesses.

The research in [117] uses a queuing model to evaluate patient welfare
across different management strategies for public health service waiting lists.
The researchers investigate a variety of queue management rules, focusing on
both patient well-being and the efficiency of the service. Under a first-come-
first-served admission policy, the authors shown a notable welfare improve-
ment when shifting from an implicit to an explicit rationing system for access
to the waiting list. If patient waiting times and hospital admissions are deter-
mined based on clinical priority, an additional boost in welfare can be achieved.
This is possible without resorting to explicit rationing, simply by redistribut-
ing the cumulative waiting time — reducing it for the more critically ill and
increasing it for those with less severe conditions.

The study presented in [270] employs queuing models centered on the
probability distribution of bed occupancy. This model focuses on optimizing
admissions to the intensive care unit, with an emphasis on maximizing life-
saving potential. Validated using data from an Israeli hospital, the research
suggests that by refining admission criteria to prioritize those with significant
potential survival benefits, up to 18 additional lives could be saved annually
compared to traditional methods.

In the study presented in [255]], the authors explore the synergistic use of
predictive analytics, optimization, and overbooking to manage outpatient ap-
pointments, considering potential no-shows. The research focuses on optimal
overbooking strategies based on no-show predictions that take into account
both individual appointment details and the specific day. A novel heuristic
emerges from their analysis, suggesting that likely attendees receive same-day
appointments, while probable no-shows are scheduled for future dates. Vali-
dated through extensive simulations using a dataset of nearly 50,000 real-world
appointments, their findings indicate a notable improvement in clinic perfor-
mance, suggesting that this heuristic is more effective than open access in most
scenarios.

In the work discussed in [91]], the authors addressed the emerging ser-
vice model of home health care, emphasizing its potential for delivering effi-
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cient door-to-door medical services. The study underscores the importance of
strategically scheduling and routing nurses to minimize costs and enhance pa-
tient satisfaction. With a focus on known demand and service capabilities, the
research introduces an IP model, catering to patient priorities and time win-
dow constraints. To address the optimization challenge, a genetic algorithm
coupled with local search was employed. An empirical case study based in
Shanghai, China, was undertaken to validate the proposed model. The results
highlight the efficacy of the model and methodology, positioning it as a valu-
able tool for decision-making among home health care administrators.

1.3.2 Nurse scheduling

The central challenge in nurse scheduling is to assign shifts to nurses of varying
skills, satisfying as many soft constraints and personal preferences as possible.
This ensures adequate personnel coverage during a specific planning period,
as illustrated in [161]].

In [260], the authors introduce IP methods to address the International
Nurse Rostering Competition problem. Initially employing a compact for-
mulation that proved inefficient for current solvers, they propose enhanced
cut generation strategies and primal heuristics. Their extensive computational
tests led to the optimization of most instances, improvement in the best-known
solutions by up to 15%, and robust dual bounds. To ensure reproducibility, all
implementations were carried out using the Computational Infrastructure for
Operational Research.

In the study presented by [[158]], the authors propose a two-stage approach
that balances the individual preferences of nurses with the overarching opera-
tional needs of hospitals. In the initial stage, shifts are systematically allocated
to nurses who place the highest bids, ensuring that hospital constraints and re-
quirements are satisfied. Subsequently, the remaining shifts are distributed to
complete the final roster. This method was effectively applied in a real-world
context, specifically within an emergency department in Pennsylvania, USA.

Expanding on the theme of nurse rostering, the research outlined in [54]
introduces a dynamic, real-world nurse-rostering methodology that stands in
marked contrast to the more traditional fixed-period strategies commonly em-
ployed. This novel approach offers greater flexibility, accommodating the ever-
shifting demands of healthcare environments.

In [288], the authors tackle the Nurse Rostering Problem (NRP). The pa-
per introduces a hybrid solution algorithm merging MIP heuristics, specifically
Fix-and-Relax (F&R) and Fix-and-Optimize (F&O), with Simulated Anneal-
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ing (SA). The MIP-based heuristics break down the problem into smaller sub-
problems, optimizing each one iteratively. The hybrid strategy employs the
F&R algorithm to produce high-quality starting solutions for the SA compo-
nent. When improvements stall, the F&O method is incorporated into SA,
enabling a diversified search space and enhanced solutions. In addition, the
proposed framework has been tested on 24 publicly available instances show-
ing results better or comparable with the state of the art.

In the work presented in [228]], the NRP is characterized by the task of
assigning a set of shift sequences to multiple nurses over a specified period
while adhering to working constraints and preferences. To this aim, the au-
thors introduced a hybrid algorithm, merging the benefits of IP and Constraint
Programming (CP). The algorithm leverages IP capacity in deducing lower
bounds and then individuate the optimal solutions exploiting CP capacity of
identifying feasible solutions. To further refine the algorithm efficiency, inno-
vative strategies are employed to discern crucial details, like the computational
complexity of instances and constraints, subsequently adapting search param-
eters. This algorithm undergoes testing on two diverse datasets comprising
various problem instances.

In [229]], the authors address the NRP by introducing a hybrid algorithm
that blends IP and the VNS. This algorithm starts with a greedy heuristic for
the initial solution, enhances it via the Variable Neighbourhood Descent algo-
rithm, and employs IP in a ruin-and-recreate strategy to aid the search. IP is
used again for final solution improvements. Moreover, a novel scoring system
evaluates the solution quality. Testing on 24 known instances, the algorithm
outperforms two leading algorithms and Gurobi in most cases. Additionally,
11 newly generated challenging instances are introduced for benchmarking by
the research community.

In the work in [21]], the authors addressed the NSP, a critical concern in
healthcare due to its role in efficiently assigning nurses to shifts while consid-
ering both hospital goals and nurse preferences. Although many NSP models
have approached the issue deterministically, real-world applications are often
marred by uncertainties regarding management objectives and nurse prefer-
ences. Recognizing this, the study introduces a stochastic optimization model
for the Department of Heart Surgery in Razavi Hospital, which takes into
account the unpredictable nature of patient demand and stay durations. The
Sample Average Approximation method is employed to determine an optimal
schedule aiming to minimize both regular and overtime assignment expenses.
Numerical tests underscore the convergence of statistical bounds and the ap-
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propriateness of the sample size for specific experiments, thereby validating
the model efficacy.

In the work addressed in [306], the authors propose a mathematical rep-
resentation for the NRP. In addition, given the NRP complexity, is also intro-
duced a particle swarm optimization method to address this issue. The problem
constraint structure is analyzed and utilized to produce workstretch patterns,
representing the basis for a rapid initial solutions, which are enhanced by the
PSO algorithm. Additionally, an ad-hoc procedure is proposed for refining
PSO-derived solutions. Emphasizing fair shift allocation as the main goal, the
results indicate that the enhanced PSO algorithm consistently and efficiently
yields optimal solutions in real-world test scenarios.

Within the same context, some of the same authors, in [55] merges heuris-
tic ordering strategies with the robust Variable Neighbourhood Search (VNS)
algorithm to enhance the nurse-rostering efficiency.

In a separate study presented in [282], the researchers leveraged a data-
driven simulation approach for optimizing nurse-patient assignments. This
simulation was based on real data sourced from hospitals in Texas, ensuring
its relevance and applicability to real-world scenarios.

In certain specialized medical scenarios, the unique needs of patients ne-
cessitate the allocation of nurses with specific expertise. Recognizing this com-
plicating aspect within the healthcare delivery context, both [224] and [197]
developed a mathematical programming and an heuristic framework tailored
for those assignments. Their research emphasizes the critical importance of
such methodologies in ensuring optimal care for an especially vulnerable pa-
tient group: critically ill newborns. These methodologies aim to ensure that
the most qualified nursing professionals are matched with newborns based on
the severity of their condition and the specialized care they require.

The challenge of nurse rerostering emerges when unforeseen circum-
stances prevent a nurse from executing previously designated duties. Such
disruptions necessitate swift and efficient strategies to ensure uninterrupted
patient care. Addressing this complexity, in [213]] is proposed a Genetic Algo-
rithms to develop solutions that facilitate optimal rerostering. In a complemen-
tary approach, [196] conceptualizes the re-rostering problem as a bi-objective
optimization problem. To tackle this, they employed Goal Programming.

Addressing the challenge of minimizing nurse-patient switches, [277]] in-
troduced a hybrid solution that combines Constraint Programming—a with a
metaheuristic search, enhancing the robustness and efficiency of their method-
ology. This innovative strategy ensures continuity in patient care and nurtures
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the trust and rapport built between nurses and their assigned patients.

Taking a broader perspective on healthcare delivery, [40] addressed a com-
bined problem of home healthcare and nursing. Their research extend the con-
ventional scope of nurse scheduling to address the associated routing problem
inherent to home healthcare services. By doing so, they aim to achieve a dual
objective: reducing transportation costs, a critical factor in resource-limited
environments, and increasing satisfaction levels for both patients and nurses.

In [154], the authors address integrated staffing and scheduling under de-
mand uncertainty using a two-stage stochastic integer program. The initial
phase sets staffing and schedules, while adjustments are made in the subse-
quent phase as demand becomes clearer. The research highlights the benefits
of mixed-integer rounding inequalities in refining solutions. Using 3.5 years of
patient data from Northwestern Memorial Hospital, the authors validate their
approach across 20 instances. Their results underscore the efficiency of their
methods and demonstrate that their stochastic model provides significant cost
advantages over deterministic models, particularly with larger forecast inaccu-
racies.

In [24]] is addressed the multifaceted challenge of nurse scheduling requires
solutions that account for both non-negotiable (hard) and negotiable (soft) con-
straints. Addressing this complexity, the authors proposed two approaches: a
integer-programming an heuristic ones. In addition, to further improve the
nurse scheduling process addressing also cyclic scheduling, where patterns
recur over a fixed number of days, and preference scheduling, where nurses
individual preferences play a crucial role in assignment decisions.

Further deepening the exploration into nurse rostering, in [[110]] is high-
lighted the significance of staff satisfaction—a critical, yet often overlooked,
component in healthcare scheduling. Through their novel polyhedral ap-
proach, the authors showed the efficacy of certain branching rules in enhancing
the efficiency of the scheduling process.

Moreover, broadening the scope to encompass multiobjective rostering, in
[39] is proposed a solution approach recognizing that nurse scheduling often
necessitates balancing multiple, sometimes conflicting objectives. In light of
these challenges, the authors exploited the utilization of various methodolo-
gies, underling their strengths and limitations.

Moreover, as widely known, metaheuristic approaches offer a range of
solutions for complex optimization problems. Among these approaches,
Evolutionary Algorithms have gained prominence in the Nurse Scheduling
([9; 110} [111), as well as Tabu Search, which has also been extensively studied
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and implemented by ([41} [139] 90, [89]). Moreover, another proposed meta-
heuristic to address the problem is the Scatter Search, as highlighted in [S6].
Finally, in some works has been proposed also Ant Colony Optimisation as a
promising approach ([127]]).

In terms of hybrid approaches, several scholars have explored the melding
of different techniques. For instance, the works presented [38] and in [290]
propose innovative combinations of Tabu Search with Local Search proce-
dures, aiming to leverage the strengths of both methodologies.

Furthermore, some studies have taken on multi-dimensional challenges.
As an example, the work in [36]] where is not only addresses a nurse schedul-
ing but also personnel and facility scheduling problem. In their study, they in-
tegrated nurse scheduling with operating room assignments, employing an ap-
proach based on Linear Programming coupled with Column Generation tech-
niques.

1.3.3 Operating room and physician scheduling

Scheduling physicians and operating rooms in healthcare institutions is of pri-
mary importance, given its significant impact on patient care, operational effi-
ciency, and resource allocation. Optimal scheduling not only allows medical
professionals to provide timely and effective care but also reduces patient wait
times, optimizes the use of costly medical equipment and facilities, and ensures
a balanced workload for medical staff. The outcome is a marked improvement
in patient results and the overall performance of the institution.

In the works presented in [42]] and [43], are examined the complexities and
challenges of operating room scheduling. Their approach, built on algorithmic
foundations, effectively assign specific operation times to surgeons. However,
while these studies capture the broader dynamics of scheduling, they lack the
granularity to identify exact start and end times for procedures. This limita-
tion can be consequential in high-demand healthcare settings, where precise
timings can impact patient flow, resource allocation, and overall operational
efficiency.

In the study proposed in [32], the authors explored the problem of physi-
cian scheduling in emergency departments. They proposed heuristics based
on partial branch-and-bound techniques to address these challenges. The pri-
mary objective was to minimize penalties resulting from deviations from ideal
scheduling, thus improving both patient wait times and workload distribution
for the medical staff.
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In the research by [211], the authors introduced a Goal Programming-
based method to address the operating room planning problem. Their strategy
aimed to minimize inefficiencies, notably by reducing idle times and overtime
in operating rooms. Simultaneously, they emphasized the importance of en-
hancing satisfaction among surgeons, patients, and auxiliary staff. By balanc-
ing these objectives, the approach promises improved operational efficiency
and a better satisfaction for all the actors involved in the surgical process.

In the research discussed in [259]], is developed an IP model to allocate sur-
gical blocks to different specialties. This model took into consideration both
the availability of operating rooms and the necessary post-operative resources.
Its practicality and efficiency were recognized and subsequently adopted by
hospitals under the British Columbia Health Authority. Similarly, [316]] took a
combined approach, integrating both IP and Simulation methods. Their model
was designed to distribute weekly operating room capacities among special-
ties, with a primary focus on reducing inpatient costs. Both studies highlight
the evolving strategies in surgical scheduling and resource management.

In [122], the authors focused on optimizing staffing in emergency depart-
ments. They analyzed patient arrival patterns and harnessed queueing models
to improve departmental efficiency. Their primary goal was to diminish pa-
tient waiting times, ensuring quicker care and better patient experiences. Both
studies underscore the continuous efforts to improve healthcare efficiency and
patient care through refined scheduling and resource allocation.

In [192]], the authors investigate the issue of part-time employment for
physicians, highlighting on its advantages. Through two illustrative case stud-
ies, they demonstrate how such employment arrangements can not only en-
hance service quality by potentially reducing burnout and increasing physician
engagement, but also optimize the broader healthcare system design by of-
fering more flexible staffing solutions and accommodating diverse workforce
needs. This analysis underscores the importance of reconsidering traditional
full-time roles in the ever-evolving landscape of healthcare.

In the study by [50], the authors highlight the role of simulation in health-
care decision-making and operational efficiency. Through a detailed analysis
of four distinct scenarios, they illustrate the power of simulation in providing
actionable insights. These scenarios encompass inpatient surgical scheduling
complexities, tracking emergency room wait times to improve patient experi-
ence, understanding the importance of emergency room scheduling, and en-
suring accuracy in medicine ordering processes. Their work underscores the
potential of simulation tools to transform healthcare operations and enhance
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patient care.

Of particular significance in this field is the Integrated Operating Room
Planning and Scheduling (/ORPS). This entails determining the date, operating
room (OR), and start time for each surgery while also considering the estimated
completion time and allocation of medical resources.

Central to the IORPS are two key decision-making sub-problems: the allo-
cation of patients to designated surgical blocks (defined by the OR and day) and
the sequencing of surgeries within these allocated blocks. These sub-problems
are traditionally referred to as the Advance Scheduling Problem (ADP) and the
Allocation Scheduling Problem (ALP), as identified in [317]. While numerous
studies have chosen to investigate each sub-problem in isolation, for those in-
terested in a brief overview, [59,1310] cover the ADP and [95,179] shed light
on the ALP.

However, some research endeavors have embraced a more comprehensive
version of the IORPS, aiming to concurrently solve both the ADP and the ALP.
Two predominant strategies emerge from the literature: the sequential and the
integrated approach. While the sequential methodology presupposes a clear hi-
erarchy and tackles the sub-problems one after the other, the integrated method
seeks to resolve them in tandem. The limitations of the sequential method, es-
pecially given the intrinsic interdependence of the sub-problems, are outlined
in [62].

In the study in [159], the authors developed a stochastic programming ap-
proach for optimizing operating room planning. They categorized surgical de-
mand into elective and emergency types. To address the challenges posed by
these categorizations and the unpredictable nature of surgeries, they employed
a hybrid approach, blending the Monte Carlo simulation technique with IP.
This combination offers a more straightforward and efficient scheduling sys-
tem, ensuring better resource allocation and timely patient care.

In the study proposed in [217], is presented an approach to address the
IORPS by refining the conventional Job Shop scheduling problem. This en-
hancement aimed to provide more efficient and realistic scheduling solutions
for surgical procedures.

In the work proposed in [[130], is addressed the IORPS, along with incorpo-
rating planned slack times. The authors introduced heuristics with objectives
to curtail overtime, prevent surgery cancellations, and enhance operating room
efficiency. This approach underscores the importance of balancing precision
in scheduling with the unpredictability of surgical operations.

In the work addressed in [299], the authors tackled the issue of Hospi-
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tal Resident Scheduling Problem (RSP) harmonizing departmental require-
ments, individual expertise, and personal preferences. The RSP aims to op-
timally align residents preferences with departmental needs when assigning
night shifts over a typical 4 to 5-week scheduling period. Utilizing Genetic
Algorithms, they presented a responsive and flexible solution. Conversely,
[267] approached this problem by developing a MIP, enriched with heuristic
techniques.

In the research detailed in [35]], the authors tackled the issue of bed occu-
pancy in hospitals, with a specific emphasis on formulating balanced surgery
schedules. Leveraging MIP-based heuristics that are further enhanced with
metaheuristics procedures, their approach was designed to proactively miti-
gate the complexities arising from potential bed shortages.

In the study presented in [286]],is examined the challenge of the IORPS for
emergency medical residents. Their specific scheduling problem is particularly
complex due to a dense set of rules and constraints, which range from resi-
dents training requirements to patient care demands. Recognizing that these
guidelines can often pull in opposing directions. In light of thise, the authors
utilizing a multi-objective perspective, sought to harmonize these conflicting
demands, striving for a solution that effectively balances patient outcomes and
and hospital operational efficiency. This method underscores the importance
of a holistic view addressing challenges of medical scheduling.

In [244], the IORPS in a Norwegian hospital is addressed in a multi-
objective fashion by prioritized minimizing patient waiting times, reducing
surgeon overtime, and especially reducing waiting times for pediatric patients.
Their approach, which encompassed both a mathematical formulation and a
meta-heuristic strategy, hinged on the weighted sum linearization of the multi-
objective function.

Further adding to the complexity, [176] introduced an /LP model targeting
a week-long /ORPS in a Lisbon hospital. Here, the goal transitioned to opti-
mizing the use of surgical suites in light of the surgical department equipment
constraints. This approach was later expanded in [[177], where a dual-objective
IORPS was considered. Their approach not only maximized surgical suite use
but also the number of scheduled surgeries, backed by heuristics informed by
the hospital’s real data.

Other studies, such as [298]] and [46]], have addressed the intricacies of the
IORPS across varied geographical landscapes and institutional frameworks.
For instance, [298] navigated the challenges at a publicly-funded hospital in
the Midwest United States, where factors like patient demographics, infras-
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tructure, and funding mechanisms play a fundamental roles. On the other
hand, [46] addressed the IORPS within the context of a Neapolitan hospital,
where cultural, logistical, and regional healthcare policies introduced distinct
challenges and objectives. Both studies underscore the multifaceted nature of
surgical scheduling, reflecting the requirements intrinsic to each hospital envi-
ronment.

The challenge of effectively scheduling surgeries, especially in the context
of emergencies, is a topic that has been rigorously tackled in recent research.

In particular, in the work presented in [[101], the authors propose a MILP
to dynamically adjust the schedules for elective surgeries following the sud-
den arrival of emergency cases. Their model considers a wide range of factors
spanning from the fiscal implications of operating room overtimes and poten-
tial postponements of elective procedures to the cost of declining emergency
patients. Essentially, the model provides a strategic framework to make de-
cisions on whether to accommodate an emergent case or, reroute it to an al-
ternative medical facility. The overarching goal of this model is to minimize
associated costs from reshuffling elective patients, declining emergency inter-
ventions, or prolonging operating room operations.

In the study proposed in [25], the focus is directed towards formulating
an optimal strategy for integrating emergencies into an already-set surgical
schedule. The approach is based on a stochastic programming framework,
considering scenarios where elective procedures might face delays, yet are not
moved across different operation theaters. Furthermore, the authors have in-
corporated a probabilistic dimension to emergency arrivals, modeling it as a
non-homogeneous Poisson process. Their findings revealed a marked contrast
in elective schedule responsiveness based on two different rules: the "shortest
expected processing time first" and the "best insertion method".

The research proposed in [[186] investigate the JORPS, with particular fo-
cus on effectively planning around unpredictable emergency cases. In their
approach, the authors propose a MIP framework to develop an initial surgical
schedule, with a primary aim to reduce the instances of unscheduled elective
surgeries. Enhancing this approach, they introduce two heuristic methodolo-
gies, seamlessly integrated with their foundational MIP structure, designed to
facilitate online adjustments on the actual day of the surgeries.

In the study by [271], is examined the IORPS addressing for both planned
and unexpected surgeries in the same operating room setup. Recognizing
the uncertainties in both surgery arrivals and duration, the authors proposed
a stochastic processes to estimate these variables. To make scheduling more
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manageable, they divided the workday into specific time blocks. Using a dy-
namic programming algorithm, they developed a method to adjust the schedule
for planned surgeries within a day schedule.

Finally, readers further interested into the complexities of operating room
scheduling, are addressed to [223]], [[125], and [86l]. These works offer detailed
analyses and methodologies for refining surgical scheduling processes. More-
over, for a comprehensive overview that spans the entire spectrum of operating
room planning and scheduling challenges and solutions, [63 226 1321]] stands
as an essential reference.

1.4 Specialised and preventive healthcare

The increasing life expectancy, escalating healthcare costs, and the emergence
of new diseases in recent years have underscored the need for a robust focus on
preventive and specialized healthcare by medical professionals. To understand
the spread of infectious diseases, assess the economic advantages of screening
tests for at-risk populations, and tackle issues related to organ transplantation
and donation, researchers have utilized both stochastic methods and discrete
optimization techniques.

The intricacies of preventive care have deepened with challenges such as
terrorism and the potential for bioterrorism. Within the domain of organ do-
nation and transplantation, most research has primarily focused on developing
policies for allocating donated organs to patients on the waiting list.

Kidneys and livers stand out as the most frequently transplanted organs,
capturing significant attention in medical research and policy formulation. In
this context, the studies conducted in [314] and [315] provide a deeper in-
sight into the world of organ transplantation, particularly concerning kidneys.
In these studies, the author gave a wide overview of exchanges, highlighting
the often overlooked issues and ethical considerations in the process of kid-
ney transplantation. Moreover, Their approach involved evaluating allocation
strategies, examining queuing theories, and utilizing simulation models. By
employing such comprehensive methods, they have made a lasting contribu-
tion to the refinement of organ allocation processes, ensuring that they are both
efficient and equitable.

The works presented in [265] and [251] highlights advancements in the
arena of organ transplantation, with a particular emphasis on kidneys. These
researchers addressed the field of technological innovation and software solu-
tions explicitly designed for kidney donation procedures. A central concern
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they tackled was the multifaceted problem of non-compatible patient-donor
pairs — a recurrent challenge that introduces complexities in the organ trans-
plantation. In addressing this, their solutions were grounded in the creation of
robust frameworks that supports the prospects of successful transplantations.

In the research presented by [258], the focus shifts to the issue of liver
transplants. The authors provided a holistic perspective on the role of tim-
ing within transplantation procedures. They recognized that the outcome of
a transplant is often highly influenced to its timing. In addition to the tem-
poral considerations, the researchers also addressed the issue of organ quality
assessment. Indeed, the health and viability of a donated organ are crucial fac-
tors in determining the post-transplant trajectory of the recipient, influencing
both their immediate recovery and long-term health.

In the study proposed in [119]], are addressed the challenges of uncertainty
in the organ transplantation supply chain. The study introduces a mathemat-
ical model to optimize the chain, considering uncertainties in shipment times
and organ demand. A possibilistic programming model, combined with a
simulation-based method, is proposed for decision-making in transplant center
locations and organ distribution.

Within the domain of disease prevention, optimization research promi-
nently addresses the issues of vaccine selection as shown in [81]]. In this work
are highlighted the disparities in immunization access worldwide, emphasizing
the challenges faced by low- and middle-income countries in vaccine distribu-
tion. The paper presents a comprehensive literature review on vaccine distri-
bution chains in these countries and is divided into two main sections. The first
section address the distinct characteristics and challenges of these distribution
chains, incorporating both quantitative and qualitative studies. The second
section organizes the operations research and operations management litera-
ture based on seven criteria: decision level, methodology, parts of the vaccine
distribution chain modeled, uncertainties and features addressed, performance
metrics, real-world applicability, and the countries and vaccines examined. A
comparative analysis between real-world issues and academic investigations is
conducted.

Expanding on the topic of vaccines, the study presented in [[143]] introduces
and refines a distinctive vaccine selection algorithm. The authors emphasize
the economic repercussions of vaccine wastage and champion the strategic
advantage of combination vaccines, highlighting on their cost-effectiveness
and potential for broad-spectrum protection.

Complementing this, other studies, as highlighted in [128] and [305],
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tackle diverse challenges inherent to vaccine formulation and selection. These
studies collectively contribute to a richer understanding of the decision-making
processes behind vaccine development and distribution, ensuring more effi-
cient and effective strategies in combating infectious diseases.

In [163]], are discussed the inefficiencies of the vaccine distribution chain
in many low- and middle-income countries, supported by the World Health
Organization Expanded Program on Immunization. These vaccines need a
temperature-controlled "cold" distribution chain, but the current systems are
not cost-effective. The study suggests redesigning this chain by determin-
ing the locations of intermediate distribution centers, flow paths from central
stores to health clinics, and the allocation of transport vehicles and cold stor-
age devices. Unlike the traditional four-tiered structure, alternative network
structures can be adopted. A MIP model is introduced for optimizing small-
to-medium-sized networks, and a hybrid heuristic—-MIP method is proposed
for larger networks. The effectiveness of these models is demonstrated using
data from sub-Saharan African countries.

In [236], are emphasized the potential strain on the healthcare system due
to the convergence of COVID-19 and other respiratory illnesses like the flu.
Concerns about COVID-19 have heightened the vaccine shortage in devel-
oping countries, which aim to widely vaccinate their populations to lessen
the burden on healthcare services.The authors proposed an inventory-location
MILP model tailored for fair distribution of influenza vaccines in develop-
ing countries during the pandemic. This model prioritizes critical healthcare
workers, the elderly, pregnant women, and individuals with underlying health
issues. The effectiveness of this optimization model is showcased through a
broad case study.

In [[116], is highlighted the global urgency for vaccine access due to the
COVID-19 pandemic, emphasizing the challenges faced by developing coun-
tries. This study introduces a mathematical model for a sustainable supply
chain for the COVID-19 vaccine, encompassing economic, environmental, and
social dimensions, ensuring both domestic and international distribution. To
address the global disparity in vaccine distribution, a robust data-driven model,
using a polyhedral uncertainty set, is presented. The model is validated using
a real case in Iran, providing to be less conservative than conventional models
when dealing with uncertainties.

In the study in [100], the author focused on the optimal distribution of in-
fluenza vaccines across diverse population subgroups. A mathematical model
is presented to minimize vaccine doses and control early-stage outbreaks. An
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equity constraint ensures fairness in vaccine distribution. The research intro-
duces an exact solution approach and conducts sensitivity analyses on key epi-
demic factors. The model scalability is explored for subgroups based on age
and location. The paper also discusses an alternative optimization method and
emphasizes the importance of considering group-specific transmission dynam-
ics in vaccine distribution decisions.

On a different vein, HIV prevention remains a significant area of study, as
illustrated by the resource allocation model in [96]]. Moreover, several schol-
ars have addressed into resource allocation for epidemic containment, mix-
ing non-linear optimization techniques with epidemic models. Furthermore,
the incorporation of various computational models, such as Markov models as
used in [257]] and [135]], has not only facilitated in-depth cost-benefit analyses
but also enhanced the accuracy of projections for future patient demographics.

On a different vein, contact tracing, heralded as an essential mechanism
in the battle against the spread of infectious diseases, has received significant
attention in academic circles. Studies like [[15]] have taken a deeper dive into
this area, introducing a meticulous simulation-driven assessment approach that
evaluates various tracing strategies and their efficacy. On the other hand, in-
fluenza has been addressed in works such as [293]]. This research investigate
the potential fallout and response strategies for pandemic scenarios. Mean-
while, [69] offers insights into the challenges of supply chains, specifically
addressing the logistics of vaccine distribution and resource allocation during
flu outbreaks.

Bioterrorism preparedness stands as a critical area of exploration in con-
temporary research, especially given the potential global ramifications. In the
study by [149], the authors addressed into a comprehensive analysis, exam-
ining various bioterrorist attack scenarios and meticulously formulating corre-
sponding response strategies. These strategies encompass aspects like immedi-
ate containment, medical interventions, and public communication. Similarly,
the research in [2]] sheds light on the practical applications of advanced model-
ing techniques. Here, the authors employ discrete-event simulation, a powerful
tool that allows for the realistic modeling of complex systems, to optimize the
planning for emergency mass dispensing. This includes the logistics and ef-
ficiency of vaccination clinics, ensuring timely and effective responses during
potential bioterrorism events.

In the study proposed in [234], is discussed the importance of urban water
distribution systems, especially in the context of public health and industry.
Despite their significance, current emergency response models for contam-
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ination are underdeveloped. The study introduces a dynamic decision sup-
port model that adapts to real-time emergency scenarios, determining optimal
health protection measures. This model considers changing contamination
data and integrates feedback from various stakeholders. Its effectiveness is
demonstrated using a virtual city simulation. The ultimate goal is to incor-
porate this model into a comprehensive system for managing contamination
threats.

In [301],is emphasized the significance of developing an emergency man-
agement plan to mitigate casualties from a bioterrorist anthrax attack. In
particular, this studies introduces a multi-period model that integrates dis-
ease progression, medical interventions, and logistics deployment. The model
takes into account the timeline of patients transitioning through various dis-
ease stages, the initiation of medical intervention, and the subsequent recov-
ery rate fluctuations due to time lags. The proposed model aids in strategic
decision-making during an actual anthrax attack and helps in assessing key
factors influencing casualty numbers.

Chronic conditions, notably diabetes and hepatitis, continue to be signif-
icant areas of medical exploration. In the domain of chronic conditions, in
[132]] provides a comprehensive analysis on diabetic retinopathy, emphasizing
the necessity and methodologies of early detection and preventive care. Ad-
vancing into diabetes management, [97] offers innovative models specifically
crafted for Type-2 diabetes intervention, aiming to optimize treatment method-
ologies and improve patient outcomes.

Switching the focus to hepatitis, the economic aspects of Hepatitis C
screening are extensively analyzed in the research community. In the study
proposed in [273]] addressed the cost-benefit aspects of screening, evaluating
the immediate financial implications against the long-term health benefits of
early detection and intervention. Complementing this, in [278] is further in-
vestigated the screening processes, providing valuable insights into the issues
of cost-effective strategies and the broader implications for healthcare planning
and policy-making.

1.5 Conclusions

In this Chapter, we highlighted the importance of Operational Research in
healthcare. Through systematic and analytical approaches, Operational Re-
search helps improve decision-making processes, aiming for better patient out-
comes and more efficient healthcare systems.
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Our analysis underscores that three fundamental problems of Operational
Research literature — namely, Location Analysis, Scheduling Optimization,
and Routing — show extensive relevance and application within the healthcare
sector.

On this basis, in the following chapters we investigate into each of these
areas, proposing for each one a methodology to solve a real-life problem. Our
aim is to offer insights and contribute to understanding how operational re-
search can continue to make healthcare better and more accessible for every-
one.






Chapter 2

Reorganization of the Blood
Supply Chain (BSC):
deterministic and uncertainty
based facility location models

In this chapter, we introduce the complexities of the blood supply chain (BSC),
with a focus on the Italian context undergoing significant reforms. By intro-
ducing advanced optimization models, we aim to enhance the BSC efficiency,
addressing inherent challenges such as variable demand, logistical complica-
tions, and spatial distribution.

2.1 Introduction

Ensuring rapid and safe access to sufficient supplies of blood, as well as safe
transfusion processes, is a fundamental component of any strong healthcare
system worldwide [304]. Blood transfusions play a vital role in disaster situ-
ations, accidents, trauma cases, emergencies, and in aiding women suffering
from bleeding related to pregnancy and childbirth. In countries with suffi-
ciently developed healthcare systems, blood and blood products also provide
critical support for medical procedures like transplantation and major surg-
eries. In addition, they help treat immune deficiency conditions and diseases
related to blood and bone marrow [|304].

Human blood is considered a scarce resource, and wasting it is unaccept-
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able, as it can lead to postponed surgeries, untreated patients, or even death
[303]. However, in many developing nations, the unavailability of safe blood
contributes to a high number of deaths, even in some urban healthcare facil-
ities. Voluntary donation remains the only source of blood; however, it has
some drawbacks, including limited donor numbers, delays in testing, and a
high risk of product perishability [220]]. While artificial blood or blood com-
ponents could serve as alternatives, they are not currently feasible options and
remain an area for future research and development.

In this context, effective BSC management is a crucial issue for developed
and developing countries. The BSC involves six processes related to blood,
namely: collection, testing, blood processing, storage, distribution, and trans-
fusion. These interrelated activities require coordination among five key play-
ers: donors, mobile collection sites (CSs), blood centers (BCs), demand points
(such as hospitals or transfusion points), and patients [220]. Thus, managing
the BSC can be a daunting task due to the complexity of the processes and the
need for precise coordination among the various players involved. Nonethe-
less, it is crucial to ensure a safe and sufficient supply of blood and blood
products for transfusions, as this measure plays a vital role in saving lives and
enhancing health outcomes.

Therefore, optimal decision-making in BSC management is necessary to

minimize shortages and waste, as well as to design a more efficient, effective,
and robust system. Accordingly, as we discuss in the next section, the lit-
erature flourishes with contributions that, despite the shared problem setting,
mainly differ for the specific application context and peculiarities of the na-
tional/regional case study.
This study focuses on the Italian BSC, which has been the subject of ongo-
ing efficiency-oriented reforms and suffers from a relatively high fragility con-
cerning blood demand satisfaction objectives (i.e., the so-called self-sufficiency
goal).

In Italy, the management of the BSC falls under the responsibility of the
Transfusion System, a public body that is part of the Italian National Health
Service (NHS) established in 1978. The Italian BSC relies entirely on vol-
untary and unpaid donations, as in many other countries. In 2020, there
were 2,893,788 donations, comprising 2,438,349 whole blood donations and
455,439 apheresis donations. These donations were contributed by 1,626,506
donors, including 1,352,162 periodic donors and over 355,174 occasional first-
time donors, resulting in 2,822,504 transfusions [64]. However, the system is
vulnerable and lacks robustness when faced with fluctuations in blood demand,
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as evidenced by the minimal difference of only 71,284 units (2.5%) between
donations and transfusions.

In addition, in 2013, the Italian government published a national guideline
for regional authorities related to blood and its components in compliance with
the European Directive 2002/98/EC [[114]]. The guideline introduced efficiency
measures that require collection processing activities, such as blood analysis,
separation of blood components, and transformation into plasma-derived prod-
ucts, to be consolidated in fewer BCs. According to the recommendation, each
BC should process a minimum of 40,000 units per year. However, this target is
significantly higher than the average productivity of BCs in all Italian regions.
Indeed, there are 278 BCs spread across the country, and considering the afore-
mentioned 2,893,788 donations [189], this results in an average productivity
of 10,409 units per BC. Therefore, the ongoing reorganization of the Italian
regional BSC emphasizes the importance of providing stakeholders with a tool
to rationalize and enhance its functioning, while ensuring an adequate supply
of blood and blood products.

In this context, this work focuses on the first leg of the Italian BSC, i.e.,
the blood collection, which is the BSC activity mostly impacted by previously
discussed reforms.

The regional authorities have identified two main strategic actions to en-
hance BC productivity. The first action involves reducing the number of em-
ployable BCs by selecting those to be shut among the existing ones. The sec-
ond consists of resorting to Mobile Units (MUs) to reach isolated blood dona-
tion points and increase processing levels at each BC. In addition, as proposed
in [53]] and [88]], we also consider the possibility of downgrading existing BCs
to the so-called Blood Stations (BS), where only collection activities are car-
ried out. Subsequently, the blood collected at the BSs is dispatched to the BCs
for processing. Since the distance to travel in order to reach the collection fa-
cility deeply influences the aptitude to donate blood, the introduction of BSs
should mitigate the distance negative effect on donors’ donation propensity. In
the following, when no distinction is needed, we refer to both BCs and BSs as
Blood Facilities (BFs).

On this basis, in a nutshell, in line with the previous literature on the topic
presented in [53[] and [88], the main contribution of this work comprises the
proposal of a mathematical modeling framework that can serve as a decision
support tool for the strategic redesign of an existing regional BSC. More pre-
cisely, the proposed framework rationalizes the BSC collection structure by
closing unnecessary BCs, downgrading BCs to BSs, and supporting collection



48 CHAPTER 2. MILP MODELS FOR THE REORGANIZATION OF THE BSC

processes through Mobile Units (MUs). Such facilities, together with donors,
configure a multi-echelon network system. The overall objective is to min-
imize the blood transportation cost (from collection to processing facilities).
Moreover, specific system tactical requirements are also considered, such as
maximum and minimum capacities for collection and processing activities, re-
spectively, as well as the need to satisfy the total regional demand for blood
(i.e., the self-sufficiency goal). The latter are formulated as soft constraints,
and their violation is accounted for in the objective function by adopting a
penalty-based method. This method allows the evaluation of a range of differ-
ent trade-off solutions between the minimization of BSC transportation costs
and compliance with the above requirements. Finally, donors’ accessibility
is also envisaged. Specifically, we ensure that the average distance potential
donors should travel to reach the facilities is below a maximum threshold.
Based on this design choice, the rationalization of the existing network is ex-
pected to maintain the capillary presence of blood facilities over the territory.

The proposed modeling framework has been implemented in two differ-
ent perspectives: case-based and scenario-based. The first one is designed
to reorganize a BSC in situations characterized by known, steady, and regu-
lar donations. Conversely, the second formulation is conceived to address the
uncertainty in yearly donations and their potential variations.

These two perspectives enable to perform a twofold investigation enriching
the understanding of the problem and enhancing the quality of the decision-
making process. On the one hand, the case-based formulation allows to per-
form a sensitivity analysis with respect to the donations’ propensity and the
system average accessibility, which represent the main factors affecting the
strategic decision under investigation. On the other hand, the scenario-based
formulation allows to handle inherent system uncertainty issues by designing
BSC solutions which are robust with respect to the yearly donation propen-
sity, accounting for expected value and worst-case scenarios. Both formula-
tions, being extensions and modifications of the one presented in [88]], repre-
sent a methodological advancement in the field. In particular, they introduce
explicitly the accessibility issue and configure mixed-integer linear program-
ming (MILP) models for multi-echelon facility location problems with soft
constraints that allow for considering the system targets in a multi-objective
fashion. Moreover, strengthening valid inequalities are also proposed to im-
prove the computational performance when dealing with the solution of large
size instances by off-the-shelf optimization software.

The proposed formulations are tested using real data from three Italian re-
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gions (i.e., Campania, Apulia, and Lombardy - representing mid-to-large-scale
test cases and characterized by different topologies), evaluating two blood col-
lection management strategies, namely:

1. acentralized strategy where the entire region is managed as a single unit,
as previously shown in [88]].

2. a decentralized strategy where the region is divided into different areas
to prevent polarization caused by heavily populated cities, thereby en-
suring a more significant presence of BFs throughout the territory for
improved average accessibility.

The experimental results demonstrate the capability of the modeling
framework in handling real-world instances, thus confirming its usability as
a valuable decision-support tool. Indeed, on the one hand, it allows to derive
useful managerial insights, and, on the other hand, it enables the simulation of
different system configurations, operational conditions, and working scenarios.
Notably, we show that all the instances are solved in acceptable computational
times through an off-the-shelf solver, which makes it potentially interesting for
practitioners seeking support in policy-making.

The rest of the chapter is organized as follows. Section provides a
comprehensive literature review on facility location approaches for BSC de-
sign problems to highlight the application and methodological contribution of
this work. In Section [2.3] we present a formal description of the problem,
while the developed mathematical models are given in Section[2.4] In Section
[2.5] we report on the selected case studies and present an analysis of the re-
sults obtained from our experiments. Finally, Section [2.6 closes the chapter
with some conclusions and potential avenues for future research.

2.2 Literature background and positioning of the cur-
rent contribution

Operations Research is widely recognized as an essential tool for decision
support in healthcare planning and management. The use of optimization
techniques in healthcare has received significant attention over the past three
decades, as evidenced by [231]] and [8]. In this research domain, Blood Sup-
ply Chain management is an area of growing interest, dealing with a broad
spectrum of strategic, tactical, and operational problems. For a comprehensive
overview on the topic, the interested reader is addressed to [37]], [209], [220],
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and [184]]. In particular, the latter reference provides an insightful conceptual-
ization of the different typologies of problems relevant to BSC management -
classified by planning level - and the main decisions involved.

At the tactical and operational planning level, typical problems concern
the definition of short-to-mid-term optimal collection, production, transporta-
tion, and administration policies of blood units and derivatives (and their daily
scheduling) occurring at collection/production facilities or demand nodes (i.e.,
hospitals - see, e.g., [129, 165} 210], to name a few).

At the strategic level, instead, the focus is on the long-term (re-)design of
BSC networks, which usually calls for the optimal siting of BFs and, eventu-
ally, the adequate definition of their sizes/capacities. Therefore, BSC network
design problems are often rooted in the Facility Location literature (FLPs, see
[L601]).

As discussed in [184]], BSC management problems concerning different
planning levels have been rarely treated in a fully-integrated manner. Indeed,
the complexity of the interconnections among the system components and op-
erations may easily lead to intractability. However, it is widely recognized the
significant impact of appropriate design strategic decisions on the tactical and
operational performance of the whole BSC ([53]).

In this context, this work mainly focuses on the long-term planning prob-
lem related to the design and structure of the BSC under ordinary conditions,
i.e., not motivated by emergencies and disaster scenarios (see [232] and the
references therein). Thus, it falls within the strategic level problems. Never-
theless, as suggested in [[184], in order to consider the inter-dependency among
the levels, several tactical decision related to collection, productivity and trans-
shipment policies are integrated within the proposed framework. Notably, var-
ious scholars investigated such problems by resorting to multi-echelon facility
location/allocation models and solution methods. As discussed in [17]], the
literature can be classified on the basis of four main criteria: data availabil-
ity, length of the time horizon, involved processes and structure of the system
(in terms of number of echelons and type of facilities and their interactions).
Accordingly, in order to better motivate the proposed case-based and scenario-
based formulations, in the following, we provide a concise review of some
recent contributions in the field, dividing them in two groups - namely deter-
ministic and uncertainty based - highlighting for each of them the main aspects
related to the these criteria.

Concerning deterministic approaches, in [66], is considered the problem
of determining the optimal location of blood banks and their allocation to hos-
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pitals, seeking to minimize the related costs. To this end, a multi-objective,
single-period, and deterministic model was developed, which was then tested
on small-sized numerical examples. Thus, donors allocation is not explicitly
considered

In [253]], the real problem of regionalizing blood services in Turkey was
addressed. The authors considered a hierarchical structure involving higher-
level facilities, the so-called Regional Blood Centers, and three lower-level
facilities, i.e., BCs, BSs and MUs. The authors tackled the problem by solving
a series of subsequent deterministic, single-period mathematical models. In
practice, the envisaged location-allocation decisions are not taken in an inte-
grated fashion. Note also that no capacity restrictions were considered, nor the
actual distribution of donors was explicitly taken into account.

A slightly different problem was investigated in [99]. In their work, the au-
thors devised a mathematical model for the optimal location of centrifuge cen-
ters, responsible for blood separation, and the allocation of clinics, in charge
of blood collection. The authors sought to maximize the total profit gained by
a health management organization operating in Israel. As in [253]], donors and
capacity-related decisions were not involved.

In [67] the authors developed a single-period deterministic model to locate
two types of collection facilities and decide their optimal allocation to pro-
cessing facilities, seeking to optimize transportation costs and the amount of
donated/processed blood under a budgetary constraint. The model was tested
on the Thai Red Cross case study, using the 76 capitals of Thailand as candi-
date locations and assuming donated blood at each candidate location as known
beforehand (that is, donors and capacities were not explicitly considered).

Finally, in [53]], the problem of redesigning an existing network of BCs
- responsible for collection and processing activities - was tackled, by means
of the following decisions: downgrading a BC to a BS, performing only col-
lection, or closing it. The authors devised a deterministic and single-period
model, including donors and BSs-to-BCs allocation decisions, aimed at min-
imizing location and transportation costs. The method was extensively tested
on a relatively large-sized case study corresponding to an entire Italian region.
For the same problem, some of the same authors introduced several soft con-
straints to deal with capacity and demand satisfaction requirements - whose
corresponding shortages/surplus were penalized in the objective function - and
blood units transportation costs in a multi-objective-like fashion (see [88]]).

Concerning instead uncertainty based approaches, in [313]] is studied the
problem of locating capacitated fixed and temporary BFs over a multi-period
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planning horizon, intending to satisfy the total demand for blood in each pe-
riod at the minimum location and transportation cost. Donors’ allocation de-
cisions were also included. Specifically, a covering radius was considered for
donors to reach a located facility. To model the problem, a robust possibilis-
tic mathematical program accounting for the uncertain nature of some relevant
parameters was proposed, which was tested on a relatively small-sized ran-
domly generated instance. In a follow-up paper, the above work was extended
by considering blood group compatibility [312].

A similar problem setting, both in terms of network structure and decisions
involved, was explored in [233]], where a robust optimization model motivated
by uncertainty on blood demand at hospitals was developed. In the proposed
model, inventory and shortage costs at hospitals were also considered. Ex-
periments were run on a small case study from the city of Teheran (similar to
that in [142]]), characterized by 22 donor groups - corresponding to the 22 city
districts - with the latter being also regarded as potential locations for BFs.

A two-stage stochastic programming model was proposed in [17] where
two types of facilities, i.e., Blood Collection Centers and Blood Collection
and Processing Centers, had to be located over a discrete multi-period plan-
ning horizon. First-stage strategic variables referred to the location of the
above-mentioned facilities and appropriate allocation decisions. Second-stage
(scenario-dependent) decisions, instead, were related to the shipment of col-
lected blood units based on the first-stage allocation decisions. The East Azer-
baijan Province case was used to illustrate the performance of the model and
of the developed accelerated Benders’ decomposition approach.

In [254] a robust fuzzy mathematical model for the optimal location of
capacitated blood collection facilities in a multi-period setting was developed,
with the main novelty of the work being in the multi-attribute group decision-
making approach used to account for both qualitative and quantitative factors
in the network design problem. The authors performed their empirical tests on
the small case of the city of Tabriz in Azerbaijan (ten donors’ locations and
less than ten potential locations for blood facilities).

In [195], a multi-period model for the location of blood collection and
blood processing facilities under stochastic hospital demands was proposed.
The model optimized two objective functions: (i) the total costs and (ii) the
total time (e.g., transportation/processing) in the BSC. Note that donors were
not explicitly considered, as the number of blood units collected was regarded
as an exogenously given parameter. The so-called "Interval Evidential Rea-
soning" approach was used to handle uncertainty, and evolutionary genetic
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algorithms were used as solution approaches. Numerical illustrative tests were
performed on randomly generated instances.

In [[13] the authors focused on the design of a BSC network comprising
donors, blood collection facilities, blood centers, and hospitals. Notably, no
location decisions were considered. Instead, optimal allocation and inventory
policies were explored to simultaneously optimize environmental, social, and
economic objectives under uncertainty on both supply (i.e., donations) and de-
mand. Later on, a similar problem setting has been considered at the core of
the developments presented in [193]]. In particular, the latter reference mainly
emphasized sustainability aspects related to the closed-loop nature of the in-
vestigated BSC.

Finally, a single-period model for BSC network design under uncertainty
on donations, demand, and blood disposal rates was designed in [285], with
the aim of optimally locating three types of facilities: Blood Donation Centers
(BDCs), Blood Centers (BCs), and Regional Hospitals (RHs), seeking to min-
imize the total costs (location, transhipments, wastage). The investigated BSC
also involved donors and final hospitals, although the geographical distribution
of donors (and their allocations) was not considered. The authors employed an
interactive possibilistic programming approach to solve the problem, tested on
the case of Teheran (19 BDCs, two BCs, six RHs, and 23 hospitals).

Looking at the above discussed contributions, our work differentiates with
previous literature review in two main perspectives, namely the application
field and methodological approach.

Concerning the application perspective, it is easy to note that most of the
contributions deal with very specific BSC design problem deriving from the
national/regional context under investigation. Thus, also related solution ap-
proaches are highly application-dependent, and their usage cannot be straightly
replicated and/or extended to other situations. The approach proposed in this
work is specifically outlined for the Italian BSC. Nevertheless, since it is mo-
tivated by the transposition of a European Directive, contrarily to the previous
ones, it could actually represent a baseline to be used and particularized in
the reorganization of the BSCs of other European countries. Finally, it is also
worth noting that in most of the previous literature, probably for the sake of
tractability, the investigated case studies are relatively small in terms of cardi-
nality of the involved sets, thus being only partially representative of real-world
problems. Instead, our contribution deal with large scale test cases built upon
a real dataset, thus providing an accurate system sketch and simulation of the
BSC functioning.



54 CHAPTER 2. MILP MODELS FOR THE REORGANIZATION OF THE BSC

Concerning instead the methodological perspective, consistently with the
specific applications under investigation, this work differentiates from previ-
ous literature for one or more of the following features characterizing a BSC
design problem, i.e.: donor allocation decisions; capacity, productivity and
self-sufficiency constraints; number of echelons; functioning mechanism; tar-
gets to be optimized.

To the best of the authors’ knowledge, no contribution in the literature
deals with a multi-echelon BSC system envisaging simultaneously capacity,
productivity, self-sufficiency and accessibility constraints, within a unique
multi-objective framework in deterministic and uncertain settings. Some sim-
ilarities can be found just in [53] and [88]], which represent the first and only
works specifically dealing with the problem under investigation. Nevertheless,
this work provides the following advancements: it provides a modified and
integrated MILP deterministic formulation, strengthened by valid inequalities,
and envisaging accessibility issue; it extends the deterministic formulation
introducing the scenario-based formulation in order to deal with uncertainty on
donation propensity; finally, it presents an extensive experimental campaign
aimed at simulating different collection strategies and performing both a sen-
sitivity analysis and an evaluation for expected value and worst-case scenarios.

2.3 BSC multi-echelon facility location problem (BSC-
MFLP): description and assumptions

Referring to a generic region in Italy, we consider the existence of a discrete
set of pre-existing BFs responsible for blood collection and processing ac-
tivities. In our terminology, following the literature (see [253]]), we refer to
these facilities as BCs. Additionally, we assume the presence of a discrete
set of points representing potential locations of blood donors. We posit that
the propensity of donors to donate blood is denoted as the "donation rate",
which remains constant across all points. The donation rate is expressed as the
number of donations per 1,000 inhabitants, estimated using publicly available
data. In addition, given that blood donations are voluntary and unpaid, we rea-
sonably assume that distance plays a crucial role in influencing the propensity
to donate. Hence, we postulate that donors are more likely to visit a BC if
it is within a maximum distance from their geographical location, referred to
as the "reachability threshold". The objective of the BSC is to ensure "self-
sufficiency" within the healthcare system, meaning that the annual demand for
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blood units transfused at hospitals is adequately met. According to national
government guidelines (see [64]), BCs should achieve a minimum productiv-
ity level of 40,000 blood units per year to maintain accreditation. However,
current data indicates that the actual number of blood units processed per BC
falls significantly below this threshold (refer to [[189]). Consequently, strate-
gies to enhance the efficiency of regional BSCs are being sought. In this re-
gard, rationalizing the BSC by reducing the number of active BCs presents a
viable possibility. However, it is crucial to ensure the widespread presence of
BFs across the territory, as it strongly influences donation rates and, therefore,
self-sufficiency. Thus, we consider the following potential decisions:

* Keep an existing BC active, holding both collection and processing ac-
tivities;

* Downgrade a BC into a BS, performing collection activities only;

* Closing a BC and not using it anymore.

Clearly, donors have the option to make donations at both BSs and BCs within
the reachability threshold. It is reasonable to assume that they would choose
the closest facility (referred to as "closest assignment"). Furthermore, as dis-
cussed in Section [2.1] the data indicates that donations predomitly come from
periodic and healthy donors. Therefore, in this chapter, we make the following
assumptions:

* donors are defined as the percentage of the population in a given area
who make donations, based on the donation rate;

* all donors, within the reachability threshold of a located BS or BC, will
perform donations;

* all collected blood units will be processed.

Blood units collected at BSs need to be transferred and processed at an ac-
tive BC. Since blood is a perishable product that degrades quickly, we assume
that such transfers are allowed only between a BS and a BC located within
a maximum given distance ("degradation threshold"). By adopting this ap-
proach, we aim to align the resulting system with regulatory frameworks by
consolidating production in a reduced number of BCs. Together with BSs,
these facilities ensure a widespread presence of collection points for users.
Additionally, to prevent the consolidation of collection activities, we further



56 CHAPTER 2. MILP MODELS FOR THE REORGANIZATION OF THE BSC

assume that there is a maximum capacity for blood units at BCs and BSs due
to limited personnel availability. Specifically, we assume a maximum capacity
for blood collection only at BCs or BSs. This is necessary because medical
staff is required to oversee and manage the donation process. In terms of pro-
ductivity, there is no need to establish a fixed capacity since these activities
rely primarily on specialized machinery and equipment, resulting in shorter
processing times and uninterrupted operation. Furthermore, we consider the
possibility of utilizing MUs to support collection activities. Specifically, we
assume the availability of a limited fleet of MUs responsible for collecting
blood units from specific donor locations and transporting them to a BC within
the degradation threshold. It is important to note the significant implications
of using MUs to ensure compliance with policy requirements within the BSC.
Firstly, it enables reaching more isolated donor locations for self-sufficiency.
Secondly, it helps meet the maximum collection capacity constraint at located
BCs and BSs by reducing the number of blood units collected there. Lastly, as
the allocation of MUs to BCs is a network design choice, it can enhance min-
imum productivity levels at BCs. These aspects are further clarified through a
toy-example depicted in Figure [2.1] and presented in Section [2.4] to provide
a clearer exposition of the introduced mathematical notation. Considering
that the envisaged reorganization process involves a reduction in available BFs
and recognizing the public utility of the BSC, we additionally assume that the
decision-maker is interested in avoiding a significant deterioration in donors’
accessibility to the service. To achieve this, we ensure that the average distance
between donors and a located BF remains below a maximum threshold value
(referred to as "accessibility threshold"), thus maintaining the presence of BFs
spread across the territory. It is worth noting that overall accessibility consid-
erations encompass all potential donors in the region. Although only a subset
of donors is considered for self-sufficiency in our problem setting, even those
located farther from a BS or BC than the reachability or degradation thresholds
may theoretically donate blood.

In a nutshell, our problem involves a multi-echelon BSC network consist-
ing of donors, MUs, BSs, and BCs. Location and allocation decisions need to
be made to fulfill three primary requirements: (i) achieving self-sufficiency, (ii)
ensuring maximum capacity collection at BSs, and (iii) maintaining minimum
productivity levels at BCs. We assume that the decision-maker is interested
in evaluating solutions that strike a balance between minimizing transporta-
tion costs for blood units (from BSs and MUs to BCs) and complying with the
aforementioned requirements. This aligns with the ongoing process of reorga-
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nizing regional BSCs, where fully adhering to these requirements may not be
feasible in practical terms due to existing vulnerabilities. To address this, these
conditions are formulated as soft constraints, and any violations is accounted
for in the objective function using a penalty-based approach. In the following,
for the sake of readability, the problem is denoted as BSC-MFLP, i.e., Blood
Supply Chain Multi-echelon Facility Location Problem.

2.4 Mathematical models for the BSC-MFLP

The objective of this chapter is to devise a mathematical modeling framework
to tackle the BSC-MFLP at regional level in Italy. We recall that our mod-
eling framework envisages two perspectives: case-based and scenario-based.
In the following, these are referred to as BSC-MFLP-CB and BSC-MFLP-SB,
respectively. Hereafter, we first describe the notation used to model the BSC-
MFLP-CB in Section 2.4.1] The related mathematical formulation is given in
Section[2.4.2] Then, Section [2.4.3]focuses on the scenario-based case, i.e., the
BSC-MFLP-SB formulation. Finally, in Section[2.4.4] we present some model
enhancements based on strengthened constraints re-formulations and valid in-
equalities.

2.4.1 Notation

To formulate the BSC-MFLP-CB, we introduce two primary sets: the set of
potential BF locations, denoted by J, and the set of donor locations/points,
represented by I, whose generic elements are denoted as ¢ and j, respectively.
The population of each location i, ¢ € [ is represented by p;, and, being « the
donation rate, the quantity of collectable blood units at point 7 is calculated as
a; = « - p; (expressed in thousands units). The donors-to-facility distances
for each pair (4, 7),i € I,j € J are denoted by d;;, while we use c;;, for the
mutual distances between facilities (j, k) € J. Besides, let r and ¢4, be the
reachability and degradation thresholds, respectively.
On this basis, the following sets are defined:

* N;: set of BF locations j, 7 € J, such that their distance from the
donation point 4, 7 € I, is at most equal to reachability threshold (d;; <

T);

* S;: set of donation points ¢, ¢ € I, such that their distance from the BF
location j, j € J, is at most equal to to reachability threshold (d;; < 7);
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e Mj: set of facilities k, k € J, such that their distance from the BF
location j, j € J, is at most equal to the degradation threshold (cj, <
Cmaz)- Moreover, we define also M ;’ =M;U{j};

* O;: set of BF locations j, j € J, such that their distance from the
donation point 7, ¢+ € I, is at most equal to the degradation threshold

(Cij < Cmaz)s

 Tj: set of donation points 4, ¢ € I, such that their distance from the
BF location j, j € J, is at most equal to the degradation threshold

(djz' < Cmax)-

Moreover, the following additional non-negative parameters are intro-
duced: annual regional blood demand (D); blood collection minimum pro-
ductivity (Pn;n); BF maximum collection capacity (C'); number of available
Mobile Units (n); penalty factors for productivity shortage (A1), capacity over-
running (A2), and blood self-sufficiency shortage (\3).

Given this setting the following binary decision variables are introduced:

* Location variables
-y; € {0,1}, j € J: each variable assumes value 1 if location j is
selected for a BS, 0 otherwise.
-yj € {0,1}, j € J: each variable assumes value 1 if location j is
selected for a BC, 0 otherwise.

* Assignment variables
-xzy; € {0,1}, 4 € I and j € N;: each variable assumes value 1 if
donation point ¢ is assigned to the BF in j, O otherwise.
- zj €{0,1},7 € I and j € O;: each variable assumes value 1 if dona-
tion point ¢ is assigned to an MU which collects the blood and transfers
it to a BCin j, 0 otherwise.

* Blood transfer variables
-qj € {0,1}, j € Jand j' € M;“: each variable assumes value 1 if
the blood collected at a BF in j is transferred to a BC in j', 0 otherwise.
-ti;i» € {0,1},i € I, j € N; and j' € O;: each variable assumes value
1 when donation point ¢, who could be assigned to an open BF in j, is
served by an MU that collects the blood and transfers it to a BC in 5, 0
otherwise.

On this basis, we can infer that, given a BSC solution, a donation point
1 € I, falls in one of the following situations: (i) it is assigned to a BF in j (i.e.
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x;j = 1), thus donors of point ¢ have to travel a distance d;; < r to reach the
BF in j; (i1) it is assigned to a MU transferring the collected blood to a BF in
jorinj (ie., either z;; = 1 or t;;;; = 1), thus collection occurs directly in ;
(iii) it remains unassigned, thus donors in 7 should travel a distance d;; > 7 to
reach a BF (and possibly donate blood). Hence, only donor locations falling
in cases (i) and (iii) concur to the overall BSC accessibility. In view of this,
we define additional auxiliary variables, denoted as z;; = {0,1}, ¢ € I and
7,7 € J, to compute the actual accessibility of the system. Each of these
variables assumes value 1 if the donation point ¢ remains unassigned, but it is
associated to a BF in j in the evaluation of the average accessibility.

Finally, the following four continuous non-negative decision variables are
used:

o Accessibility
-1l; > 0,4 € I: it computes the contribution of donors of location ¢ to
the average accessibility;

o Self-sufficiency
- 0 > 0: it measures the scarcity of blood collection related to a given
demand D;

* Productivity and Capacity
-®; > 0and ¥; > 0, 5 € J: they represent the processed blood
shortage and collection capacity overrun, respectively, at a BF location

VE

To provide a clearer explanation of the introduced notation, we present
an illustration of the BSC system under investigation and a feasible solu-
tion in Figure [2.1] highlighting all the possible instance occurrences. Each
donation point ¢, ¢ € I is represented by a black dot, labeled with a letter
(1 € {a,...,z}). Additionally, let us assume that each donation point is asso-
ciated with the quantity of blood units given by the number in round brackets.
Each potential facility location j, j € J is represented by gray geometrical
figures, numbered from 1 to 5. Triangles represent facilities downgraded to
BS (y; variables equal to 1), squares represent facilities kept open as BC (v
variables equal to 1), and circles represent closed facilities (y; and y7 variables
equal to 0). Two different covering areas - black and grey dashed line circles -
are associated with each BF. These areas are built on the basis of the reachabil-
ity threshold r and degradation threshold cpx, respectively. Let us also con-
sider the following parameter values: D = 30; C' = 10 and P,,;, = 5 for all the
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BFs. Finally, let us assume that all the penalties A1, Ao and A3 are set to very
high values, but A3 >> A; and A3 >> Ay. This setting pushes towards so-
lutions guaranteeing primarily the satisfaction of the regional self-sufficiency,
secondarily the productivity and capacity requirements and, finally, the mini-
mization of the system blood transportation costs. We observe that 4 BFs have
to be opened to satisfy the regional blood demand D, so avoiding incurring
in the resulting penalty. The red and green lines connect donation points with
open BFs and they illustrate the ;; and the z;; assignment variables, respec-
tively. Indeed, red straight lines are associated with donation points whose
distanced from an open BF is within the reachability threshold r, while green
straight lines are associated with donation points served by an MU, whose dis-
tanced from an open BF is larger than reachability threshold r but within the
degradation threshold cpax. Blue bold lines, connecting an open BS to an open
BC whose mutual distances is within the degradation threshold ¢y, illustrate
the g;; transfer variables. Then, purple bold lines stand for the ¢;;; transfer
variables, and connect a donation point (o in the Figure[2.1), which should be
inherently assigned to the nearest BF (3 in Figure [2.1)), to another open BF (4
in Figure 2.1) by using an MU. Finally, brown dotted lines are related to T
variables, thus they connect an unassigned donation point to an open BF (likely
the nearest one), to concur in the computation of the average accessibility. On
the basis of the introduced picture legend, we can now easily explain the struc-
ture of the solution represented in Figure For the sake of comprehension,
let us recall our assumption imposing that once a BF is open, every donation
point within its reachability threshold must be assigned to the BF itself, or, in
alternative, the blood of the donation point has to be collected by an MU and
then transferred to another open BF within the degradation threshold. The BC
located in 3 collects blood units from donation points h and ¢, so satisfying the
imposed capacity limit and achieving the minimum productivity requirement.
It also receives the blood collected from BS in 1, so increasing the amount of
processed units. However, donation point j, which should be inherently as-
signed to BC 3, is instead assigned to BC 4 through the usage of an MU. The
reason for this is that such blood transfer has a twofold positive effect. On the
one hand, it avoids the violation of capacity constraints for BC 3 and, on the
other hand, it allows the achievement of the productivity requirement for BC
4. Thus, no penalty is paid. Finally, BC in 5 meets the productivity require-
ment but it collects more blood than its capacity, thus incurring in the resulting
penalty. The reason for this is that all the donation points within the reachabil-
ity threshold of BC 5 can be assigned only to BC 5. To conclude, Figure [2.1]



2.4. MATHEMATICAL MODELS FOR THE BSC-MFLP 61

Figure 2.1: Illustration of a BSC-MFLP-CB solution, related setting and pa-
rameters

allows also to show the evaluation of the average accessibility of the system.
Indeed, it is computed summing the distance values d;; associated with all the
x;j and T;; variables equal to 1 (red and brown straight lines), then divided by
|I|. A feasible solution has an accessibility lower than or equal to the threshold

8.

2.4.2 Case-based formulation (BSC-MFLP-CB)

Using the notation introduced in Section[2.4.1] the BSC-MFLP-CB can be for-
mulated as follows:

Miny > > aidjypaiagy + ) aidijzi+

i€l JEN: ' eM; i€l jeO; o1
DD D aidiptyy Y (A ly) + As
i€l JEN; §' €O, jed
s.t.
y;ty; <1 VieJ 2.2)

v

Tij+ Yt <UL+ Viel,jeN; 23)
j €0;
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7@+ (O tiw) =yl + VieJdies; (2.4
keN; leO;
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j €N; keO;
g <Y ViedJj €M (26
D Gy =iy vied (27)
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@i+ Yt + Yz <1 Viel (2.9)
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g5 €{0,1} Vied,j e M (223)
tijjr € {0,1} Viel,jeN;, j €0; (224)
li =0 Viel (2.25)
®;>0,¥; >0 Vi€ J (2.26)
620 (2.27)

The objective function (2.1)) represents the overall system costs. In par-
ticular, the first three terms represent the weighted blood transportation cost.
The last two terms represents the penalty arising from the violation of the soft
constraints. Constraints (2.2) ensure that a BF can be used either as a BC or
as a BS. Constraints (2.3)) are consistency constraints between assignment and
location variables. They impose that donors can be assigned to a BF only if
there is an open BS or BC. Constraints (2.4) ensure that if there is an open
BF, the blood of all the donors located within the reachability threshold is col-
lected. Constraints guarantee that a donor is assigned to the nearest open
BF within the reachability threshold. This constraint requires the definition of
a big M value, denoted as F', I' = maw;cy jcjd;j. Constraints ensure
that blood collected in a BF is processed in an open BC. Constraints im-
pose that blood collected in a BF has to be transferred to an open BC within
the degradation threshold. Constraints (2.8) guarantee that blood collected in
a BC is processed by itself. Constraints (2.9) ensure that blood of each dona-
tion point can be collected at most once. Constraints (2.10) impose that MUs
can transfer blood only to open BC. Constraints (2.11]) guarantee that blood
re-allocations can occur only in correspondence with an active BC. The soft
constraint (2.12)) ensures that the total amount of blood collected is at least
equal to the regional blood demand D (self-sufficiency goal). Soft constraints
(2.13) define an upper limit to the capacity for the collection activities at each
facility. Soft constraints require that blood processed in each BC satis-
fies the minimum productivity target P,,;,. Constraints @]) ensure that the
total number of the MUs does not exceed the fleet size. Constraints
guarantee the consistency between donor assignment variables (z, ¢, and z) and
the auxiliary variables (Z and /) used to compute the average donor distance.
Constraint (2.19) ensures that the average donor distance to an open BC/BS is
smaller than the threshold 3. Finally, constraints - concern the

nature of the variables.

The model just described is not linear due to the product between the two
decision variables x;; and a5 in the objective function and constraints
(2.14). However, as widely known, it is possible to linearize both terms by
introducing a new binary decision variable W, (wijj/ = :cijqjj/) and the



64 CHAPTER 2. MILP MODELS FOR THE REORGANIZATION OF THE BSC

following set of constraints:

wy; < Viel,jeN;,j € M (2.28)
wi < 4y Viel,jeN;,j €M (229
Wi > T+ gy — 1 Viel,jeN;,j €M (230)

Constraints (2.28), (2.29) and (2.30) ensure that a binary variable w, ;. is equal
to 1 if and only 1f donors located 1n ¢,7 € I, are assigned to the BS located
in j,7 € N;, and the collected blood is transferred and then processed in
jeM ]Jr . The objective function and the constraints are there-
fore rewritten in the following form:

Min )% Y aidjprwgy +3 Y aidizigt

i€l jJEN; j' e M; i€l jeO; 231
AT N aidtyy + Y (D 4 ;) + Asd
i€l jJEN; j' €0, jeJ
s.t.
22) - @13), @.13) — @27)
SN awii + Y ailzig + Y tikg) + @5 > Prin U VjeJ (2.32)

kEM;r i€Sk €T keN;

2.4.3 Scenario-based formulation (BSC-MFLP-SB)

The donation rate « is a crucial parameter for the problem under investigation
and it has shown a quite stable trend over the last years ([64]). However, as
discussed in Section [2.1] even small fluctuations can have significant impacts
on the BSC operations. Thus, it represents an inherent source of uncertainty
which deserves to be investigated by devising ad-hoc uncertainty based models
which allow to design more robust BSC solutions.

Such situation configures a BSC-MFLP under uncertainty. We assume
that uncertainty can be captured by a finite set of scenarios, say II, where a
“scenario” represents a full realization of the uncertain parameter o. Under
this simplifying but widely known and used hypothesis (see, e.g., [74} [121]),
the BSC-MFLP can be modelled by a deterministic scenario-based equivalent
formulation (BSC-MFLP-SB), by indexing in II the donation rate parameter
(a, m € II), and several decision-variables.
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Specifically, we assume that only the strategic location-variables (i.e., y;
and y7, j € J) are scenario-independent decisions. Hence, a solution is sought
which adapts to occurring scenarios by appropriately defining the donors-to-
facilities allocations (), the BSs-to-BCs assignments (qé- jﬂ), as well as the
dispatching and use of MUS (z;jx, t;j;:). Clearly, also the decision variables
accounting for the violation of the main requirements (e.g., self-sufficiency,
minimum productivity level, maximum collection capacity) are indexed in II
(07, Y, ®x). The same applies to the auxiliary variables used for computing
accessibility, which depend on scenario-dependent allocation decisions (7;;r,
liz)-

Finally, we also assume that the occurrence of scenarios m € II can be
measured probabilistically and we denote by w, such probabilities.

Two possible cases are considered, corresponding to two different
decision-making attitudes towards risk: risk-neutral and risk-averse. Mathe-
matically, we formulate them in terms of the minimization of the expected and
maximum BSC’s costs across the occurring scenarios, respectively. The goal
is to provide additional evidence on the impact and the type of solutions that
an uncertainty-aware decision-maker can evaluate as an alternative to classical
sensitivity analysis. Using this additional notation (and that introduced in Sec-
tion , the BSC-MFLP-SB model, in its linearized form, can be formulated
as follows:

Min Y we[y ) > D aimdjpwyp+ Y aindijzijet

mell i€l JEN; j'eM; i€l jEO;

(2.33)
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Gjin S Y VjeJ,j €M mell (2.38)
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t,J”e{O 1} Vicl,j€ N;j €O;mell (2.56)
lin VieImell (2.57)
D 20,\I/j7r20 Vie Jmell (2.58)
0 >0 Vo eIl (2.59)

For the sake of brevity, we do not provide a discussion of the model, since
the explanation of the constraints follows that given for the BSC-MFLP-CB
formulation. We just highlight that the objective function (2.33)) minimizes the
expected value of the system costs over all the scenarios weighted by the cor-
responding occurrence probability w;.

The proposed BSC-MFLP-SB formulation can be slightly modified to mini-
mize the worst-case scenario by varying the objective function, as follows:

Min Max,cn [Z Z Z aiﬂ'djj/wijj'ﬂ— + Z Z amdijzijﬂJr

1€l JEN; §' e M i€l jEO; (2 60)
+ZZ Za“‘ ij' mﬂ—"z)‘l Cjr + A2Wjr) + Asr]
i€l JEN; j'cO; Jjed

s.t.
(12.34) — (2.59)

Objective function (2.60) configures a minmax problem that, as widely
known, can be easily linearized replacing the objective function by an ad-
ditional non-negative continuous decision variable and introducing bounding
constraints. In the following, for the sake of readability, we denote the ex-
pected value and worst-case versions of the BSC-MFLP-SB as BSC-MFLP-
SBgym and BSC-MFLP-SB,,, ., respectively.

2.4.4 Formulation enhancements

This section is devoted to present enhancements of the proposed MILP for-
mulations in order to strengthen the linear relaxation and improve the over-
all computational efficiency. Upon examining constraints (4.7) and (2.37) for
the BSC-MFLP-CB and BSC-MFLP-SB formulations, respectlvely, we observe
that the usage of F' configure a set of bigM constraints in each model. As
widely known, this can result in numerical instability and weaker formulations.
Such drawback can be partially overcome by a constraint reformulation. For



68 CHAPTER 2. MILP MODELS FOR THE REORGANIZATION OF THE BSC

the sake of comprehension, since the extension to the BSC-MFLP-SB formula-
tion is straightforward, our discussion is focused only on the BSC-MFLP-CB
formulation. Constraints are conceived as closest assignment constraints
where the introduction of a bigM is needed to make the constraint ineffective
in case no BF is open either within the reachability threshold or within the
degradation distance of a donation point. We can reformulate these constraints
as follows:

Viel keN;,
(2.61)

Z Tij + Z tan <1 — (i + i) le N
(2

jENi|dij>dik h€O¢|dil>dik

Given a donation point ¢, ¢ € I, the constraints still allow to obtain
a closest assignment by introducing a distance-based ordering of the BFs be-
longing to IN; and the ones belonging to O;. Specifically, they set to zero
all the assignment variables related to BFs that are not the closest to a dona-
tion point. Such reformulation leads to a strengthened linear relaxation of the
BSC-MFLP-CB model and are used in the following computational analysis.
Finally, the following set of valid inequalities can be derived from the problem
structure:

vi< > VieJ (2.62)
iEMj

These inequalities impose that, given a BF location j, 7 € J, we cannot have
aBS in j if no BC is open within the degradation threshold, i.e., the set M is
empty. The proof of these inequalities is straightforward. Indeed, let us con-
sider a location ; whose set Mj is empty. We can easily verify that a fractional

solution with both values ij and gjjc higher than 0, satisfy all the constraints
linking these variables each other and with the transfer variables g;;/, namely

constraints (2.6), (2.7) and (2.8), but it does not satisfy the constraints (2.62).

The constraints (2.62), involving only location variables, can be directly added
also to the BSC-MFLP-SB formulation. Instead, the constraints (2.61)) can be
tailored for the BSC-MFLP-SB model by extending them to all the scenarios
in 7, w € II, as follows:

Viel, ke N;,
le N;,mell
(2.63)

S miget Y tane < 1= (yi +uR)

jeNildij>dik heoi|dil>dik
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2.5 Computational results

In this section, we test and validate the proposed MILP formulations on
real cases related to three Italian regions, namely Campania, Lombardy and
Apulia. We selected these regions because they present different geographi-
cal/topological and demographic features. Specifically:

1. Campania has a very compact shape; Lombardy is one of the most the
widely extended region in Italy; Apulia develops mostly longitudinally;

2. Lombardy and Campania are the first two Italian regions for popula-
tion density, mainly concentrated in densely inhabited urban areas; the
population of Apulia, instead, even if high, is more evenly distributed
between urban and rural areas.

Section [2.5.T|describes the instance generation and parameter setting. Sec-
tions [2.5.2] [2.5.3] and [2.5.4] are devoted to the presentation and discussion of
the experimental results obtained for each region.

2.5.1 Instance generation and parameter setting

The BSC-MFLP requires the definition of the donor locations (/) and potential
blood facility (J) sets. Concerning the first set, we exploit the pre-existing mu-
nicipalities constituting the regional territory, which have known populations
(ps), obtained using the latest consolidated census data according to the Italian
National Statistics Institute—ISTAT. The number of donor locations (i.e., the
cardinality of I) is 559, 257, and 1,513 for the Campania, Apulia, and Lom-
bardy regions, respectively. Their positions are assumed to correspond to the
centroids of the municipalities and are extracted using the open-source GIS
software QGIS. Without loss of generality, we assume a uniformly distributed
donation rate («) across each municipality, with all donors located at their re-
spective centroids. For regions with larger populations, such as Campania and
Lombardy, the municipalities of Naples and Milan are each subdivided into
ten sub-areas to effectively manage the high number of inhabitants. The do-
nation rate is assumed to be equal across all the municipalities and its value
is determined based on historical data provided by the regional authority. On
average, it has been observed that nearly 50 donations per 1,000 inhabitants
have been made in Italy over the past five years [64], thus setting o = 0.05.
Moreover, in order to simulate the effects of potential regional campaigns of
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awareness aimed at increasing the propensity of the population to blood dona-
tion, or the decrease of this rate aimed at simulating a stressful situation for re-
gional blood management system, we also considered the cases with o = 0.06
and a = 0.04, respectively. We assume that each donor performs one dona-
tion per year, thus, the number of donated units for each areas is given by ap;.
The BSC-MFLP-CB formulation has been evaluated considering singularly the
three chosen donation rate values. Instead, the BSC-MFLP-SB formulation has
been evaluated considering simultaneously the three donation rate values, i.e.,
a; = 0.04, as = 0.05 and a3 = 0.06, imposing w; = 0.25, wy = 0.5 and
ws = 0.25, respectively.

The values of the annual regional blood demands (D), have been set equal
to 161,360 for Campania, 163,881 for Apulia and 470,770 for Lombardy [64].

Concerning the potential BF set, we consider the number and the position
of the existing blood centers in each region, i.e., 22, 21 and 33 BCs in Cam-
pania, Apulia and Lombardy, respectively. The P,,;, value is fixed to 40.000
units for all the BFs, according to the imposed EU and Italian regulation. We
highlight that all the three regions have an average level of productivity sig-
nificantly lower than the minimum productivity, in particular: 7,335 units for
Campania (161,360 donations in 22 BCs); 7,804 units for Apulia (163,881
donations in 21 BCs); 14,265 for Lombardy (470,770 donations in 33 BCs).
Consistently with the productivity value, for all the BFs, the capacity value C
is assumed to be equal to 50.000 units.

All the required distances, d;; and cj,¢ € I, 7,k € J, were calculated as
the shortest paths on the road network. Concerning the other used modelling
parameters, r and ¢4, are set equal to 20km and 50km, respectively. We
recall that ¢4, 1s the maximum distance value between two fixed facilities or
a mobile unit and a fixed facility. The number of MUs is equal to 20 (see [19]).

Finally, a discussion is needed about the setting of the average accessibility
threshold and the penalty parameters in the objective function. In particular:

1. Four different values have been used for 5: 15, 40, 45 and 60 km. These
values allow to simulate different accessibility configurations.

2. Four different values of the penalty linked to the non-compliance with
the efficiency requirements (minimum productivity), A;: 0, 1, 10 and
100.

3. Four different values of the penalty linked with the overrunning of the
maximum collection capacity, Ao: 0, 1, 10 and 100.

4. A single very large value for the penalty linked to the self-sufficiency
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requirement, A3 = 106,

The main idea behind the chosen setting of the penalty values is that the
reorganization process of the BSC cannot be an abrupt and binary shift from
the current state to the final solution because of work force management and
process re-engineering. Instead, it needs to happen gradually over a period of
time. This entails initially closing or reconverting certain BCs and progres-
sively moving towards the desired end goal. According to the Italian guide-
lines, the primary objective is to ensure self-sufficiency, while it is acceptable
to temporarily violate the capacity and productivity constraints, considering
that a complete system reconfiguration cannot be achieved within a very short
time-frame. On this basis, we fixed a very high value for A3 and lower but
increasing values for A\; and Ay, which have been empirically defined. The
chosen penalty values, in combination with the other calibration parameters,
enable the evaluation of both the individual and combined effects on the attain-
able solutions. Additionally, they provide managerial insights to the decision-
maker during the gradual reorganization of the regional BSC.

Finally, we highlight that the proposed model can be used with a twofold
perspective:

1. A centralized strategy, which considers a region as a single block;

2. A decentralized strategy which divides a region in areas, each of them
including one or more cities and related municipalities.

The decentralized strategy is advisable in cases where there is a city which
acts as a gravity center polarizing the solution, as it occurs in Campania region
where the inhabitants of the area of Naples constitute about 50% of the whole
population. Thus, for the Campania region, we experience also the decentral-
ized strategy dividing the municipalities in two blocks, the first including the
areas of Naples and Caserta, the second including the areas of Salerno, Ben-
evento and Avellino.

Therefore, summarizing, considering the combinations of all the tuning
parameters, we performed the following experimentation:

e 48, 16 and 16 instances of the BSC-MFLP-CB, BSC-MFLP-MS,,,, and
BSC-MFLP-SB,,:, respectively, with centralized strategy for each re-
gion;

* 48 instances of the BSC-MFLP-CB with decentralized strategy in Cam-
pania.
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Each instance is defined by the combination of the parameters considered
and by the following encode: Regionyp_A1_Aa_[3. The used Region;p are:
C for Campania; P for Apulia; L for Lombardy.

All the instances have been run on an Intel Core 17, 2.60 GHz, 16.00 GB
RAM, using Gurobi 9.0.1 as MILP solver. All the BSC-MFLP-CB instances
have been solved to optimality within 600 seconds. The two variants of the
BSC-MFLP-SB require a higher computational effort, between 2 and 4 hours
on average. For the sake of brevity, given the focus of the work on the specific
real problem under investigation, we do not go into details concerning the
computational aspects. However, we highlight that, the optimal solution is
typically found within approximately 20% of the total computational time.
Then, a considerable portion of the computational effort, approximately 80%,
is expended mainly in narrowing the optimality gap.

The results for BSC-MFLP-CB are consolidated in tables that provide de-

tailed information including: the instance ID (column 1); the donation rate
(a - column 2); the transportation component of the objective function (col-
umn 3), calculated excluding the penalty component of the objective func-
tion and denoted as Obyj; the values of ®yy, Wy (columns 4 and 5); & (col-
umn 6), which represents the difference between the quantity of blood col-
lected and the annual regional blood demand (D); the count of open BCs and
BSs (#BCs, #BSs - columns 7 and 8); the total number of donor locations
allocated to the BFs (Xior = > ;7> jeg Tij - column 9); the number of
donors allocated to MUs (Zior = > icr > jeJ #ij - column 10); the count of
donor locations transferred to other centers, represented by transfer variables
t, Tiot = D ier ZjEJ Zj,e] tijj» - column 11); and lastly, the computation
time (in seconds - column 12).
A more comprehensive discussion is warranted for indicators ®;,; and Wy.
Specifically, they are computed as: ®or = 3, ; ®j and Wppp = >, ; U5
Hence, ®;,; represents the cumulative difference between the minimum pro-
ductivity level P,,;, and the actual number of blood units processed by each
center. Meanwhile, Wy, reflects the aggregate of blood units exceeding the
maximum capacity (C') set for each center. In practice, these indicators inform
on the compliance of the obtained solutions w.r.t. productivity and collection
capacity requirements.

Similar tables are used for the results of the BSC-MFLP-SB instances. In
particular, they report: the instance ID (column 1); the objective function used,
i.e., expressions (2.33) and (2.60), corresponding to formulations BSC-MFLP-
SBsym and BSC-MFLP-SB,,., respectively (column 2); the transportation
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cost component of the objective function (Obj - column 3); then, the rest of the
indicators already presented for the BSC-MFLP-CB tables follow (i.e., ®¢,
\I/tot’ 5, #BCS, #BSS, Xtota Zt0t7 Ttot)- Note that, for the BSC-MFLP-SBsum
case (i.e., the upper half of the tables), those indicators are calculated as the
average across the set of scenarios (e.g., Py = ﬁ ZWGH ZjeJ wWpi P jw)-
Instead, the same indicators are expressed by their worst-case values for the
BSC-MFLP-SBq4.-

We report that, to enhance readability, the values in columns 3, 4, 5, and 6
have been scaled down by a factor of 1,000 for both the BSC-MFLP-CB and
the BSC-MFLP-SB.

Moreover, for some selected instances, we also provide a graphical repre-
sentation of the obtained solutions, using the following graphical objects:

1. red dots for the centroids of each municipality;

2. yellow dots and blue squares for the open BCs and BSs, respectively, in
the obtained solutions;

3. black, blue and red links for the donor-to-BF assignments (z-variables),
donor-to-MU assignments (z-variables), and BS-to-BC assignments (g-
variables), respectively;

4. yellow links for the re-allocation of a donor location between two dif-
ferent facilities.

Such representations allow to easily catch the effect of the topology on the
number and type of open BFs (i.e., BS or BC).

2.5.2 Experimentation on Campania region

This section is devoted to Campania region and it is structured in three subsec-
tions: Subsection (2.5.2) containing the results of the BSC-MFLP-CB with
centralized strategy; Subsection (2.5.2), devoted to the results of the BSC-
MFLP-CB with decentralized strategy; finally, Subsection (2.5.2) concerning
the results of the BSC-MFLP-SB variants.

Results of BSC-MFLP-CB-centralized strategy

In Table [2.1] we report the results of the experimentation for the centralized
strategy of the Campania region varying the value of «, the value of 3 and the
penalty values A1, A\s. Two main trends emerge, the first related to productivity
and capacity requirements, the second related to the accessibility.
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Table 2.1: Results of BSC-MFLP-CB for Campania region: centralized strat-
egy

Instance_id « Obj Dot Wiot o #BCs #BSs Xtot Ztot Ttot time (s)
C_0_0_15 0.00 513.87 0.00 0 18 0 390 0 0 34
C_0_0_30 0.00 443.75 0.00 0 16 0 343 0 0 30
C_0_0_45 0.00 188.03 11.47 0 8 0 209 0 0 29
C_0_0_60 0.00 375.10 0.00 0 14 0 326 0 0 26
C_1_1_15 432.68 181.38 0.00 0 9 0 335 20 0 70
C_1_1_30 0.00 57.21 0.00 0 5 0 197 0 0 130
C_1_1.45 0.00 18.83 0.00 0 4 0 168 0 0 119
C_1_1_60 0.04 0.00 18.83 0.00 0 4 0 168 0 0 86
C_10_10_15 : 432.68 66.46 0.00 0 6 3 323 20 0 98
C_10_10_30 78.63 29.22 1.06 0 4 1 168 20 0 206
C_10_10_45 93.32 0.00 0.32 0 3 1 141 7 0 123
C_10_10_60 93.32 0.00 0.32 0 3 1 141 7 0 111
C_100_100_15 2492.18 0.00 0.00 0 4 8 340 19 1 327
C_100_100_30 687.36 0.00 0.00 0 3 4 192 3 12 567
C_100_100_45 111.80 0.00 0.00 0 3 1 142 7 0 595
C_100_100_60 111.80 0.00 0.00 0 3 1 142 7 0 364
C_0_0_1I5 0.00 337.35 60.35 0 13 0 383 0 0 31
C_0_0_30 0.00 167.97 69.97 0 6 0 211 0 0 106
C_0_0_45 0.00 167.97 69.97 0 6 0 211 0 0 101
C_0_0_60 0.00 167.97 69.97 0 6 0 211 0 0 102
C_1_1_15 520.00 169.56 0.12 0 10 0 335 19 1 79
C_1_1_30 5.73 36.18 0.00 0 6 0 205 7 0 121
C_1_1.45 0.00 0.00 0.59 0 4 0 141 0 0 90
C_1_1_60 0.05 0.00 0.00 0.59 0 4 0 141 0 0 80
C_10_10_15 : 520.00 60.66 0.00 0 7 3 321 17 3 239
C_10_10_30 77.78 21.31 0.00 0 5 1 171 20 0 194
C_10_10_45 0.00 0.59 0.00 0 4 0 141 0 0 113
C_10_10_60 0.00 0.59 0.00 0 4 0 141 0 0 134
C_100_100_15 2349.45 0.01 0.00 0 6 7 346 19 1 340
C_100_100_30 536.47 0.00 0.00 0 5 2 183 20 0 338
C_100_100_45 15.88 0.00 0.00 0 4 1 142 0 0 115
C_100_100_60 15.88 0.00 0.00 0 4 1 142 0 0 179
C_0_0_15 0.00 233.07 79.97 0 11 0 376 0 0 28
C_0_0_30 0.00 433.27 13.53 0 17 0 294 0 0 32
C_0_0_45 0.00 221.25 87.80 0 9 0 278 0 0 30
C_0_0_60 0.00 293.84 12.32 0 13 1 200 0 0 36
C_1_1_15 393.27 136.52 5.44 0 10 0 337 20 0 84
C_1_1_30 0.00 39.19 0.79 0 7 0 225 0 0 124
C_1_1_45 0.00 0.00 6.69 0 5 0 172 0 0 123
C_1_1_60 0.06 0.00 0.00 6.69 0 5 0 172 0 0 93
C_10_10_15 : 393.27 61.88 0.00 0 8 3 333 16 4 190
C_10_10_30 65.44 17.57 1.58 0 6 2 201 8 0 145
C_10_10_45 13.77 0.00 0.00 0 5 2 173 0 0 93
C_10_10_60 13.77 0.00 0.00 0 5 2 173 0 0 126
C_100_100_15 1980.41 0.01 0.00 0 7 7 337 19 1 270
C_100_100_30 471.96 0.02 0.00 0 6 3 198 20 0 185
C_100_100_45 13.77 0.00 0.00 0 5 2 173 0 0 148
C_100_100_60 13.77 0.00 0.00 0 5 2 173 0 0 128
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Concerning the first trend, we observe that the number of BFs on the terri-
tory is largely influenced by the penalty parameters A1, Ay and the accessibility
threshold 3. Indeed, at equal values of /3, the number of located BFs decreases
as A1 and )\ increase. Recall that the latter parameters are representative of the
decision-maker sensitivity to minimum productivity and maximum collection
capacity requirements. Therefore, to ensure compliance, the model pushes for
a lower number of active BFs, which results in increased productivity values
per BC. Notably, to this end, the possibility to downgrade active BCs in BSs is
also successfully exploited. For instance, for o = 0.04, the solution obtained
for the C_0_0_15 instance (the first row in the table) has 18 BCs, which reduce
to 12 for the C_100_100_15 case. The latter, however, are distinguished in four
BCs and eight BSs, so that the productivity requirements are met (®;,; = 0).
Similar considerations apply for the other values of a. Besides, in terms of
collection capacity, two main aspects emerge. First, the resulting overruns (re-
ported under the ®,,; column) are generally lower w.r.t. to capacity shortages,
even when the corresponding penalty Ay equals zero. This is clear since the
the located BFs perform collection, which naturally makes this goal easier to
accomplish. Second, resorting to MUs becomes a viable option when penalty
increases. Indeed, if we look at the T}, column in the table, we can see that,
sometimes, a non-negligible number of donors’ locations is served by MUs for
collection, although a located BF is within their reachability threshold r (e.g.,
12 in the case of the C_100_100_30 solution for o« = 0.04).

In addition, the joint effect of penalties and accessibility on the number
of located BFs is significant. In particular, for « = 0.04, we can observe
that, increasing the penalty values, the number of open BFs on the regional
territory varies from 18 BCs (solution of C_0_0_15 characterized by large @

value) to just 4 open BFs, one BS and three BCs (solution of C_100_100_60,
characterized by no productivity penalty).

Interestingly, the impact of the donation rate « also yields some intriguing
findings. In general, as evidenced in previous works (e.g., [53]), higher dona-
tion rates allow for stronger rationalization actions, that is, massive reduction
of located BFs. This is only partially true in our case. Indeed, we often see that
higher values of o (especially 0.06) lead to more facilities kept open (all other
conditions being equal). Although apparently counter-intuitive, this strategic
choice becomes necessary to comply with the maximum collection capacity
constraints.

Concerning the second trend, we observe that higher accessibility thresh-
olds 3 (that is, worse accessibility conditions for potential donors), yields a
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lower number of located BFs. We underline that accessibility is not explicitly
discussed in the Italian decree. However, it should be seriously taken into ac-
count since it can discourage donations because of the high resulting traveling
distances to reach an open BF. From our results, it is also possible to note that
B = 45km is a critical accessibility threshold beyond which the solution does
not vary almost for all the instances.

We highlight that using maximum values for A\; and Ay and fixing 5 =
15km, regardless of the donation rate (C_100_100_15) the obtained solutions
respect the EU and Italian regulation in terms of productivity. Such solutions,
in practice, guarantee the same average accessibility threshold than the current
situation, by resorting to the use of MUs (see the Z;,; column in the table).

The above observations highlight, once more, the inherent multi-objective
nature underlying our problem. Nevertheless, looking at the table, we observe
that, using penalty values equal to 10, accepting accessibility values higher
than 30, and regardless of the donation rate, we can achieve many solutions
which open no more than 7 BFs (exploiting both BCs and BSs) providing very
small and acceptable values for both ®;,; and W;,. Thus, the obtained BSC
configurations represent good trade-off solutions with respect to the conflicting
objectives of the BSC-MFLP.

In other words, if accessibility is not an issue, compliance with the system
requirements (self-sufficiency, minimum productivity, and maximum collec-
tion) can be obtained together with significant savings in terms of open BFs.
Nevertheless, as our results show, this requires taking ad-hoc decisions regard-
ing BCs downgrading to BSs and a fairly limited dispatching of MUs.

Instead, if accessibility is also envisaged, compliance may not be always
guaranteed. Moreover, the achievement of very strict accessibility thresholds
would result in a relatively high number of located BFs (that is, less cost-
effective rationalization actions) and a more intense involvement of MUs.

Results of BSC-MFLP-CB-decentralized strategy

The results of the decentralized strategy are reported in Table[2.2] The obtained
trends are similar to those observed in the centralized strategy, but, as expected,
the number of open BFs, on average, is higher (a minimum of 4 BFs for the
centralized strategy and 5 BFs for the decentralized strategy).

In order to better show the difference between the strategies, in the follow-
ing we provide the graphical representation of some achieved solutions.

In particular, we show the solutions of the C_100_100_15 instance for
both the strategies (centralized vs. decentralized) in Figures and [2.2b]
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(a) Centralized solution (b) Decentralized solution

Figure 2.2: Comparison of centralized and decentralized strategy BSC-MFLP-
CB solutions for the Campania region (C_100_100_15 instance, o = 0.05)

respectively. These instances consider the same donation rate of the "as-is"
situation (o« = 0.05) and guarantee the same average accessibility threshold
(8 = 15km). We chose the highest values of the penalty parameters to comply
with the decree. In this case it is easy to see that, with a low value of average
accessibility threshold, the centralized and decentralized strategies converge to
similar solutions. Indeed, in both instances, we have 13 BFs left open (6 BCs
and 7 BSs) out of 22 on the regional territory.

Fig. 2.3a]and Fig. 2.3b| show the solutions of the instance C_100_100_45,
with the centralized and decentralized strategies, respectively. These instances
are characterized by 8 = 45km (i.e., a higher accessibility threshold), and the
same parameter settings as above. We observe that in the centralized strategy,
5 BFs are open (4 BCs and 1 BS), while in the decentralized strategy, an ad-
ditional BS is used. Moreover, in the centralized strategy all the facilities are
mainly located in the area of Naples which acts as "gravity center". This so-
lution, even though respecting the decree, is a good solution in terms of cost
saving but it turns out to be penalizing for all the population in the southern
and eastern areas of the region. The decentralized strategy mitigates this effect
by providing a slightly more expensive - but less polarized - solution.

Similar considerations can be drawn by looking at the whole set of per-
formed experiments.

In summary, we can conclude that if accessibility is sought (that is, low
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(a) Centralized solution (b) Decentralized solution

Figure 2.3: Comparison of centralized and decentralized strategy BSC-MFLP-
CB solutions for Campania region (C_100_100_45 instance, oo = 0.05)

threshold values for parameter /5 are imposed), no significant differences are
devised depending on the chosen strategy (centralized or decentralized). In-
stead, if accessibility is not a primary issue (that is, higher threshold values are
set), decentralized strategies can be winning, as they yield solutions character-
ized by a higher and more widespread distribution of BFs over the territory. In
a nutshell, we can say that the decentralized strategy is, in some sense, more
equity-oriented, since higher "coverage" of the population is obtained by re-
ducing the concentration effect determined by large and populated cities.

In our opinion, this is an interesting point which stimulates a reflection
on effective BSC management taking into account geographical inequalities in
access. However, it has to be noted that the strategic organization of regional
BSCs in Italy is not delegated to local authorities (e.g., at the provincial or
health districts level), and is not driven by explicit accessibility and equity con-
siderations. For these reasons, in the following, we validate the BSC-MFLP-SB
focusing only on the centralized strategy.

Results of BSC-MFLP-SB

Table [2.3] summarizes the results of BSC-MFLP-SBg,,, and BSC-MFLP-
SBiaz, respectively, with the centralized strategy. For the sake of brevity,
we do not provide a discussion on the effects of the penalty and average ac-
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Table 2.2: Results of BSC-MFLP-CB for Campania region: decentralized strat-

cgy
Instance_id « Obj Dot Wiot [ #BCs #BSs Xtot Ztot Ttot time (s)
_0_( 1.94 557.91 0.00 0 19 0 370 3 1 11
C_0, 0.00 367.06 0.00 0 14 0 357 0 0 11
C_0, 0.00 391.95 0.00 0 14 0 293 0 0 11
C_0, 0.00 327.74 0.00 0 13 0 335 0 0 11
C_1 765.51 246.20 0.00 0 11 0 361 15 5 11
C_1_ 2.17 99.82 0.82 0 6 1 226 0 0 11
C_1 2.17 99.46 0.82 0 6 1 227 0 0 11
C_1_ 0.04 2.17 99.46 0.82 0 6 1 227 0 0 11
C_10_ ’ 765.51 89.38 0.00 0 7 4 343 0 20 11
C_10_ 386.95 27.78 0.82 0 4 3 213 0 20 11
C_10_ 281.28 28.86 0.82 0 4 2 188 0 15 11
C_10_ 281.28 28.86 0.82 0 4 2 188 0 15 11
C_100_ 2894.33 2.61 0.00 0 5 7 367 17 3 11
C_100_ 955.98 0.00 0.00 0 3 7 223 0 7 10
C_10f 666.63 0.00 0.00 0 3 5 199 0 4 11
C_ 100 100 60 666.63 0.00 0.00 0 3 5 199 0 4 11
C_0_0_ 5.19 473.48 0.00 0 18 0 364 6 4 11
C_0_0 0.00 367.25 5.97 0 15 0 375 0 0 11
C_0_0 0.00 238.58 3.40 0 11 0 248 0 0 11
C_0_0 0.00 373.66 0.12 0 15 0 311 0 0 10
C_I_1 552.96 217.74 11.94 0 11 0 361 15 5 11
C_1_1 0.00 88.27 0.59 0 7 0 239 0 0 11
C_1_1 0.00 54.51 0.59 0 6 0 216 0 0 11
C_1_1 005 0.00 54.51 0.59 0 6 0 216 0 0 11
C_1 ’ 552.96 8228 0.12 0 8 4 355 17 3 11
C_1 480.98 24.73 0.59 0 5 2 226 0 20 11
C_1 0.00 27.88 0.59 0 5 0 159 0 0 11
C_10_ 0.00 27.88 0.59 0 5 0 159 0 0 11
C_ 2969.80 0.17 0.00 0 6 7 361 12 8 12
C_ 888.58 0.00 0.00 0 4 4 204 4 14 11
C_ 481.16 0.00 0.00 0 4 2 160 0 0 11
C_ 354.09 0.00 0.00 0 4 2 195 0 4 10
C 0.00 426.75 4.99 0 18 0 386 0 0 10
C 0.00 323.56 12.32 0 14 0 283 0 0 11
C 0.00 167.94 19.51 0 10 0 288 0 0 11
C_ 0.00 311.54 17.17 0 14 0 306 0 0 11
C 632.50 193.70 5.44 0 12 0 361 14 6 11
C 0.00 65.73 5.39 0 7 0 258 0 0 11
C 0.00 25.46 9.74 0 5 1 143 0 0 11
C 0.06 0.00 25.46 9.74 0 5 1 143 0 0 11
C_ ’ 632.50 71.41 0.79 0 9 3 363 18 2 10
C_ 18.26 60.27 1.39 0 6 2 213 0 1 10
C_ 18.25 25.46 4.53 0 5 2 143 0 1 10
C_ 18.25 25.46 4.53 0 5 2 143 0 1 10
C_ 2755.59 1.38 0.00 0 7 8 363 12 8 14
C_ 1018.57 0.00 0.00 0 4 5 188 0 14 12
C_ 553.19 0.00 4.53 0 4 3 125 0 1 12
C_ 18.27 0.00 4.53 0 4 2 125 0 1 13
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cessibility threshold values, since it would be consistent with the case-based
formulation. Thus, we focus only on the differentiating aspects between the
two variants of the BSC-MFLP-SB and between the case-based and scenario-
based solutions.

Concerning the two variants of the BSC-MFLP-SB, we can observe that, ex-
cept for the cases with A\; and Ao equal to 0, we obtain similar (or even the
same) solutions in terms of the number of located BFs. As expected, for some
particular instances, the number of BFs open using the BSC-MFLP-SB,, 4, as
well as the transportation cost component of the objective function, are higher.
This is consistent with the proposed formulation, which returns a conservative
solution by looking at worst-case scenario occurrence. Nevertheless, for most
of the tested instances, no significant differences are devised. This finding de-
notes the robustness of the proposed solutions to the variation of the donation
rate «, regardless of the decision-maker aptitude towards risk.

Concerning, instead, the comparison with the case-based formulation, as
we expected, the BSC-MFLP-SB,,, formulation provides good compromise
solutions with respect to those obtained by the BSC-MFLP-CB for the three
considered donation rates. Indeed, all conditions being equal (i.e., with same
values of all the relevant parameters), the number of BCs and BSs open in
the BSC-MFLP-SBs,,, solution is always between the maximum and the min-
imum values returned by the BSC-MFLP-CB formulation. For instance, let us
consider the results of the instance C_100_100_15. We can observe that the
BSC-MFLP-SBy,,, formulation locates 13 BFs (5 BCs and 8 BSs), while the
BSC-MFLP-CB provides solutions ranging from 12 open BFs (4 BCs and 8
BSs, for a = 0.04) to 14 open BFs (7 BCs and 7 BSs, for a = 0.06). Instead,
in relation to the BSC-MFLP-SB,,,, formulation, the objectives are similar but
not identical to the worst-case solution obtained via the BSC-MFLP-CB. In-
deed, we often see that the BSC-MFLP-SB,,,,, "dominates" the single-scenario
ones. This is due to the fact that in the BSC-MFLP-SB,,,,,, formulation, al-
though our focus is on the worst-case cost minimization, all the scenarios are
optimized simultaneously. Of course, this is not the case for the BSC-MFLP-
CB. Hence, the single-scenario solution can be seen as a poor approximation
of an uncertainty-aware one, if a robust solution is sought.

Therefore, in conclusion, our results prove that both the proposed ap-
proaches provide almost indistinguishable solutions for a decision-maker hav-
ing a neutral aptitude towards risk (i.e., interested in minimizing the expected
value cost). Instead, looking into a scenario-based solution is suggested if a
risk-averse behavior is assumed.
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Table 2.3: Results of BSC-MFLP-SBg,,,, and BSC-MFLP-SB,,, for Campa-

nia region
Instance_id ObjType Obj Dot Wiot ) #BCs #BSs Xtot Ziot Ttot time (s)
C_0_0_15 0.00 293.92 60.91 0 12 0 388 0 0 205
C_0_0_30 0.00 348.11 1.66 0 14 0 300 0 0 223
C_0_0_45 0.00 472.70 1.66 0 18 0 356 0 0 220
C_0_0_60 0.00 293.06 5.99 0 13 0 315 0 0 191
C_1_1_15 21.89 171.64 2.77 0 10 0 337 20 0 878
C_1_1_30 5.74 42.91 3.81 0 6 0 205 7 0 2504
C_1_1_45 0.00 14.88 3.55 0 5 0 187 0 0 1345
C_1_1_60 SUM 0.00 14.88 3.55 0 5 0 187 0 0 1799
C_10_10_15 550.44 56.46 7.87 0 6 4 323 19 1 7438
C_10_10_30 91.88 27.41 0.81 0 5 2 171 20 0 3684
C_10_10_45 30.17 3.66 3.42 0 4 1 141.67 3.33 0.33 2134
C_10_10_60 30.17 3.66 3.42 0 4 1 141.67 3.33 0.33 2624
C_100_100_15 2658.40 0.45 0.00 0 5 11 341 18 2 57127
C_100_100_30 713.66 0.00 0.00 0 4 4 208.67 9.67 10.33 13224
C_100_100_45 129.96 0.00 1.51 0 3 2 125.67 14 0.33 3822
C_100_100_60 167.87 0.00 0.00 0 3 2 132.67 7.33 1.33 3460
C_0_0_15 50.89 584.59 4.99 0 22 0 390 20 0 293
C_0_0_30 0.00 601.38 0.00 0 20 0 365 0 0 394
C_0_0_45 0.00 302.59 45.07 0 11 0 333 0 0 276
C_0_0_60 0.00 368.25 0.00 0 14 0 378 0 0 334
C_1_1_15 67.33 360.79 0.00 0 14 1 390 20 0 648
C_1_1.30 4.59 66.67 0.00 0 6 0 205 7 0 4731
C_1_1.45 0.00 36.64 0.00 0 5 0 187 0 0 2734
C_1_1_60 MAX 0.00 36.64 0.00 0 5 0 187 0 0 2220
C_10_10_15 923.71 153.22 0.00 0 9 7 390 20 0 1471
C_10_10_30 73.14 44.45 0.00 0 5 2 171 20 0 5046
C_10_10_45 76.31 10.00 0.00 0 4 1 141 10 1 2633
C_10_10_60 76.31 10.00 0.00 0 4 1 141 10 1 2547
C_100_100_15 2719.40 31.72 0.00 0 6 14 390 20 0 1849
C_100_100_30 1071.01 0.03 0.00 0 4 4 181 18 2 271019
C_100_100_45 315.14 0.00 0.00 0 4 1 141 19 1 4916
C_100_100_60 240.37 0.00 0.00 0 3 2 118 0 9 3281
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2.5.3 Experimentation on Apulia region

In this section, we present the results obtained for the Apulia region. In what
follows, we start by focusing on the experiments performed for the case-based
model (BSC-MFLP-CB) - Section 2.5.3] Afterwards, we present those ob-
tained with the case-based formulations (BSC-MFLP-SB) in Section [2.5.3] In
both cases, only a centralized strategy is investigated.

Results of BSC-MFLP-CB

The detailed results are displayed in Table Of course, the interpretation of
such results follows that presented for the Campania region (see Section[2.5.2)).
However, it is interesting to note that, differently from the previous case, for the
Apulia region, considering the donation rate of the "as-is situation"(a = 0.05),
the number of open BFs is not highly affected by the increase of the penalty
values and of the accessibility threshold. Indeed, the overall number remains
close to 21, but we can observe the downgrade of several existing BCs to BSs.
At the same time, we can also note that all the solutions are characterized by
quite large ®4, values, due to fact that most of the BFs do not satisfy the
productivity requirement imposed by the decree. Significant reductions of the
number of BFs are achievable just in the case of « = 0.06 and high values of
the average accessibility threshold.

In order to understand this fact, we look into two detailed solutions, i.e.,
those obtained for the P_100_100_15 and P_100_100_45 instances, displayed
in Figures [2.4a and [2.4b] respectively. The former, which is obtained with
an accessibility threshold 5 = 15 km (the "as-is" one), is characterized by
the presence of 20 BFs (5 BCs and 15 BSs), spread throughout the regional
territory. This number reduced to 11 BFs (4 BCs and 7 BSs), for § = 45
km. Note that, also in this case, the located facilities are well distributed in the
region.

Such results allow us to make the following considerations. First, the elon-
gated shape of the Apulia, the more sparse distribution of the centroids of the
municipalities (used, we recall, as representative points where donors’ are lo-
cated) and the more homogeneous distribution of the population among the
cities allows to have more distributed solutions in terms of BFs. Second, in
most cases, the obtained solutions are not significantly different with respect
to the "as-is" configuration for « = 0.04,0.05. This is due to the fact that,
considering the number of donors, the Apulia region has a low margin with
respect to the self-sufficiency requirement. Thus, relevant savings in terms of
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(a) P_100_100_15 solution (b) P_100_100_45 solution

Figure 2.4: Comparison of BSC-MFLP-CB solutions for Apulia instances
(a =0.05)

located BFs could be obtained only by increasing the number of donors, which
is testified by the results obtained for oo = 0.06.

Results of BSC-MFLP-SB

The results for the scenario-based formulations, i.e., BSC-MFLP-SBy,,, and
BSC-MFLP-SB,,,,, are in Table Also in this case, we focus only on the
differentiating aspects between the two variants of the BSC-MFLP-SB and be-
tween the case-based and scenario-based solutions.

Concerning the two variants of the BSC-MFLP-SB, we can observe that,
regardless of the parameters’ setting, they return very similar solutions in terms
of both number and type of BFs, and objective function components. This is
mainly due to the fact that, in the scenario with o« = 0.04, the number of
donations does not meet the regional demand requirement. This occurrence,
together with the very high value imposed for A3, hijacks the solution, keeping
open all the existing BFs in order to collect the maximum amount of donations.
The comparison of the BSC-MFLP-SB with BSC-MFLP-CB suffers from the
same drawback. This is confirmed by the fact that the solutions of the BSC-
MFLP-SB are very similar to those the BSC-MFLP-CB with a@ = 0.04. Thus,
the performed experimentation highlights that Apulia region is much more
sensitive to blood donation fluctuations.
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Table 2.4: Results of the BSC-MFLP-CB for Apulia region

Instance_id @ Obj Dot Wiot 4 #BCs #BSs Xtot Ztot Ttot time (s)
P_0_0_15 54.96 695.45 0 5.44 21 0 171 20 0 7
P_0_0_30 52.67 652.44 0 243 20 0 171 20 0 7
P_0_0_45 52.67 652.44 0 243 20 0 171 20 0 7
P_0_0_60 52.67 652.44 0 243 20 0 171 20 0 7
P_1_1_15 59.21 615.44 0 5.44 19 2 171 20 0 8
P_1_1.30 58.34 61243 0 243 19 1 171 20 0 8
P_1_1_45 58.34 612.43 0 243 19 1 171 20 0 8
P_1_1_60 0.04 58.34 61243 0 243 19 1 171 20 0 8
P_10_10_15 : 2237.98 175.44 0 5.44 8 13 171 20 0 8
P_10_10_30 2037.98 132.43 0 243 7 14 171 20 0 8
P_10_10_45 2139.18 172.43 0 243 8 13 171 20 0 8
P_10_10_60 2009.92 13243 0 243 7 13 171 20 0 8
P_100_100_15 2237.98 135.44 0 5.44 7 14 171 20 0 9
P_100_100_30 2009.92 13243 0 243 7 13 171 20 0 8
P_100_100_45 1992.89 13243 0 243 7 12 171 20 0 9
P_100_100_60 1992.89 132.43 0 2.43 7 12 171 20 0 9
P_0_0_15 34.16 682.25 0 0.00 21 0 169 17 2 7
P_0_0_30 0.00 565.89 0 0.00 18 0 169 0 0 7
P_0_0_45 0.00 605.48 0 0.00 19 0 170 0 0 7
P_0_0_60 0.00 565.89 0 0.00 18 0 169 0 0 7
P_1_1_15 54.96 524.42 0 0.00 17 0 167 20 0 9
P_1_1_30 16.73 410.00 0 0.00 14 0 150 3 0 9
P_1_1_45 16.73 410.00 0 0.00 14 0 150 3 0 10
P_1_1_60 005 16.73 410.00 0 0.00 14 0 150 3 0 9
P_10_10_15 ’ 2237.98 86.43 0 0.00 6 13 168 19 1 11
P_10_10_30 1767.95 49.99 0 0.00 5 7 118 15 5 13
P_10_10_45 1767.95 49.99 0 0.00 5 7 118 15 5 13
P_10_10_60 1767.95 49.99 0 0.00 5 7 118 15 5 13
P_100_100_15 3751.91 27.51 0 0.00 5 15 171 20 0 11
P_100_100_30 2535.38 8.57 0 0.00 4 7 125 20 0 14
P_100_100_45 2535.38 8.57 0 0.00 4 7 125 20 0 15
P_100_100_60 2535.38 8.57 0 0.00 4 7 125 20 0 14
P_0_0_15 40.99 650.70 0 0.00 21 0 169 17 2 7
P_0_0_30 0.00 44432 0 0.00 15 0 152 0 0 7
P_0_0_45 0.00 44432 0 0.00 15 0 152 0 0 7
P_0_0_60 0.00 404.32 0 0.00 14 0 152 0 0 7
P_1_1_15 65.95 493.30 0 0.00 17 0 167 20 0 9
P_1_1.30 2.23 210.00 0 0.00 9 0 111 1 0 10
P_1_1_45 223 210.00 0 0.00 9 0 111 1 0 10
P_1_1_60 0.06 223 210.00 0 0.00 9 0 111 1 0 10
P_10_10_15 ) 1741.36 147.20 0 0.00 8 10 165 20 0 11
P_10_10_30 986.45 50.58 0 0.00 5 2 102 19 1 15
P_10_10_45 986.45 50.58 0 0.00 5 2 102 19 1 14
P_10_10_60 986.45 50.58 0 0.00 5 2 102 19 1 15
P_100_100_15 4240.39 11.23 0 0.00 5 15 171 20 0 11
P_100_100_30 2020.21 0.05 0 0.00 4 6 126 18 2 23
P_100_100_45 2020.21 0.05 0 0.00 4 6 126 18 2 19
P_100_100_60 2020.21 0.05 0 0.00 4 6 126 18 2 19
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Table 2.5: Results of BSC-MFLP-SBg,,, and BSC-MFLP-SB,,, for Apulia

region
Instance_id ObjType Obj Dot Wyot o #BCs #BSs Xtot Ziot Ttot time (s)
P_0_0_15 190.00 676.14 0 1.81 21 0 169.67 18 1.33 34
P_0_0_30 186.00 635.30 0 0.81 20 0 170.33 7.33 0.67 33
P_0_0_45 172.00 635.73 0 0.81 20 0 171 6.67 0 33
P_0_0_60 172.00 635.73 0 0.81 20 0 171 6.67 0 34
P_1_1_15 262.35 596.13 0 1.81 19 2 169.67 18 1.33 43
P_1_1_30 209.45 595.72 0 0.81 19 1 171 6.67 0 42
P_1_1.45 209.45 595.72 0 0.81 19 1 171 6.67 0 43
P_1_1_60 SUM 209.45 595.72 0 0.81 19 1 171 6.67 0 41
P_10_10_15 1779.94 198.03 0 1.81 9 12 169 18 2 52
P_10_10_30 2231.86 119.53 0 0.81 7 13 157.67 6.67 13.33 51
P_10_10_45 2231.86 119.53 0 0.81 7 13 157.67 6.67 13.33 52
P_10_10_60 2231.86 119.53 0 0.81 7 13 157.67 6.67 13.33 48
P_100_100_15 3464.85 107.11 0 1.81 7 14 171 20 0 46
P_100_100_30 3164.63 95.60 0 0.81 7 13 171 20 0 50
P_100_100_45 3164.63 95.60 0 0.81 7 13 171 20 0 53
P_100_100_60 3164.63 95.60 0 0.81 7 13 171 20 0 48
P_0_0_15 636.57 695.45 0 5.44 21 0 171 20 0 37
P_0_0_30 689.64 652.44 0 243 20 0 171 20 0 32
P_0_0_45 689.64 612.44 0 243 19 0 171 20 0 32
P_0_0_60 689.64 652.44 0 243 20 0 171 20 0 31
P_1_1_15 698.07 615.44 0 5.44 19 2 171 20 0 49
P_1.130 719.69 612.43 0 243 19 1 171 20 0 45
P_1.1.45 691.19 612.43 0 243 19 0 171 20 0 44
P_1_1.60 MAX 691.19 612.43 0 243 19 0 171 20 0 43
P_10_10_15 1937.67 215.44 0 5.44 9 12 171 20 0 50
P_10_10_30 2161.01 172.43 0 243 8 13 171 20 0 48
P_10_10_45 2131.95 172.43 0 243 8 12 171 20 0 47
P_10_10_60 2161.01 172.43 0 243 8 13 171 20 0 50
P_100_100_15 2766.05 135.44 0 5.44 7 14 171 20 0 50
P_100_100_30 2454.30 132.43 0 243 7 13 171 20 0 57
P_100_100_45 2454.30 132.43 0 243 7 13 171 20 0 56
P_100_100_60 2454.30 132.43 0 243 7 13 171 20 0 54
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2.5.4 Experimentation on Lombardy region

The last step of our empirical analysis consists of additional experiments per-
formed on Lombardy, the largest Italian region. Following the above adopted
scheme, we split the results in two parts: Section (2.5.4)), containing the results
of the BSC-MFLP-CB with the centralized strategy; Section (2.5.4), concern-
ing the results of the BSC-MFLP-SB variants.

Results of BSC-MFLP-CB

Table 2.6: Results of BSC-MFLP-CB for Lombardy region

Instance_id a Obj Dot Wiot o #BCs #BSs Xtot Ztot Ttot time (s)
L 0.0_15 320.00 624.94 18.15 101.16 24 0 1230 20 0 583
L_0_0_30 320.00 607.85 6.68 101.16 24 0 1230 20 0 537
L_0_0_45 320.00 608.03 6.04 101.16 24 0 1230 20 0 538
L_0_0_60 320.00 608.03 6.04 101.16 24 0 1230 20 0 571
L_1_1_15 320.00 631.16 0.00 101.16 25 0 1230 20 0 1851
L_1_1.30 320.00 631.16 0.00 101.16 25 0 1230 20 0 1738
L_1_1.45 320.00 631.16 0.00 101.16 25 0 1230 20 0 1764
L_1_1_60 0.04 320.00 631.16 0.00 101.16 25 0 1230 20 0 1761
L_10_10_15 . 2168.86 315.11 0.00 101.16 17 14 1230 20 0 2021
L_10_10_30 2168.86 315.11 0.00 101.16 17 14 1230 20 0 2011
L_10_10_45 2177.66 314.23 0.00 101.16 17 12 1230 20 0 2049
L_10_10_60 1582.73 273.73 0.00 101.16 16 11 1230 20 0 2038
L_100_100_15 4204.30 111.16 0.00 101.16 12 17 1230 20 0 2056
L_100_100_30 7825.90 81.27 0.00 101.16 9 20 1230 20 0 2158
L_100_100_45 7193.40 64.94 0.00 101.16 9 15 1230 20 0 2143
L_100_100_60 7193.40 64.94 0.00 101.16 9 15 1230 20 0 2064
L_0_0_15 360.00 667.72 9.01 8.95 26 0 1230 20 0 609
L_0_0_30 360.00 601.97 4.40 8.95 26 0 1230 20 0 579
L_0_0_45 360.00 593.13 4.17 8.95 26 0 1230 20 0 593
L_0_0_60 360.00 517.29 38.34 8.95 26 0 1230 20 0 575
L_1.1.15 449.02 530.98 0.00 8.95 25 2 1230 20 0 1817
L 1130 363.55 506.45 0.00 8.95 24 0 1230 20 0 1884
L_1.1.45 363.55 506.45 0.00 8.95 24 0 1230 20 0 1742
L_1.1.60 0.05 363.55 506.45 0.00 8.95 24 0 1230 20 0 1830
L_10_10_15 o 2110.60 128.67 40.27 8.95 16 10 1230 20 0 2171
L_10_10_30 1685.56 168.51 1.93 8.95 15 7 1230 20 0 2194
L_10_10_45 1689.20 169.08 0.00 8.95 15 7 1230 20 0 2355
L_10_10_60 1724.19 165.71 4.87 8.95 14 8 1230 20 0 2013
L_100_100_15 4517.80 24.42 0.00 8.95 11 15 1230 20 0 2247
L_100_100_30 4011.30 24.02 0.00 8.95 11 14 1230 20 0 2230
L_100_100_45 4011.30 24.02 0.00 8.95 11 14 1230 20 0 2243
L_100_100_60 4011.30 24.02 0.00 8.95 11 14 1230 20 0 2440
L_0_0_15 0.00 670.72 0.00 0.00 30 0 1213 0 0 622
L_0_0_30 0.00 472.23 40.53 0.00 23 0 1154 0 0 538
L_0_0_45 0.00 455.96 69.47 0.00 22 0 1175 0 0 525
L_0_0_60 0.00 383.31 78.97 0.00 19 0 1108 0 0 518
L_1_1_15 6.19 226.70 9.75 0.00 17 0 1135 20 0 2209
L_1.1.30 0.00 50.23 3.70 0.00 12 0 908 0 0 4229
L_1.1.45 0.00 50.23 3.70 0.00 12 0 908 0 0 4469
L_1_1_60 0.06 0.00 50.23 3.70 0.00 12 0 908 0 0 4850
L_10_10_15 : 618.12 122.04 1.69 0.00 15 3 1150 18 2 9104
L_10_10_30 37443 10.32 1.43 0.00 11 0 820 19 1 7821
L_10_10_45 37443 10.32 143 0.00 11 0 820 19 1 8231
L_10_10_60 37443 10.32 1.43 0.00 11 0 820 19 1 6175
L_100_100_15 3122.59 0.04 0.00 0.00 12 13 1172 18 2 12659
L_100_100_30 594.23 0.02 0.00 0.00 11 1 836 12 8 13727
L_100_100_45 594.23 0.02 0.00 0.00 11 1 836 12 8 15512
L_100_100_60 594.23 0.02 0.00 0.00 11 1 836 12 8 13305
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(a) L_100_100_15 solution (b) L_100_100_45 solution

Figure 2.5: Comparison of BSC-MFLP-CB solutions for Lombardy region
(a =0.05)

The results obtained for these experiments are reported in Table [2.6] As
for the Campania and Apulia regions, similar patterns are again observed con-
cerning productivity and capacity restrictions, on the one hand, and with ac-
cessibility, on the other.

Therefore, here we only focus on an (novel) aspect of great relevance
emerging from the results, which shed light on the proper functioning of the
regional BSC. Lombardy, we recall, is the largest region in Italy in terms of
population, and the region where most medical treatments are conducted as
people migrate from all over Italy to seek care. However, Lombardy only man-
ages to meet the self-sufficiency goal when the value of o equals 0.06 (note the
non-zero values for § in the Table). We want to emphasize that the assumed
data of 5 donations per 1000 inhabitants is an aggregate figure for Italy, and
the specific reference value for Lombardy is actually higher. Nevertheless, we
highlight the importance of implementing policies aimed at maintaining this
value to ensure the smooth operation of the system. Indeed, if the donation
rate was to fall below the threshold of 6 donations per 1000 inhabitants, the re-
gion could face difficulties in sourcing the necessary blood for self-sufficiency,
making it essential to purchase blood units from other Italian regions.

Figures [2.5a and [2.5b] representing the solutions obtained for the
L_100_100_15 and L_100_100_45 instances (for « = 0.05), give an insight
into this situation. The solution obtained for L_100_100_15 solution utilizes a
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total of 26 BFs (comprising 11 BCs and 15 BSs) strategically scattered across
the regional territory. Alternatively, by raising the accessibility threshold to
45km, the L_100_100_45 solution achieves similar results with only 1 BSs
less. This demonstrates that, despite increasing the accessibility threshold, the
solution remains relatively unchanged due to the inability to meet the entire
regional demand for blood.

Results of BSC-MFLP-SB

Table[2.7|present the results for two variations of the centralized strategy: BSC-
MFLP-SBgy,, and BSC-MFLP-MS,,, ;- When considering the two variants of
BSC-MFLP-SB, we observe that regardless of the parameter settings, they pro-
duce very similar solutions in terms of both the number and type of blood
facilities (BFs). This similarity is primarily attributed to the fact that, in sce-
narios with & = 0.04 and @ = 0.05, the number of donations fails to meet
the regional demand for blood (self-sufficiency). To maximize the amount of
collected donations, the model tends to keep all existing BFs open due to the
high value assigned to As.

A similar observation holds when focusing on the comparison between
BSC-MFLP-SB and BSC-MFLP-CB. The solutions generated by BSC-MFLP-
SB closely resemble those of BSC-MFLP-CB when « is set equal to 0.05. This
further demonstrates that the Lombardy region, like Apulia, is highly suscep-
tible to fluctuations in blood donations, necessitating the maintece of a suffi-
ciently high donation rate to address this issue. In contrast, Campania is less
affected by these variations.
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Table 2.7: Results of BSC-MFLP-SB,,, and BSC-MFLP-SB,,,,. for Lom-
bardy region

Instance_id ObjType Obj Dot Wiot 5 #BCs #BSs Xtot Ziot Tiot time (s)
L_0_0_15 219.89 573.33 5325 29.76 24 0 1230.0 13.33 0 3070
L_0_0_30 219.89 608.87 7.08 29.76 26 0 1230.0 13.33 0 3048
L_0_0_45 219.89 515.81 31.81 29.76 23 0 1230.0 13.33 0 3061
L_0_0_60 219.89 664.91 0.00 29.76 28 0 1230.0 13.33 0 3326
L_1_1_15 551.24 591.87 0.00 29.76 26 3 1229.67 13.33 0 11729
L_1_1_30 551.24 587.83 0.00 29.76 26 3 1230.0 13.33 0 14161
L 1.1.45 431.78 626.89 0.00 29.76 23 3 1230.0 13.33 0 13307
L_1.1.60 SUM 229.23 442.78 85.00 29.76 20 0 1230.0 13.33 0 11907
L_10_10_15 1883.75 352.03 0.00 29.76 20 11 1230.0 13.33 0 17088
L_10_10_30 1989.92 347.56 0.00 29.76 19 13 1229.67 13.33 0 13401
L_10_10_45 1989.92 318.95 0.00 29.76 19 13 1230.0 13.33 0 14124
L_10_10_60 1746.23 309.55 0.00 29.76 13 9 1230.0 13.33 0 15549
L_100_100_15 2574.01 50.64 4.36 29.76 12 13 1227.33 20 0 20122
L_100_100_30 2997.43 38.66 0.00 29.76 10 16 1227.33 20 0 18490
L_100_100_45 3012.99 35.06 0.00 29.76 10 16 1227.33 20 0 18918
L_100_100_60 3231.88 30.11 4.90 29.76 9 14 1227.33 20 0 17425
L 0_0_15 287.43 639.32 0.00 101.16 25 0 1230.0 20 0 3104
L_0_0_30 287.43 660.87 59.70 101.16 24 0 1230.0 20 0 2907
L 0045 287.43 648.29 7.12 101.16 25 0 1230.0 20 0 3215
L_0_0_60 287.43 578.06 16.89 101.16 23 0 1230.0 20 0 2955
L1115 688.11 711.16 0.00 101.16 27 3 1230.0 20 0 12298
L 1130 688.11 671.16 0.00 101.16 26 3 1230.0 20 0 12860
L 1145 716.29 591.16 0.00 101.16 23 4 1230.0 20 0 13299
L_1_1_60 MAX 287.43 551.16 0.00 101.16 23 0 1230.0 20 0 12208
L_10_10_15 1975.67 432.19 0.00 101.16 20 13 1230.0 20 0 13950
L_10_10_30 2030.96 391.16 0.00 101.16 19 13 1230.0 20 0 12816
L_10_10_45 2030.96 391.16 0.00 101.16 19 13 1230.0 20 0 14916
L_10_10_60 1696.06 198.37 33.60 101.16 13 9 1230.0 20 0 15710
L_100_100_15 2966.70 111.80 0.00 101.16 12 12 1230.0 20 0 19130
L_100_100_30 3915.52 86.13 0.00 101.16 11 14 1230.0 20 0 20462
L_100_100_45 3892.48 74.97 0.00 101.16 11 14 1230.0 20 0 19091
L_100_100_60 5306.65 35.85 0.00 101.16 9 14 1230.0 20 0 22184
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2.6 Conclusions

This Chapter investigates the reorganization of regional blood management
systems from a strategic perspective. It is directed forward the closing or
reconverting of blood facilities currently operating in a region, finding good
trade-off solutions between the need of attracting donors (self-sufficiency ob-
jective) and the need of reducing the system management costs (efficiency
objective). To this aim, we proposed two MILP formulations tackling a multi-
echelon facility location problem in a case-based and scenario-based perspec-
tive.

The proposed formulations allow, on the one hand, to provide insights on
the impact of several strategies and policies in the reorganization of the re-
gional BSC and, on the other, to perform a sensitivity of the proposed solu-
tions to the variation of several parameters and different scenarios. Thus, it
can represent a useful decision support system for the competent authorities
and stakeholders.

The model has been validated on three real cases related to the Campania,
Apulia and Lombardy regions, for which several configurations have been sim-
ulated. The experimentation has allowed to derive several suggestions for an
effective reorganization of the the "as-is" situations in the regions under inves-
tigation and has highlighted the importance of taking into account the specific
demographic and topological features of a territory, as well as the structural
deficiencies of the system.

Future research directions naturally include the integration of tactical and
operational issues, such as workforce planning and mobile unit routing. As
a consequence, the need of developing either heuristic and meta-heuristic so-
lution methods or advanced multi-stage stochastic programming approaches
could arise. Moreover, we recall that our methodology is specifically designed
to address the requirements of a European Directive, which encompasses not
only Italy but also other countries. As a result, we believe that our proposed
modeling framework holds relevance for other countries that are currently un-
dergoing or considering a reorganization of their BSC. Therefore, future work
perspective will include the adaptation of our modeling framework to different
national contexts, incorporating and tailoring different BSC peculiarities.



Chapter 3

Integrated Operating Room
Planning and Scheduling
(IORPS): an emergency
responsive-based offline
approach

As the global population ages, the demand for health services, particularly sur-
gical procedures, has significantly increased. Efficient management of hospital
resources, especially in the operating rooms (ORs), becomes fundamental due
to their substantial contribution to hospital costs and revenues. In this context,
this chapter investigate into the challenges faced in elective OR scheduling. By
focusing on the Integrated Operating Room Planning and Scheduling (/ORPS)
for elective patients at a local hospital in Naples, this work aims to provide
an automated solution for weekly surgical scheduling, ensuring maximum ef-
ficiency while addressing unpredictable events. We observe that in numerous
contributions, JORPS not only encompass the surgery schedule but also neces-
sitate the utilization of medical resources, personnel, and more. However, the
challenge of determining the specific day and starting time for surgery remains
within the scope of IORPS.

91
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3.1 Introduction

The global aging of the population is a well-known demographic trend, with
reports indicating a steady increase in the number of people aged 60 years
and over [[141]. According to a study by United Nations [289], the number of
people in this age group reached 901 million in 2015, reflecting an increase
of 48% since 2000. By 2030, this number is expected to reach 1.4 billion,
and by 2050, it is projected to more than double to nearly 2.1 billion. This
demographic shift is likely to increase the demand for health products and ser-
vices, particularly in higher age groups where health needs are more frequent
and significant [302]. Addressing this demand represents a multifaceted chal-
lenge, further complicated by the fact that public hospitals must contend with
frequent regulatory changes from healthcare authorities, increasingly stringent
quality requirements, and budget cuts, resulting in constraints on both human
and material resources [249]].

In this context, the vital role of hospitals, particularly the operating the-
atres (OT) and their associated operating rooms (ORS), in the healthcare supply
chain and the effective management of patient flow, is unequivocally acknowl-
edged [124]]. This importance is further emphasized by the statistic revealing
that around 60% of all patients necessitate the OT at some point during their
hospitalization [187]. At the same time, numerous studies recognize the OT
as the most financially intensive assets for both public and private hospitals.
Surgical expenditures typically constitute around 40% of the overall resource
budget, and surgical procedures contribute to approximately 67% of the total
revenue [71]. In [252], the expenses associated with the utilization of valuable
resources, such as surgeons, staff, and equipment, are estimated to range from
20 to 116 euros per minute.

In this context, as highlighted in [292]], the need for effective and efficient
management of ORs, encompassing planning and scheduling, arises. Oper-
ations Research can play a relevant role in supporting hospital executives to
enhance hospital operations, reduce costs, and improve patient satisfaction,
under limited resource constraints and diverse stakeholder priorities [[105]].

On this basis, in the following of this section, we establish the context for
our research. Firstly, we provide an overview of the background related to OT
planning and scheduling problems in order to position our work in Operations
Research field. Next, we present the real problem that motivates our present
work. Finally, we outline the specific methodological contributions of this
study, and we provide an overview of its structure.
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3.1.1 OT management background

The literature categorizes the main Operations Research contributions on OT
management with respect to two main issues [63,124]]: decision levels and OR
management strategies or procedures.

Concerning the first issue, existing literature identifies three hierarchi-
cal decision levels based on the decision-making time horizon (long-term,
medium-term, short-term): strategic, tactical, and operational [321]. At a
strategic level, the decision problem involves the forecasting of medium and
long-term demand and the distribution of the OR time among the surgical
specialties and/or surgeons (Capacity Planning Problem, Capacity Allocation
Problem); at a tactical level, the decision problem deals with the definition
of cyclic OR schedules, i.e., assigning OR time blocks to surgical specialties,
usually with homogeneous lengths of half day or full day (Master Surgical
Scheduling Problem); at the operational level, the decision problem consists in
determining the date, the operating room and the starting time of each surgery,
accounting also for related estimated completion time and medical resources
allocation.

The operational level can be conceived as composed of two decision sub-
problems [317]: the Advance Scheduling Problem (ADP), also referred to as
OR planning in [136l], consisting in assigning patients to specific surgical block
(i.e., OR and day) within a planning horizon (usually a week); the Allocation
Scheduling Problem (ALP), consisting in sequencing surgeries within each
block. When tackled together, these the two sub-problems constitute the core
of the so called Integrated Operating Room Planning and Scheduling (IORPS)
problem [[136]]. However, we observe that in many contributions, IORPS gen-
erally refers to more complex variants including also decision about utilization
of medical resources and personnel.

Concerning the second issue, the literature distinguishes three OR man-
agement strategies used in practice: open, block and modified-block [108]
249/ 321]]. In the open strategy, all the surgeries can be scheduled into any
OR and in any day of the planning horizon, following a predetermined per-
formance criteria. Under the block strategy, the OR scheduling is organized
in surgical blocks, where a block corresponds to a set of consecutive time
periods (hours, half-hours, etc.). Each block is pre-assigned to a day of the
planning horizon and to a specific surgical specialties. Then, a surgery can be
performed only in a surgical block dedicated to the corresponding specialty.
Finally, the modified-block strategy combines the previous ones, i.e., if there
is under-utilization of a pre-assigned OR block in a day, then this block can be
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exploited by a different surgical specialty in order to maximize the OR usage.
The choice of the strategy is mainly motivated by the equipment of surgery
department and by the personnel shifts policies of each hospital.

The two issues just discussed underlie the categorization of surgical pa-
tients, typically organized into emergency, urgent, and elective classes [[124].
Emergency and urgent cases necessitate surgical intervention within two hours
or few hours of the decision to operate, respectively. Elective cases, instead,
are individuals who are admitted for a planned or scheduled medical procedure
or a treatment that can be planned in advance. Elective patients are usually in-
serted into a waiting list and are scheduled through an off-line (ex-ante) plan-
ning process according to internal rules, performance criteria, and scheduling
policies, typically one or two weeks before the surgery. Generally an initial
schedule for elective patients represents a baseline for forthcoming elective
surgeries.

Thus, in broad terms, IORPS decision are typically directed by elective pa-
tient cases, given their impact on system performance [26], whereas the man-
agement of non-elective patients represents a source of uncertainty generally
addressed reactively at the time of occurrence.

However, over the past decade, several contributions have underscored the
significance of proactively considering potential emergency arrivals, which are
not-preemptive by nature, when defining (off-line) the weekly surgery sched-
ule [294,187]]. Recognizing this importance is crucial because prompt delivery
of emergency treatment is essential; any delays can result in increased morbid-
ity and mortality [187].

Emergency surgeries are characterized by different levels of urgency, each
associated with distinct Waiting Time Targets (WTTs), where the WTT is de-
fined as the time within which the hospital must initiate an emergency surgery
[26]. To optimize the system’s responsiveness, one policy is to allocate a
dedicated OR solely for emergency surgeries [94]. However, as noticed in
[307], such option is not a good solution for hospitals with a limited number of
ORs. Alternatively, emergency procedures can be integrated into the elective
OR schedule, waiting a suitable moment between ongoing elective surgeries
[292, 26]]. Another option is to proactively incorporate buffer times into the
baseline schedule, similarly to slack times introduced in [6], facilitating the
seamless integration of unforeseen emergency arrivals on the day of surgery
[147,1187]]. The second and the the third policies are referred to as shared-room
policies in literature. Their main distinctions lie in the distribution of the emer-
gency insertion moments, referred to as ’break-in-moments’ BIM, throughout
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the day and in the duration of the break-in interval (BII), which represents
the maximum time between two consecutive BIMs for the available operating
room ORs.

As hinted above, the provided discussion is preparatory to precisely con-
textualize the specific problem under investigation, presented in next section,
in the IORPS literature.

3.1.2 Motivation

In this chapter, we address the JORPS problem faced by a local hospital in
Naples, whose future broad-ranging goal is adopting an automatic tool, in
place of the actual manual procedure, to provide the weekly surgery schedul-
ing of its elective patients (both inpatients and outpatients). The objective is
determining the schedule that maximizes the number of performed surgeries
according to available resources, medical requirements and priority policies,
while accounting for unforeseen emergencies.

In a nutshell, the specific IORPS problem under investigation, introduced
in [46], can be schematized as follows. The planning horizon is fixed to one
week (six working days) and each OR has a limited working time per day.
The weekly schedule should assign a day, an OR, and a starting time to each
elective surgery, while incorporating information about surgery duration and
resulting room occupancy.

The elective patients, each of them associated to one of the six surgical
specialties at the hospital, has to be selected from a known in advance wait-
ing list for scheduling. Each elective patient surgery is characterized by three
elements: clinical specialty, duration, and clinical severity. The clinical spe-
cialty indicates the equipment/instruments and skills/surgeons required for the
surgery. The duration is an estimate of the required operating time and is gen-
erally defined based on the average duration of past surgeries. Finally, the
clinical severity is a proxy for the complexity of the surgery and the patient’s
clinical status. The sequencing of elective patients each day should prioritize
the scheduling of the most severe and time-consuming surgeries ahead of oth-
ers.

Regarding non-elective patients, the hospital follows a shared operating
room policy. Once an emergency arrives, the patient will be stabilized in the
emergency department with initial treatments before being transferred to an
OR. Thus, according to this setting, emergency patients who arrive during op-
erating hours compete with elective surgeries for OR capacity.
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The hospital seeks a schedule guaranteeing strict responsiveness to poten-
tial emergency arrivals, i.e., the timely response to the most urgent potential
emergency has to be guaranteed whenever it arrives during the open hours
[187)]. This requirement is common for emergencies in cardiology, trauma,
and gynecology, which are the specific cases dealt by the hospital. For all
these emergencies, the hospital sets a WIT of 20 minutes and, consistently,
wants to keep the estimated BIM on the baseline elective schedule within 20
minutes, as well.

Currently, the hospital uses a block strategy scheme for the four available
ORs. However, the hospital is interested in having a tool that can manage
other scheduling strategies, such as block-modified and open, in order to eval-
uate possible temporary re-configurations of the OT and to simulate the per-
formance of potential upgrades and expansions.

Summarizing, the JORPS problem under investigation deals with the op-
erational level, all the OR management strategies and include strict BII, BIM
and WTT requirements for emergency management in a shared operating room
policy.

More details will be given in Section[3.3|devoted to problem definition and
formulation and in Section [3.4.1]devoted to hospital instance description.

3.1.3 Contribution of the work

From a methodological point of view, the IJORPS has been generally conceived
as a combinatorial optimization problem with multiple objectives, such as:
maximizing the utilization of ORs, minimizing the number of the postponed
surgeries, minimizing the overtime work of the ORs and of the surgeons, max-
imizing the patient satisfaction, etc.. This problem, as widely known, is NP-
Hard and it can lead to some severe inefficiencies in the OR management if it
is not solved appropriately [226, [71].

As widely discussed in the following, the literature on this topic is exten-
sive and diverse, with contributions varying in both the solution approaches
employed and the specific real problems investigated. However, there re-
mains a limited body of literature addressing the integration of emergency
management during the off-line planning of elective patients within a shared
room policy. To the best of the author’s knowledge, works explicitly address-
ing this aspect, albeit in a less stringent version than ours, are discussed in
(292147, [187].

On this basis, this work, building upon the one presented in [40], aims to
contribute to the literature in the field by the following advancements:
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1. presenting a compact and efficient Integer Linear Programming (/LP)
formulation of the JORPS problem under investigation, integrating the
20-minutes strict responsiveness requirement into off-line planning for
emergency management;

2. introducing a novel objective function based on the definition of a
surgery priority index, envisaging surgery severity and duration, to meet
the daily scheduling priority criterion used by the hospital;

3. proposing a unified /LP modeling framework allowing the hospital to
easily evaluate the usage of the different OR management strategies.

The proposed objective function differs from typical cost-based ones pro-
posed in the literature, reflecting the obligation of accommodating patients in
Italian public hospitals, despite budget constraints.

It is noteworthy that hospitals do not often modify their scheduling poli-
cies, given that such changes entail long-term strategic decisions. Specifically,
due to specialized equipment needed, in most cases hospitals use block or
modified-block strategies. Instead, open strategies are infrequently used as
they require operating rooms equipped with setting for all specialties. How-
ever, as occurred during the COVID-19 pandemic, the surgery demand was
characterized by a great variability, and many hospitals needed to frequently
re-think and adapt their scheduling policy and OR usage on the basis of a con-
tingency plan. Thus, the motivation behind the latest contribution consists in
supporting hospital executives in these decisions. Hence, the motivation be-
hind the latest contribution lies in providing support to hospital executives in
making these decisions.

In light of the preceding discussion and following the classification pro-
posed in [256]], our work falls within the category of practice-oriented research.
In this context and in alignment with the hospital’s comprehensive objective of
implementing an automated solution for their JORPS problem, the proposed
approach has been integrated into a prototype tool utilizing off-the-shelf opti-
mization solvers. This tool, currently undergoing the validation phase at the
hospital, has been tested on real instances provided by the local hospital in
Naples. The results, evaluated in terms of both objective function and compu-
tation time, demonstrate its applicability as an effective decision support tool
for the hospital.
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3.1.4 Structure of the work

The paper is organized as follows. In Section we provide the literature
review on JORPS problem. Section [3.3] details the specific problem tackled
in this work and is devoted to related mathematical formulation. Section
reports and discusses the experimental results. Finally, in Section [3.5] some
conclusions and future research directions are outlined.

3.2 Literature Review

Optimization problems in healthcare have received considerable attention for
over three decades [231]]. Moreover, the literature addressing /ORPS is notably
extensive, as evidenced by numerous survey works on the subject published in
the last 15 years [63} (124, 256 321}, 226]].

In this section, our focus is on the IORPS at the operational level, which,
as mentioned above, encompasses two decision sub-problems, i.e., the ADP
and the ALP. Considerable research has explored /ORPS in its more com-
prehensive form, addressing both sub-problems simultaneously, or tackling
each sub-problem individually. For the sake of the brevity, we concentrate
on contributions from the former group in the subsequent discussion, while
we do not revise the literature related to each sub-problem. Interested read-
ers are addressed to the following state-of-the-art contributions in the field:
(12501108160} 61] for the ADP and [292, 95| [179] 26] for the ALP.

Two main approaches have been proposed in the literature for the IORPS:
sequential and integrated. The sequential approach assumes a hierarchy be-
tween the two sub-problems and solves them in sequence. Significant contri-
butions on the topic are presented in [144} (109, 23] 147, 168 320]. In particu-
lar, the work presented in [S]] envisages also a rolling horizon for re-scheduling
activities.

However, it is widely recognized that sequential approaches can have sig-
nificant drawbacks in defining efficient and effective solutions due to the mu-
tual dependency between the two sub-problems [[63]]. Integrated approach si-
multaneously solves the two IORPS sub-problems. Literature on the topic is
rich and, as discussed in [272 [250], from the methodological point of view,
contributions mainly fall in the area of mathematical programming, heuristics
and metaheuristics, constraint programming and decomposition techniques.

Regardless of the methodology employed, contributions mainly differ in
the way they consider two types of uncertainties, specifically, those pertain-
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ing the surgery duration surgery and non-elective patients management (emer-
gency arrivals).

Concerning the first issue, as noted in the cited surveys, a majority of con-
tributions adopt a deterministic approach to surgery duration. This choice is
often justified by the inherent complexity of the IORPS problem, even in its
deterministic form. Moreover, as discussed in [294, [245] and recently in [27],
a pragmatic approach is commonly adopted by the majority of hospitals in for-
mulating off-line the baseline schedule for elective patients. Thus, determin-
istic surgery duration values are regularly considered. These values typically
derive from the time series average duration of specific surgeries or are directly
provided by surgeons who are aware of severity of the surgery and the clinical
status of the patient. This choice is coherent with the understanding that the
baseline schedule serves as a provisional plan for surgeries, subject to adjust-
ments based on unforeseen events such as prolonged durations, cancellations,
or the arrival of emergency cases.

Numerous contributions have addressed the off-line deterministic version
of the IORPS, with notable contributions from [249, 244, 176, 298|, 1177, 1136,
250, [27]], which, in their chronological sequence, stand as essential references
in the literature. It is worth noting that the majority of these contributions ad-
dress a richer and more complex variant of the IORPS, often driven by practical
applications. However, we highlight that none of them explicitly incorporate
the management of non-elective patients.

The challenge posed by non-elective patients has been treated in two dif-
ferent ways. One approach involves proactively establishing an off-line base-
line schedule for elective patients that is responsive to unforeseen emergency
arrivals. Alternatively, there is the development of on-line re-scheduling algo-
rithms, as made in [26], aimed at efficiently handling such situations. Obvi-
ously, the two approaches can be used in tandem.

In the following discussion, our focus will be on the first group of ap-
proaches. While managing uncertainty naturally implies the use of stochastic
approaches, the literature on off-line stochastic /JORPS remains limited, as dis-
cussed in the cited surveys. Noteworthy contributions in this context include in
[159, 283]]. Remaining within the deterministic framework, the management
of emergency arrivals has led to the conceptualization of the BIM and BII con-
cepts in [292]. Starting from this work, several contributions have explored
BII and BIM, e.g., [112,147]. Additionally, we reference the work presented
in [[187]], where the introduction of buffer times addresses some limitations of
the BII and BIM approaches.
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Building upon the preceding discussion, we can affirm that our work is
related to the proactive off-line deterministic JORPS. It can be considered as a
specialized case of [[187]], differing in the way emergency insertion is ensured.
More precisely, the hospital under consideration wants to manage all emergen-
cies within a narrow time-window of 20 minutes. As a result, the proactive off-
line schedule has to be capable of accommodating the initiation of emergency
treatments within this crucial window. Furthermore, our work distinguishes
itself from the existing literature through the choice of the objective function.
While existing works in the literature primarily concentrate on cost minimiza-
tion, our approach involves an objective function that is patient-oriented, in
line with the obligations of public hospitals.

On this basis, we propose an original /LP formulation that extends the one
presented in [46], derived from [244], to take into account all these aspects.

In conclusion of this section it is also important to observe that most of
the JORPS contributions are derived from real-world applications, which are
highly specific to each hospital’s structure, resources, objectives, and internal
regulations. Although there are common features and practices shared among
hospitals in different countries, each contribution is designed to address a par-
ticular variant of the JORPS, making it difficult to apply the proposed method-
ologies without significant modification. This is also mentioned in [[185} 272]]
where a classification of the works on a geographical basis is provided.

3.3 Problem Definition and Formulation

This section is devoted to the presentation of the ILP formulation for the
IORPS problem under investigation. Before going into mathematical details,
we summarize the key guidelines and requirements employed by the hospital
in the off-line manual definition of the elective patient schedule.

The elective weekly schedule must adhere to:

1. Maximizing the number of surgeries performed.

2. Sequencing elective surgeries prioritizing the most severe and long-
lasting ones. In other words, most severe and longest surgeries should
be scheduled as early as possible within the planning horizon of a given
day.

3. Preserving a specified percentage of each OR’s capacity during the plan-
ning stage. Thus, a slack time is allocated for each OR.



3.3. PROBLEM DEFINITION AND FORMULATION 101

800 9:00 10:00 11:00 8:00 9:00 10:00 11:00

OR1 surgery 1 I { surgery 4 I : OR1 surgery 1 I { surgery 4 ] :
OR2 surgery 2 I surgery 5 0R2 surgery 2 surgery 5
OR3 ! i { surgery 3 ] [surgery 6 OR3 ! { surgery 3 i [surgery 6
8,=40 min
(a) Feasible schedule (b) Unfeasible schedule

Figure 3.1: Toy example of a surgery scheduling, with 6 surgeries, 3 ORs, 3
surgical specialties and 9 periods

4. Managing all the potential emergencies within a predefined WTT. In
other words, ensuring that either an OR becomes available within a time
equal to or less than the WTT, or there is an unoccupied OR ready for
use at any time.

5. Performing surgeries within predefined work shifts without any over-
time.

The initial two points represent guidelines that the hospital adheres to in
order to optimize its performance. The other ones pertain to the requirements
that must be met in the settings of the OT.

For the sake of clarity, we provide additional explanation for the third and
fourth requirements. Concerning the third one, we highlight that the base-
line schedule relies on estimated duration of surgeries, yet unforeseen compli-
cations or events may extend the actual duration beyond initial expectations.
Additionally, emergency arrivals may increase the number of surgeries to be
performed. To address these issues, the hospital strategically allocates only a
percentage of each OR’s capacity during the planning stage to minimize the
chance of postponements.

Regarding the fourth guideline, we provide an illustrative toy example. Let
us consider the schedule of six surgeries over a planning horizon, as shown in
Figure 3.1l The schedule in Figure adheres to a WTT of 20 minutes.
Specifically, surgery 1 and surgery 2 begin at 8 : 00 in OR1 and OR2,
respectively, while surgery 3 is scheduled at 8 : 40. It cannot be scheduled
earlier without violating the 20-minute W17 if an emergency arises between
8 : 00 and 8 : 40, as shown in Figure [3.Tb]

It is evident that these requirements impacting the elective schedule result
in underutilization of the ORs. While the practice of keeping ORs unoccupied
in anticipation of unforeseen elective surgeries may seem unconventional [26],
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it is an acceptable solution for the hospital. As mentioned above, the emer-
gencies predominantly handled by the hospital are of a highly critical nature,
leaving no room for acceptable delays.

Finally, we observe that resources other than the ORs (e.g., beds) do not
limit the surgical activity of the OT.

On this basis, the rest of the section is organized as follows: Section [3.3.1]
outlines the problem settings, while Section [3.3.2] provides the mathematical
formulation for the block strategy; Section [3.3.3]discusses its adaptation to the
modified-block and open strategies; finally, Section[3.3.4]presents two variants
of the model. For the sake of generality, the mathematical formulation will be
presented without explicitly referring to the specific hospital under investiga-
tion.

3.3.1 Problem Setting

Let us consider a generic surgery department, where the set of available op-
erating rooms and surgical specialties are denoted by R and S, respectively.
The department operates on a time horizon of one week, divided into days and
periods, represented by sets D and P, respectively. Finally, the set of surgeries
composing the weekly waiting list is denoted by I.

Based on this setting, we define several parameters. In particular, each
surgery ¢ € I is characterized by five parameters: clinical weight w;, duration
in time periods A;, number of days of hospitalization required before and after
the surgery €, and e;r, respectively, and the penalty for an unscheduled surgery
;.

Furthermore, we define a parameter, denoted as B,, for each specialty
s € S that represents the number of available beds. In addition, two more pa-
rameters are defined: d., which specifies the WIT value, and a € [0, 1], which
indicates the allowed percentage of OR utilization in terms of time slots.

Finally, we use three matrices to express more complex relationships
among the defined sets:

1. €: this matrix links a surgery ¢ € I to a surgical specialty s € S. Its
generic element o, is equal to 1 if surgery ¢ belongs to the specialty s,
and 0 otherwise.

2. M: this is a four-index matrix linking sets R, S, P, and D, representing
the used master surgery schedule. Its generic element M,.,45 is equal to
1 if the period p € P onday d € D of operating room r € R is assigned
to specialty s € S, and 0 otherwise.
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3. C: this is a four-index matrix linking all the defined sets and expressing
the clinical priority of a surgery as a function of its clinical weight, du-
ration, and starting time. Its generic element ;4 can be computed as

follows:
p+A;—1 w2
Cipar =Y _0is ~- Mywas VielLpePdeDreRseS
ses k=p

(3.1)

By construction, the Cj,q, value associated with a generic surgery i
(where ¢ € I) decreases throughout the day.

For the sake of readability, the problem setting is summarized in Table3.1]

Table 3.1: Notation used for the IORPS formulation

Problem setting notation

Sets

1 set of surgeries

R set of ORs

S set of surgical specialties
D set of days of time horizon
P set of periods

Parameters:
Wy severity of surgery ¢
v, penalty for not scheduling surgery
A; total time required by surgery
e emergency time threshold
Ois equal to 1 if surgery ¢ belongs to specialty s, O otherwise
ef number of days of hospitalization after surgery ¢
g number of days of hospitalization before surgery
M pas equal to 1 if OR r is reserved to specialty s on period p of day d,
0 otherwise
Cipdr weight for scheduling the surgery ¢ of the specialty s,
in the period p, of the day d, of the room r
By beds available for the specialty s
« € [0, 1] safety coefficient that represent the wanted percentage

utilization of the operation room
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3.3.2 IORPS-ILP formulation for the block strategy

In accordance with the notation presented above, we introduce a binary
decision variable, denoted by x;p4-, which takes a value of 1 if the surgery
1,1 € I is scheduled to start in room r,r € R, during period p,p € P of day
d,d € D, and 0 otherwise.

Based on this, the IORPS problem can be formulated using the following
ILP model, referred to as the IORPS-ILP:

maxz Z Z Z CiPdT Lipdr — Z 1 - Z Z Z xzpdr \Ijz (3.2)

i€l pePdeDreR pePdeDreR

s.t.
S wpar <1 Viel (3.3)

pePdeDreR

p
Y zgar <1 Vpe P, de D,r e R (3.4)
iel k=p—A;+1
>N Aiwigar < [ |PY] Yd € D,r € R (3.5)
i€l peP

p

Z Z Z Tikar < |R| =1 Vpe P,de D

161‘A2>59 reR k:p—AH—ée ‘k—‘—Al—l;ép
3.6)

ot
ZZZ Z Tip(dtt)r Tis < Bs Vde D,se S

i€l pePreR 4—g—
l 3.7
Viel,pe Pde D,
re€R,s€ S|los=1
3.8)
Viel,peP,

deD,reR
(3.9

p+A;—1
Lipdr 5 Mrkds = Aixipdr

Tipdr € {0, 1}
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The objective function (3.2) consists of two terms. The first one prioritizes
the scheduling of surgeries during the day based on clinical priority. Indeed,
by computing Cj,q, in a specific manner, the model attempts to schedule high-
priority surgeries as early as possible within the day. The second term aims to
maximize the total number of surgeries performed.

Constraints (3.3) ensure that each surgery is scheduled at most once. Con-
straints ([3.4) prohibit overlapping surgeries. Constraints (3.5) require that each
operating room has at least [(1 — «) % p| empty time slots left. Constraints
ensure that any occurring emergency can be handled within the prede-
termined time limit. Constraints ensure that a surgery is scheduled only
if there are sufficient beds available for hospitalization in the respective surgi-
cal department. Finally, constraints (3.8)) enforce compliance with the block
strategy, ensuring that a surgery is scheduled only in an OR period designated
for its specialty. Finally, constraints (3.9) specify the nature of the decision
variables.

3.3.3 IORPS-ILP formulations for Open and Modified-Block
strategies

This section describes two adaptations of the JORPS-ILP model to the open
and modified-block strategies. For the first adaptation, the /ORPS-ILP can be
easily modified to handle the open strategy by setting the matrix M to a matrix
of ones. Then, constraints ensure that any scheduled surgery is completed
within the work shift.

The second adaptation, however, requires the definition of a new matrix
M, a reshaping of the matrix C, and the modification of constraints .

Specifically, let M be defined as the complement of the matrix M. The
generic element M’rpds equals 1 if the room » € R on day d € D and period
p € P isnot assigned to specialty s € S in the master surgical schedule, and 0
otherwise.

To reshape the matrix C, we need to introduce an additional parameter: 3.
Accordingly, the generic element ;- is computed as follows:

p-i-Ai—l ) .
w? 8 — Viel,peP,
Cz’pdr = ZO’is Z (?ZMrkds + E Mrkds) de D,’r c R7 s e g

sesS k=p
(3.10)

where (3 is a constant parameter representing the surgical weight of a surgery
performed in a block not dedicated to its specialty. Its value is strictly lower
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than min C. This choice ensures that we first try to schedule surgeries accord-
ing to the master surgical schedule and then schedule those that do not comply
with it.

Finally, the introduction of M requires modifying constraints as fol-
lows:

p+Az‘fl .
_ Viel,pe P,de D,
Lipdr Z (Mrkds + Mrk:ds) = Aixipdr (3.1D)

pr reR,se€Slois =1

In this way, surgeries that comply with the master surgical schedule, as
well as those that do not, cannot be performed outside the work shift. This
means that using overtime is not allowed during planning stage.

3.3.4 Variants of the IORPS-ILP formulation

In the proposed model, each room is used only for a percentage of its allowed
capacity. However, the free time slots can be spread on convenience overall
a day of the planning horizon. In this section, we describe a variant of the
IORPS-ILP where we impose that the free time slots must be consecutive.

To achieve this, we introduce a dummy surgery j* whose duration is equal
to [(1 — «) * |P|], representing the complement of the room’s allowed per-
centage utilization. Furthermore, we define the set I* = I U j*.

Then, the JORPS-ILP can be easily modified by removing constraints (3.5)
and introducing the following ones:

D Tjepar =1 Vde D,r € R (3.12)
p

Constraints (3.12) ensure that a dummy surgery is performed in each room
and each day, thereby ensuring that the free time slots are consecutive.

Furthermore, we can enahance this modification to ensure that the free time
slots in each available room do not overlap during a day. This can be achieved
by including the following constraints:

p
> wjkar <1 Vd € D (3.13)

T k:p—Aj* —+1

This condition enables a turnover of the ORs, which can be advantageous
in terms of flexibility in responding to emergencies. From a managerial per-
spective, it is similar to having a dedicated room for managing non-elective
surgeries, which provides an additional layer of contingency planning.
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3.4 Experimental Results

To validate the mathematical model proposed in Section [3.3] we tested it on a
set of instances derived from a real case study of a small hospital in Naples.
We are unable to provide detailed information due to a non-disclosure agree-
ment. This section is structured as follows: Section [3.4.1] provides details of
the real case study, Section [3.4.2] describes the settings of the instances used,
and finally, Section [3.4.3|reports the experimental results.

3.4.1 The Real Case Study of the Hospital in Naples

The hospital being investigated performs surgeries for six surgical special-
ties: cardiology, general surgery, gynecology, ophthalmology, orthopedics, and
senology. The hospital treats both elective and non-elective patients, and the
surgeries are performed in a surgery department consisting of four operating
rooms managed with a block strategy. The master surgical schedule used by
the hospital is shown in Figure[3.2]

MONDAY TUESDAY WEDNESDAY

8.00 - 14.00 {14.00 - 20.00 8.00 - 14.00 [14.00 - 20.00 | 8.00 - 14.00 {14.00 - 20.00
T

OR

cardiology

general surgery

@

e

. gynaecology
. 1
e

a@

THURSDAY FRIDAY SATURDAY
8.00 - 14.00 [14.00 - 20.00 | 8.00 - 14.00 [ 14.00 - 20.00 ] 8.00 - 14.00 [14.00 - 20.00

or |

opht

orthopaedics

senology

Figure 3.2: Master surgical schedule used for the case study

All the rooms are used from Monday to Friday, from 8:00 to 20:00. On
Saturday, Rooms 1, 3, and 4 are also used from 8:00 to 14:00, while room 2 is
used only for emergencies.

During the planning stage, no elective surgery can be scheduled in over-
time in any OR. Howeyver, in practice, overtime can be used to manage unex-
pected events such as emergency surgeries and surgical complications.
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The clinical weight assigned to each surgery is defined in terms of two
medical parameters: ASA (American Society of Anesthesiologists) and NHS
(National Institute for Health and Care Excellence).

The ASA index provides information about the health status of a patient
undergoing surgery or standing for it. It uses a classification into 6 levels [12]]:

* 1: no organic, biochemical, or psychiatric alteration;
* 2: mild systemic disease;
* 3: severe but not disabling systemic pathology;

* 4: severe systemic disease with a severe prognosis that affects survival
regardless of intervention;

* 5: adying patient who will not survive the next 24 hours, who undergoes
surgery as a last chance;

* 6: a patient declared brain dead lying bodies aimed at explant.

Patients with an ASA index between 1 and 3 are classified as elective pa-
tients, while values 4 and 5 are used for non-elective cases, requiring immedi-
ate decisions.

The NHS index provides information about the complexity of a surgical
procedure and uses a classification into 4 degrees [203l]:

* 1: minor surgery (such as removal of a skin lesion or drainage of a breast
abscess, etc.);

* 2: medium surgery (such as primary repair of an inguinal hernia, re-
moval of varicose veins in the leg, etc.);

* 3: medium-high surgery (such as full hysterectomy, partial removal of
the prostate, removal of the thyroid, etc.);

* 4: high-very high surgery (such as total joint replacement, lung opera-
tions, removal of part of the liver, etc.).

The hospital defines the priority of each elective patient based on their ASA
and NHS values. The surgeons decide the priority based on their experience.
According to the hospital’s directives, surgeries should be scheduled following
the decreasing clinical priority order during the day. Surgeries with the highest
clinical priority are scheduled in the first hours of the morning, while surgeries
with the lowest clinical priority are scheduled in the latest hours of the evening.
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The motivation for this choice is twofold. On the one hand, surgeries per-
formed in the morning are least likely to be postponed during the day and in
the following days. On the other hand, high-priority surgeries generally re-
quire longer monitoring activities, which can be more easily managed during
the regular work shift than during the night one.

3.4.2 Real Instances Setting

The hospital has provided information about surgeries performed over a period
of 30 weeks. Specifically, for each surgery, the following information was
provided:

1. ASA and NHS indicators;
2. Duration and cleaning time required in minutes;
3. Reference surgical specialty.

Based on this information and interaction with the surgery department
manager, we have been able to customize the problem setting defined in Sec-

tion 3.3t

* The planning horizon has been divided into 36 time slots of 20 minutes
each from 8:00 to 20:00. This decision is consistent with the surgery
duration, including cleaning activities;

¢ The value of « has been set to 0.82;

* The weight w; is computed as the product of the ASA and NHS indexes,
which is consistent with the surgeon practice;

e The value of 8 has been set to 0.25 since the minimum value of an
element of C can be equal to 0.28(1/36);

e The value of ¥; has been determined by performing a tuning phase to
balance the two objective function components;

* The value of . has been set to 20 minutes;

+ The matrices M and M have been set according to the master surgical
schedule shown in[3.2}

* The matrix C has been computed based on the defined setting according
to the expressions described in Section [3.3]
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* Upon analyzing the hospital data, it was found that the number of avail-
able beds for each specialty does not represent a bottleneck for the surg-
eries to be scheduled. This has been validated by the hospital personnel,
and for this reason, these values have been set large enough not to affect
the surgery schedule.

Regarding the setting of the value d., i.e., the value of the WTT, further
discussion is needed. As discussed in [243], medical emergencies can have
five levels ranging from level 1 (critical) to level 5 (not urgent). Each level
corresponds to a maximum waiting time before treatment: level 1 requires im-
mediate treatment, level 2 requires treatment within 15-20 minutes, and so on.
Therefore, the chosen value is consistent with this classification and, based
on hospital surgeon experience, ensures an appropriate response time to emer-
gency.

3.4.3 Computational Results of IORPS-ILP Formulations

In this section, we present and discuss the computational results of the exper-
imentation performed to validate the proposed IORPS-ILP. The experimenta-
tion has a twofold objective. Firstly, it aims to demonstrate the usability of
the proposed approach with the three previously defined scheduling strategies
and the effect of the WTT. On this basis, we provide managerial insights that
can be used either in the definition of a new master surgical schedule or in
the validation of the current one. Secondly, the experiment compares the three
scheduling strategies in terms of emergency management, highlighting their
benefits and drawbacks.

Concerning the effect of the WIT constraints (constraints (3.6)), its eval-
uation has been performed experiencing the IORPS-ILP in three additional
variants:

* IORPS-ILP,, obtained removing constraints (3.6) from JORPS-ILP;

* [ORPS-ILP™?, modifying the objective function of IORPS-ILP in order
to maximize the number of scheduled surgeries, i.e., using the follows
expression:

maxz Z Z Z Tipdr (3.14)

icl pcPdeDreR

* IORPS-ILP;**, obtained removing constraints (3.6), as done in JORPS-
ILP,, and modifying the objective function, as done in /ORPS-ILP™?,;
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Each of the proposed formulations was solved using Gurobi 9.0.1 as /LP
solver in its default settings. All instances were run on an Intel i7, 2.60GHz
processor with 16.00GB of RAM and a time limit of 3600 seconds. Addi-
tionally, these formulations are implemented in the Python language to enable
integration into the optimization tool, which is also developed in Python 3.

For completeness, in Figure [3.3] we present a sample solution generated
by the proposed approach for a real working week.

Surgery Scheduling, Day: 1 Surgery Scheduling, Day: 2

Surgery Scheduling, Day: 5 Surgery Scheduling, Day: 6

Operating Rooms

Figure 3.3: Example of the proposed approach output

Comparison among OR Management Strategies

Tables[3.2] [3.3] and [3.4]present the results of the experimentation for the block,
modified-block, and open scheduling strategies, respectively. Each table dis-
plays the following information:

¢ Instance ID;
» Number of elective patients in the waiting list (|I|);

* %SgS: Percentage of scheduled surgeries from the waiting list;
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* %OUt: Percentage of OR department utilization in terms of periods used
for surgeries

* Time: Running time (in seconds)

* %Gap: Optimality gap (%Gap = 1 - lower bound / upper bound)

As a general comment to the results, we highlight that all proposed for-
mulations, including the variants, have been solved to near optimality or op-
timality within the designated time limit. This confirms the effectiveness of
the proposed formulations and their usability in the weekly planning of the
hospital.

Table which refers to the block strategy, shows that all four vari-
ants of the JORPS-ILP provide good results in terms of scheduled surgeries,
with %SgS values around 94.5%. The effect of surgery priority on the over-
all number of scheduled surgeries can be observed by comparing the results
of IORPS-ILP and IORPS-ILP™? to those of IORPS-ILP, and IORPS-ILP]*’.
We observe that neglecting surgical priority leads to a very slight increase in
the total number of scheduled surgeries in only a few instances. This confirms
that the tuning of the two objective function components has been performed
effectively.

A similar discussion can be made for the modified-block strategy, consid-
ering the results of Table[3.3] For all four models, the percentage of scheduled
surgeries is around 98.5%, on average, and the effect of the two objective func-
tions is negligible.

Finally, we can derive from Table[3.4]that the behavior of the open strategy
is similar to the other two strategies. We experience again a high %SgS value,
which is around 98.5%, and the effect of surgical priority is still negligible.

To conclude this section, it is important to compare the effect of the strate-
gies on the weekly surgical schedule. As expected, the average percentage of
scheduled surgeries and the average operating room utilization of the block
strategy are lower than the values obtained by the modified-block and open
strategies, confirming the higher flexibility of the latter two. However, from
the experimentation performed, we observe that the modified-block strategy
performs surgeries related to at least three different specialties in the same
room and in each block of the day (morning or afternoon). This situation is
even more pronounced in the open strategy, where we observe an average of
four different specialties in each room and in each block of the day. As a
consequence of such spreading of the specialties in each room and day, higher
coordination is required among all involved personnel and surgeons and a more
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complex management of the workload and shifts from one specialty to another,
due to room setup.

On this basis, the results of our approach confirm the effectiveness of the
master surgical schedule already used by the hospital. It shows good com-
promise solutions between different hospital needs and provides solutions that
are very close to the modified-block and open strategies in terms of scheduled
surgeries and room utilization.

WTT and Emergency Management Evaluation

This section aims to demonstrate the importance of integrating the WTT in
terms of responsiveness to incoming emergencies.

To achieve this aim, we computed two indicators, denoted as M), and ¥,
for the IORPS-ILPr and the IORPS-ILPr™* variants. M,, corresponds to the
maximum number of time periods an emergency has to wait before it can be
scheduled, while X, counts the number of time periods in which it is not pos-
sible to handle an emergency within the WTT. These values are computed by
simulating the arrival of an emergency in each period of the time horizon. It
should be noted that these values are not evaluated for the JORPS-ILP and
IORPS-ILP™* as constraints (3.6) ensure that these M, and X, values are al-
ways equal to 1 and 0, respectively.

Table [3.4] reports the results of JORPS-ILPr and the IORPS-ILPr™° in
terms of X, and M), for each instance and strategy.

Based on the observations from Tables and [3.3] we note that,
on the one hand, regardless of the strategies used, comparing the results of
IORPS-ILPr and the IORPS-ILPr™® with those of the IORPS-ILP and IORPS-
ILP™%, the first two models return slightly higher %SgS and %OUt. On the
other hand, emergencies may not always be handled within the WTT. Specifi-
cally, for the block strategy, the IORPS-ILPr has an average value of 4 and 6
for M,, and X, and a maximum of 7 and 10, respectively. We report a similar
situation for the JORPS-ILP*®, with average values of 4 and 5 for M, and
>p, and maximum values of 7 and 9, respectively. For the modified-block and
open strategies, we observe a similar but even more pronounced trend. Indeed,
for the modified-block strategy, the IORPS-ILPr has an average value of 5 and
10 and a maximum value of 7 and 18 of M), and X, respectively. The IORPS-
ILPr™? has similar average values of M, but with a maximum 33, of 20. For
the open strategy, the observed values of M), and Y, are on average of 6 and
19 for the IORPS-ILPr and 5 and 11 for the IORPS-ILPr™*, with maximum
values of 9 and 26 for the IORPS-ILP,. and 7 and 20, respectively.
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We would like to point out that a maximum wait of 9 periods corresponds
to almost 2 hours and 30 minutes, and this could lead to severe and unac-
ceptable consequences on the health of patients. In conclusion, we can affirm
that the increment in the percentage of surgeries scheduled obtained without
considering the WTT is negligible compared to the ensured responsiveness to
emergencies.
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Table 3.3: Results for modified-block strategy

CHAPTER 3. ILP FOR OFFLINE IORPS

INSTANCE IORPS IORPS - IORPS™™® ~0-§wﬁ3m
D | 1] %SgS %O0Ut % Time Gap %SgS %O0Ut Time Gap %SgS %O0Ut % Time Gap %SgS %O0Ut Time Gap
INST1 143 1.00 0.82 468 0.00 1.00 0.82 107 0.00 1.00 0.82 44 0.00 1.00 0.82 32 0.00
INST2 139 0.99 0.81 3624 1.03 0.99 0.81 579 0.00 0.99 0.81 51 0.00 0.99 0.81 38 0.00
INST3 164 0.95 0.82 3624 0.64 0.96 0.82 594 0.00 0.96 0.81 52 0.00 0.96 0.81 39 0.00
INST4 125 1.00 0.74 417 0.00 1.00 0.74 51 0.00 1.00 0.74 29 0.00 1.00 0.74 33 0.00
INSTS 160 0.98 0.82 3625 0.18 0.98 0.82 677 0.00 0.98 0.81 51 0.00 0.98 0.81 44 0.00
INST6 146 0.98 0.81 2476 0.00 0.98 0.81 61 0.00 0.98 0.81 49 0.00 0.98 0.81 38 0.00
INST7 162 0.95 0.82 3641 1.35 0.95 0.82 3636 1.24 0.95 0.81 57 0.00 0.95 0.81 39 0.00
INST8 136 1.00 0.79 4013 0.04 1.00 0.79 270 0.00 1.00 0.79 43 0.00 1.00 0.79 30 0.00
INST9 164 0.93 0.82 3626 0.72 0.93 0.82 615 0.00 0.93 0.81 60 0.00 0.93 0.81 38 0.00
INST10 155 0.97 0.82 3626 0.82 0.97 0.82 706 0.00 0.97 0.82 58 0.00 0.97 0.82 36 0.00
INST11 136 1.00 0.70 279 0.00 1.00 0.70 37 0.00 1.00 0.70 33 0.00 1.00 0.70 28 0.00
INST12 149 0.99 0.82 2345 0.00 0.99 0.82 84 0.00 0.99 0.82 59 0.00 0.99 0.82 40 0.00
INST13 129 1.00 0.68 78 0.00 1.00 0.68 29 0.00 1.00 0.68 31 0.00 1.00 0.68 41 0.00
INST14 133 0.99 0.81 3622 0.36 0.99 0.81 649 0.00 0.99 0.81 58 0.00 0.99 0.81 34 0.00
INST15 137 1.00 0.77 365 0.00 1.00 0.77 37 0.00 1.00 0.77 37 0.00 1.00 0.77 28 0.00
INST16 141 0.99 0.82 984 0.00 0.99 0.82 199 0.00 0.99 0.82 52 0.00 0.99 0.82 35 0.00
INST17 157 0.94 0.82 3624 0.12 0.94 0.82 523 0.00 0.94 0.82 51 0.00 0.94 0.82 38 0.00
INST18 162 0.94 0.82 3626 0.09 0.94 0.82 1480 0.00 0.95 0.82 51 0.00 0.95 0.82 41 0.00
INST19 159 0.97 0.82 3624 0.08 0.97 0.82 485 0.00 0.97 0.82 51 0.00 0.97 0.82 35 0.00
INST20 137 1.00 0.78 797 0.00 1.00 0.78 58 0.00 1.00 0.78 33 0.00 1.00 0.78 29 0.00
INST21 110 1.00 0.66 46 0.00 1.00 0.66 32 0.00 1.00 0.66 25 0.00 1.00 0.66 27 0.00
INST22 149 0.97 0.81 3625 1.45 0.97 0.82 3627 0.49 0.97 0.81 55 0.00 0.97 0.81 34 0.00
INST23 128 1.00 0.68 341 0.00 1.00 0.68 34 0.00 1.00 0.68 29 0.00 1.00 0.68 32 0.00
INST24 130 1.00 0.74 123 0.00 1.00 0.74 52 0.00 1.00 0.74 29 0.00 1.00 0.74 29 0.00
INST25 122 1.00 0.67 277 0.00 1.00 0.67 38 0.00 1.00 0.67 36 0.00 1.00 0.67 26 0.00
INST26 139 1.00 0.78 1306 0.00 1.00 0.78 35 0.00 1.00 0.78 33 0.00 1.00 0.78 30 0.00
INST27 142 1.00 0.77 357 0.00 1.00 0.77 88 0.00 1.00 0.77 37 0.00 1.00 0.77 29 0.00
INST28 132 1.00 0.72 339 0.00 1.00 0.72 31 0.00 1.00 0.72 34 0.00 1.00 0.72 28 0.00
INST29 143 0.99 0.81 3624 0.9 0.99 0.82 620 0.00 0.99 0.81 47 0.00 0.99 0.81 35 0.00
INST30 137 1.00 0.76 52 0.00 1.00 0.76 42 0.00 1.00 0.76 33 0.00 1.00 0.76 29 0.00
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3.4. EXPERIMENTAL RESULTS
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Table 3.5: Emergency management threshold comparison

INSTANCE BLOCK MOD-BLOCK OPEN
IORPS-ILP, | TORPS-ILP]"° | IORPS-ILP, | IORPSILP"° | IORPS-ILP, | IORPS-ILP"°
D 1 | My 2, | My =, M, =, | My %, M, %, | My %,
INSTT 143 5 4 3 q 3 6 3 2 6 25 3 2
INST2 139 | 4 7 5 9 6 13 5 11 6 25 5 11
INST3 164 | 7 8 4 4 5 9 4 7 5 18 4 7
INST4 125 5 10 5 8 4 11 6 18 6 19 6 18
INSTS 160 | 7 7 3 1 7 8 4 6 5 21 4 6
INST6 146 5 10 5 9 6 12 4 9 6 2 4 9
INST7 162 5 10 5 6 6 8 4 4 7 18 4 4
INSTS 136 | 4 2 4 3 4 9 7 19 5 17 7 19
INST9 164 3 2 5 4 4 13 4 7 7 20 4 7
INSTIO 155 3 3 4 4 5 10 4 5 6 20 4 5
INSTII 136 | 4 4 3 1 4 5 5 9 4 12 5 9
INSTI2 149 | 4 5 4 8 5 11 4 8 5 20 4 8
INSTI3 129 | 4 5 3 1 3 2 5 14 5 9 5 14
INSTI4 133 5 8 4 6 6 13 6 8 6 26 6 8
INSTIS 137 5 6 4 6 4 9 4 12 9 23 4 12
INSTI6 141 4 7 4 2 7 18 5 12 5 2 5 12
INSTI7 157 5 7 4 4 5 11 5 8 4 21 5 8
INSTIS 162 5 10 4 4 4 10 6 9 6 23 6 9
INSTI9 159 3 5 5 4 5 13 4 9 4 11 4 9
INST20 137 3 7 6 6 4 1 5 20 9 19 5 20
INST21 110 5 3 6 5 5 8 4 13 5 16 4 13
INST22 149 | 4 7 3 3 4 10 4 7 7 21 4 7
INST23 128 6 8 4 4 6 7 4 10 4 14 4 10
INST24 130 3 2 3 2 4 5 5 13 5 21 5 13
INST25 122 5 8 7 8 6 11 5 13 4 15 5 13
INST26 139 3 2 4 4 5 12 5 15 6 16 5 15
INST27 142 3 3 4 2 4 7 4 13 5 18 4 13
INST28 132 5 8 4 3 4 6 4 10 6 17 4 10
INST29 143 4 4 4 3 4 15 4 8 5 2 4 8
INST30 137 5 5 5 8 5 6 6 18 5 18 6 18
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3.5 Conclusions

In this study, we presented an /ORPS problem arising in a local hospital in
Naples. The problem includes specific strict requirements for emergency man-
agement and potential surgery delays. We proposed a novel ILP modeling
framework, which allows the hospital to effectively perform the weekly elec-
tive schedule of its patients and simulate potential modifications of the master
surgical schedule. The performed experimentation demonstrates the usability
of the proposed approach, indicating its potential to replace the manual pro-
cedure currently made by hospital personnel. The proposed models constitute
also the core of an optimization-based prototypal tool, actually under evalu-
ation by hospital management. Future work perspectives encompass explor-
ing the scalability of the approach to larger hospitals, integrating an on-line
rescheduling procedure to handle emergency arrivals, and considering addi-
tional elements of the JORPS problem, such as staffing resources.






Chapter 4

Re-optimizing IORPS in case of
unexpected events: an online
approach

Addressing the complexities of non-elective surgeries in ORs scheduling re-
mains a challenge in healthcare optimization. Unlike elective surgeries, non-
elective cases introduce significant unpredictability. This chapter explores an
ILP approach to real-time OR re-scheduling, prioritizing efficiency and respon-
siveness. Using data from a Naples hospital, we demonstrate the efficacy and
practicality of this methodology in improving OR scheduling outcomes. We
underline that, throughout this chapter, readers may encounter elements and
concepts previously introduced in Chapter [3] However, such repetition serves
to ensure the self-contained comprehensibility of this chapter.

4.1 Introduction

In recent times, hospitals are facing the challenge of providing better and more
efficient services while containing costs within limits. This is especially true in
operating rooms (ORs), which are considered the financial backbone of mod-
ern hospitals as they bring together executives, doctors, nurses, and patients,
and also consume a significant portion of the hospital resources, including in-
frastructure and procurement [252]]. In most of the literature, the decisions
involved in OR planning and scheduling can be broadly classified into three
levels: strategic, tactical, and operational. At the strategic level, the prob-
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lems encompass medium- and long-term demand forecasting, as well as OR
time allocation to medical specialties/surgeons. This includes addressing ca-
pacity planning, capacity allocation, and case mix problems. The decision-
making process at this level covers a relatively extended period and involves
higher-level decisions. At the tactical level, the primary concern is cyclic OR
schedules, also known as the master surgical scheduling problem. At the op-
erational level, we recall that, the challenge typically involves the Integrated
Operating Room Planning and Scheduling (/ORPS, which requires determin-
ing the date, starting time, and specific resources allocated to each surgical
case. The IORPS primarily handles elective patients, meaning surgical proce-
dures that can be scheduled in advance. These patients are typically placed
on a waiting list and scheduled based on internal rules, policies, and perfor-
mance criteria, usually one or two weeks before the surgery. In the definition
of IORPS, great relevance is given to the utilization policies of ORs. The lit-
erature identifies three primary strategies: open, block, and modified-block.
An open strategy allows all surgeries to be scheduled in any OR on any day.
A block strategy structures the OR scheduling into surgical blocks, with each
block corresponding to a set of consecutive time periods. Each block is pre-
assigned to a specific surgical specialty and day in the planning horizon. The
modified-block strategy combines elements of both open and block strategies,
allowing under-utilized OR blocks to be used by different surgical specialties
to maximize OR usage [321]]. Generally, IORPS can encompass non-elective
patients in addition to elective ones. The non-elective patients are the ones
needing emergency surgical procedures that can not be scheduled in advance.
However, it is worth noting that the number of non-elective surgeries is typi-
cally lower than the elective. Non-elective surgeries are typically performed in
ORs that are either dedicated or shared. Dedicated rooms are exclusively set
aside for emergency cases, while shared rooms are used for both elective and
non-elective surgeries. This approach, as shown in [94]], allows for more effi-
cient utilization of operating resources but requires careful room management.
Given the unpredictable nature of non-elective patients, the number, arrival
times, and duration of emergency surgeries remain uncertain. However, delays
in addressing those surgeries can significantly increase patients risk of mor-
bidity and mortality. Furthermore, to further complicate the situation, many
emergency surgeries have response time requirements based on their severity.
In practice, operating block managers typically design an initial schedule for
elective patients at the end of each week for the following one. They select a
group of surgeries from a waiting list, taking into consideration various factors
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such as the length of time a patient has been on the waiting list, the clinical
priority of each surgery, and the hospital available resources. Then, the initial
schedule must then be quickly and iteratively adjusted in the event of unex-
pected developments. A poor handling of this task can result in ineffective
surgical programs that operate below capacity or that are unable to accom-
modate emergencies. Nevertheless, a study presented in [181] has shown that
a significant portion of patients requiring emergency surgery do not receive
timely access to operating rooms, with over 86% of delays being attributed
to systemic inefficiencies that could have been prevented. Ineed, despite the
best efforts in planning and scheduling, the findings from the study highlight a
significant gap in effectively handling emergencies, underscoring the need for
improved strategies in the JORPS to address the complexities and uncertain-
ties inherent in surgical scheduling, particularly in responding to unforeseen
emergencies and managing variable procedure durations.

The IORPS has been extensively studied in the literature. The majority
of research has focused on the offline problem of creating a weekly surgical
schedule, with any unforeseen contingencies being managed by hospital staff
on a daily basis. Recently, a new area of interest has emerged i.e., the need
to re-plan surgical schedules when emergencies arise that modify the original
one. This poses numerous challenges from both modeling and computational
perspectives. As mentioned earlier, the primary sources of unpredictability
within this field are the unexpected arrival of emergencies and the variability
in the duration of surgical procedures. However, it is worth noting that most
literature contributions focus on only one of these sources of unpredictability,
and typically plan for a single day.

To address the challenges of surgical scheduling, we propose an extension
of the approach presented in Chapter [3] This extension consists of a two-
phase Integer Linear Program (/LP) approach that balances efficiency and re-
sponsiveness. In Phase I, we design an initial weekly surgical schedule for
elective patients that takes into account unforeseeable events. In Phase II, we
re-optimize the schedule in response to exogenous and endogenous variations,
such as emergency arrivals or changes in surgery duration. The objective of
Phase II is to minimize the deviation of the new schedule from the initial one
while maintaining scheduling efficiency and responsiveness. To achieve this
objective, we integrate the two phases into an optimization tool. The tool aims
to re-schedule contingencies in a way that minimizes the impact on the overall
schedule. Specifically, it attempts to re-optimize surgeries on the same day
without affecting the schedule of other days. When this is not possible, the
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tool iteratively adds the following day to the rescheduling planning horizon
until the total horizon is reached. In summary, our proposed approach offers
a comprehensive solution to the complex problem of surgical scheduling, pro-
viding an efficient and responsive framework for managing unforeseen events
while minimizing disruption to the overall schedule. The proposed tool has
been tested and validated on real instances from a local hospital in Naples as
part of a research agreement between the University of Naples Federico II and
the hospital. The results show significant improvements in scheduling effi-
ciency by using this methodology as an off-the-shelf tool.

In a nutshell, we can summarize the contribution of this in developed an
ILP-based optimization tool for surgery scheduling, that aims at:

* Creating efficient weekly schedules for elective patients.
* Able to respond to emergency surgeries promptly.

* Adapting the schedule dynamically to changes and unforeseen events.

The tool operates in two phases:

* Phase I: Utilizes an ILP to formulate an initial schedule, emphasizing
surgeries with higher priorities and integrating emergency response con-
tingencies into the planning.

* Phase II: Re-optimizes the schedule from Phase I for unexpected events,
with the goal of minimal disruptions while maintaining emergency re-
sponsiveness.

To our knowledge, this is the first attempt to address the JORPS in an itera-
tive and real-time manner, utilizing an exact method that extends the planning
horizon beyond a single day and considering the unpredictable nature of both
emergency arrivals and surgery duration.

The reminder of the chapter is organized as follows. In Section 4.2] we
provide the literature review on deterministic Surgical Scheduling Problem
(IORPS). Section defines the problem under investigation. Section
is dedicated to presenting the mathematical formulations of the problem as
well as the optimization tool that is based on these formulations. Section }.5]
reports and discusses the experimental results. Finally, in Section 4.6] some
conclusions and future research directions are outlined.
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4.2 Literature review

Healthcare optimization problems have received significant attention in the
past few decades [231]. Among the topics covered, the literature concern-
ing the JORPS is remarkably broad and investigated by many surveys ([63]],
[227], [321])).

The problem of IORPS is typically approached from two perspectives. The
first perspective involves offline planning of surgeries assuming that all neces-
sary information is available at the initial stage, and the literature on this topic
is well-established.

On the other hand, the second perspective deals with the online problem of
IORPS, which complements the first one. In the following, we address offline
and online JORPS issues in a comprehensive way and examine the literature
on both subjects. It should be noted that our primary focus is on the literature
concerning /ORPS-on, which is the main topic of interest in this part. This
work builds upon the research presented in Chapter 3] where the literature on
IORPS-off was thoroughly examined.

The IORPS-on belongs to the broader topic of real time management
(RTM) of the ORs. The RTM was introduced in [93] where the authors pro-
posed a model, along with an online optimization algorithm to deal with the
IORPS in a reactive fashion, maximizing OR utilization and ensuring that each
patient is operated within the time limit set by their urgency level.

Despite the importance of the IORPS-on, it is a relatively recent and
scarcely investigated topic in the scientific community. It takes into account
two types of unpredictable issues: the arrival time of non-elective surgeries the
potential variation in the duration of both elective and non-elective surgeries
compared to their planned schedules. The majority of existing studies only
address the unpredictability of emergency arrival times, often overlooking the
potential fluctuations in the actual duration of surgeries.

In particular, [101], [25] and[186] only address the emergencies arrival
time unpredictability, while [271] takes into account both the issues of arrival
time and surgery duration.

In [1O1]] is proposed a mixed-integer linear programming (MILP) model
for rescheduling elective surgeries after an emergency arrival. Their formula-
tion considers on the one hand the overtime and the ORs costs while, on the
other hand, the cost of postponing or anticipating elective surgeries and the
cost of turning down the emergency patients. In other words, they can decide
to accept or not an emergency (deviate the emergency to another hospital). The
objective of their MILP model is to minimize the costs associated with post-
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poning and anticipating the elective surgery patients, declining the emergency
patients, and overtime of ORs and post-anesthesia care units.

In [25] the authors propose a stochastic programming model to deter-
mine the optimal policy for inserting emergencies into a predetermined sched-
ule. They assume that the elective surgeries can be delayed but can not be
moved to other ORs, and that the arrival pattern of emergencies follows a non-
homogeneous Poisson process. The objective is to minimize the expected cost
of responsiveness requirements for emergencies, delays in elective surgeries,
and surgery team overtime. The results show that the responsiveness of the
elective schedule is worse when considering the "shortest expected processing
time first" rule compared to the "best insertion method" rule.

In [186] the authors addressed the IORPS by proposing a mixed-integer
programming (MIP) model to design an initial schedule that takes into account
possible emergency arrivals. The goal of this stage is to minimizing number
of non-scheduled elective surgeries. They also develop two heuristics based
on the proposed model. In the second stage, they present a reactive method to
reschedule surgeries on the surgery day, with the goal of minimizing its impact
on the initial schedule for elective surgeries. However, they do not consider the
possibility of an elective surgery taking longer than expected as a condition to
adjust the schedule. Indeed, they assumed that elective surgeries duration is
deterministic.

In [271] the authors address the JORPS of elective and non-elective surg-
eries in a shared operating room policy. They consider uncertainty in both the
arrival time and duration of surgeries and use a stochastic process to deter-
mine the probability of arrival, expected duration, and response requirements
for each surgery. They solve the problem by dividing the workday into time
periods and designing an approximate dynamic programming algorithm to dy-
namically reschedule elective cases on a single day planning horizon.

Building upon the existing literature and to the best of our knowledge,
this is the first work to tackle the JORPS: in a iterative and real-time manner;
employing an exact method that extends the planning horizon beyond a single
day; takes into account the unpredictable nature of both emergency arrivals
and surgery duration.

4.3 Problem definition

In this section, we discuss the specific challenges faced by a local hospital in
Naples. The hospital addresses this problem by splitting it into two correlated
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subproblems. These two subproblems fall within the aforementioned classi-
fications of IORPS-off and IORPS-on. For the sake of clarity, we report the
definition of these two problems in[#.3.1and [4.3.2] respectively.

4.3.1 Offline IORPS

In the IORPS-off approach, hospital staff generates a weekly surgical sched-
ule for the upcoming week, assigning a specific day, OR, and start time to
each elective surgery using a block strategy. In more detail, a subset of pa-
tients is selected from a waiting list based on their clinical priority. Each
patient is then assigned to an OR and a specific surgical session (e.g., day,
morning/afternoon). Concurrently, surgeries are sequenced within their desig-
nated sessions. According to literature, the hospital simultaneously addresses
the ADP and ALP during this process. Each elective surgery is defined by
four elements: clinical specialty, duration, clinical priority, and required days
of hospitalization. The clinical specialty determines the necessary medical
equipment and surgeon skills, while the surgery duration is estimated based on
historical data and surgeon expertise. Clinical priority serves as a proxy for
surgery complexity and patient health status. While, the required days of hos-
pitalization define the length of stay that each surgery needs before and after
being performed. It is important to note that bed availability may be a bottle-
neck, as it may not be possible to perform surgery if there are no beds available
in the respective department.

The initial schedule is made using the planned duration of the surgeries.
However, surgeries could last longer than expected due to operative compli-
cations and unforeseeable events, and emergency arrivals may increase the
number of surgeries that need to be performed. To address these issues, only a
percentage of the capacity of each OR is used during the planning stage, which
avoids surgery postponements that can be perceived by patients and competent
authorities as poor quality of service.

Additionally, the schedule is prepared in a way that allows for the manage-
ment of incoming emergencies within their responsiveness requirement. This
may result in underutilization of the ORs, but it ensures the ability to manage
emergencies within an adequate time, thereby increasing the probability of
successful emergency treatments. To such aim, in each OR, a surgery can only
start if another OR is free or if a surgery ends within the minimum responsive-
ness requirement. The minimum responsiveness requirement has been widely
discussed in Chapter [3] and interested readers can refer to that Chapter for
more information.
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The principal objective of the hospital is to find a good trade-off solution
that considers the maximization of surgeries performed and the ability of the
schedule to respond to emergencies.

4.3.2 Online IORPS

In addition to the initial schedule defined in[4.3.1] the hospital must take into
account two types of contingencies. The first is the arrival of non-elective
patients, whose number and arrival time, as well as the time required for their
surgeries, cannot be predicted. To accommodate these cases, the hospital has
implemented a shared operating room policy where both elective and non-
elective surgeries are performed in the same ORs [94]. This means that non-
elective patients may compete with elective surgeries for OR capacity during
operating hours.

The second contingency is associated with variations in surgery duration
due to complications or unforeseeable events during the procedure. In this
context, surgery duration is a dynamic variable. Prior to the start of the surgery,
an average duration is assumed based on the criteria used in the initial schedule.
However, as soon as the surgery begins, this value is updated with information
from the ORs and converges to the actual duration of the surgery over time.

Therefore, the initial schedule must be flexible enough to accommodate
the arrival of emergency patients within their responsiveness requirements, ab-
sorb the variation in surgery duration, and be adjusted throughout the planning
period to ensure adequate responsiveness to emergencies.

The hospital objective is to maintain the schedule as close as possible to the
initial plan within the planning horizon. This is because changing the operating
day for a patient can lead to organizational problems for the hospital staff and
occupy a bed for an extended period, which can prevent the hospital from
performing other surgeries. Furthermore, a session of a certain specialty may
not be available two consecutive days, which could lead to the postponement
of a surgery for several days and result in a low quality of service perceived by
patients.

4.4 Mathematical models for IORPS

This section presents the mathematical model and problem settings of the
IORPS under investigation. Specifically, Sections #.4.1] and [4.4.2] introduce
the problem settings and mathematical formulations for the IORPS-off and the
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IORPS-on, respectively. The formulation for the JORPS-off is referred to as
ILP-IS, and the formulation for the IORPS-on is referred to as ILP-EM. Finally,
in Section 4.4.3] we introduce and discuss the optimization tool developed for
the problem being investigated.

4.4.1 Formulation for the offline IORPS

Let us consider a generic surgery department, where the set of available oper-
ating rooms is denoted as R and the set of surgical specialties is denoted as S.
The department operates over a one-week time horizon, divided into days and
periods, which are denoted by sets D and P, respectively. The set of surgeries
on the weekly waiting list is denoted as I. Based on this setting, are defined
several parameters. In particular, each surgery ¢ € [ is characterized by five
parameters: the clinical weight w;, the duration in time periods A;, the number
of days of hospitalization required before and after the surgery, €;” and e;r, re-
spectively, and the penalty for not scheduling it ¥;. Additionally, is introduced
a parameter B representing the number of available beds for each specialty
seS.

Concerning the emergency management issue, two additional parameters
needs to be defined: J., which sets the EMT value, and o € [0, 1], which
represents the allowed utilization percentage of ORs in terms of time slots.

Moreover, we need to introduce three matrices to express more complex
relationships among the defined sets. Specifically:

1. §: links a surgery ¢ € I to a surgical specialty s € S. Its generic element
0is is equal to 1 if surgery ¢ belongs to specialty s, and 0 otherwise.

2. M: is a four-index matrix linking sets R,.S, P and D, and represents
the master surgery schedule. Its generic element (M,,q;) is equal to 1 if
the period p € Ponday d € D in OR r € R is assigned to specialty
s € S, and 0 otherwise.

3. C: is a four-index matrix linking all defined sets, and expresses the clini-
cal priority of a surgery as a function of its clinical weight, duration, and
starting time. Its generic element Cyq, can be calculated as:

p+A;—1 2 i
w? iel,pe Pde D,
Cipdr = Zais Z ?Z rkds re R,S cs (41)

seS k=p
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By construction, the (4, value for a generic surgery ¢ € I decreases over
a day.
On this basis, we define a binary decision variable x;,4, which assumes value
1 if the starting of surgery %,¢ € I, is scheduled in room 7,7 € R, in period
p,p € P,ofday d,d € D, 0 otherwise.

Consistently with above introduced notation, the /LP-1S can be formulated as
follows:

maxz Z Z Z Cipdr Lipdr — Z(l - Z Z Z xipdr)qji (42)

icl pePdeD reR i pePdeDreR

s.t.
S wpar <1 Viel (4.3)

peP deDreR
p
Yoy wwar <1 Vpe P,de D,r € R (4.4)
iEI k:p—Az—‘rl
D> Awipar < [or|P] Vd e D,r € R (4.5)
i€l peP
p
> > ziar <Rl —1  WpePdeD (4.6)

I€I|A; >80 TER k=p—A;+30|k+A;—1#£p

t
Z Z Z Z Lip(d+t)r Tis < Bs Vd € D, se S 4.7

i€l pEP1€R {=¢ -

p—‘y—Ai—l .
Viel,pe Pde D,
Tind Mkd :Aw-d (4.8)
e kzp e e re€R,s€ Slos =1
Viel,peP,
Lipdr € {071} deD.rcR (49)

The objective function {@.2)) consist of two components. The first part fo-
cuses on scheduling surgeries based on their clinical priority. This is achieved
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by trying to schedule high priority surgeries as early as possible in the day, as
reflected in the computation of Cj,4,.. The second part aims to maximize the
overall number of surgeries performed.

Shifting focus to the logical and operative conditions that need to be ob-
served. Constraints (4.3) ensure that each surgery is scheduled only once.
Constraints (4.4) prevent surgery overlapping. Constraints (4.3) require that at
least [(1 — «) * p] time slots remain empty in each OR. It is important to note
that, given the definition of the C matrix and the objective function are defined,
the empty slots are concentrated towards the end of the day. This arrangement
enables the schedule to accommodate emergencies and variations in surgical
procedures, aiming to avoid overtime work. Constraints (4.6) guarantee that
emergency situations can be handled within the specified time threshold. Con-
straints ensure that a surgery can only be scheduled if there is sufficient
bed availability in the relevant surgical department. Constraints (4.8) enforce
the block strategy, meaning that a surgery can only be scheduled during an OR
period dedicated to its specialty.

Finally, constraints (4.9) define the nature of the decision variables.

4.4.2 Formulation for the online IJORPS

Building on the configurations introduced in section 4.4.2] we must adjust cer-
tain sets and parameters while introducing new ones to represent the ILP-EM
model. Specifically, we need to divide the set of surgeries on the weekly wait-
ing list (1) into four distinct sets: 1%, ¥ OF! and E*!. These sets represent
the surgeries to be scheduled, completed, ongoing, and emergencies, for pe-
riod k € P of day | € D, respectively. Moreover, it is necessary to update the
parameter A; into Afl, which represent the estimated duration of surgery i at
period k € P ofday ! € D, based on the information available online. We also
need to introduce three new parameters related to the initial schedule: p}, d;,
and 7}, which represent the starting period, day, and OR for each surgery 7 in
the initial schedule, respectively. Additionally, are required three parameters
related to the last available re-schedule: p; 1, di_l, and r;” 1, representing the
starting period, day, and OR for each surgery ¢ in the last available re-schedule,
respectively. Furthermore, two parameters related to emergencies, p§ and d,
are needed, representing the arrival period and the arrival day for each emer-
gency i.
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Finally we need to define a new four index matrix P, defined as follows:

6ipdr:O ifp:p*/\d:d*
C={¢Cipar=p—p" ifp>p ANd=d
Cipar = |P|(d — d*) ifd>d*

The generic element of this matrix is denoted as 62’pdr~ This element is
used to compute the deviation of the revised schedule from the original one. If
the two schedules are identical, the weight is assigned a value of zero. More-
over, moving a surgery from one day to another incurs a higher weight com-
pared to shifting it within the same day. This is due to the fact that extending a
patient stay in the hospital by one or more additional days can lead to logistic
challenges for both the patient and the hospital.

Consistently with the additional notation introduced, as well as the one
presented in the preceding section, the IJORPS-EM can be formulated as fol-
lows:

P l+z
max > SN (Cipar| Tipar =D (1= D D> wipar) Wi (4.10)
i€l p=k d=l reR i peP deDreR
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p+Al—1 Viel,pe Pde D,
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It is important to note that this new model is a variation of the JORPS-
1S that takes into account the new dynamics and contingencies of the system.
For the sake of simplicity, we will concentrate on the constraints that either
introduce new aspects or modify their existing meaning.

The objective function (4.10) consists of two components. The first part
aims to minimize the deviation from the initial schedule, consistently with the
matrix C. We underline that the generic element of the matrix, namely éipdr,
is taken in its absolute value to prevent any deviation from the initial schedule,
regardless of it being positive or negative.

Constraints (4.1T)) ensure that surgeries, once started or completed, main-
tain their positions in the updated schedule. Constraints (.12} [4.13| .14} 4.15))
keep their original purpose from the /ORPS-IS model, but have been modified
to align with the additional notation introduced in section 4.4.2] Constraints
(#.16) represent a modified version of constraints (#.8)), accounting for the pos-
sibility that an initiated surgery, whose estimated duration aligns with the block
strategy, can be completed even if it extends beyond its allocated time block.
Emergencies are excluded from these constraints, as they can be accommo-
dated in any operating room. Constraints ensure that every emergency
is scheduled within its maximum allowable waiting time from the arrival mo-
ment. Constraints allow surgeries to be delayed but prevent them from
being performed earlier than their initially scheduled time. Meanwhile, con-
straints (4.19) specify the characteristics of the decision variables.
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4.4.3 The optimization tool

In this section, we describe an /LP-based optimization tool developed for a
case study of a hospital in Naples. The tool is designed to achieve the following
goals:

1. Assist medical staff in creating an effective and efficient weekly sched-
ule for elective patients.

2. Ensure responsiveness to emergency surgeries.

3. Incorporate emergency surgeries into the schedule within the required
response time.

4. Automatically adjust the schedule when emergencies or variability in
surgery duration make it ineffective.

To this aim the optimization tool consists of two phases. In Phase I, the
tool inputs the elective surgeries planned for the upcoming week and creates
an initial schedule using the mathematical model ILP-IS. The average surgery
duration is used as input, based on historical data and individual surgeons’ ex-
periences, since real-time information is not yet available. This phase has two
objectives: to maximize the number of surgeries performed while considering
their medical priority and to create a resilient schedule that can accommodate
fluctuations in external conditions.

In Phase 11, the tool inputs the initial schedule from Phase I and assesses if
there are any changes, such as emergency arrivals or updated surgery duration
from the operating room. If any changes occur, the schedule is re-optimized
using the mathematical model ILP-EM. The objective of Phase II is twofold: to
minimize deviations from the initial schedule without cancelling surgeries and
to maintain responsiveness throughout the planning horizon. Maintaining the
initial schedule minimizes last-minute changes and surgery postponements,
while ensuring responsiveness to emergencies is crucial in saving patients’
lives.

It is important to note that while the responsiveness requirement can be
guaranteed during the initial planning (Phase I), this may not be possible in
Phase II due to external factors. For example, if an emergency arrives and
no operating room is available, the emergency can be scheduled when another
surgery ends. However, if an emergency arrives at the same time as a surgery
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experiencing complications, it may not be possible to guarantee responsive-
ness. In such cases, the tool schedules the emergency in the first available slot,
sacrificing responsiveness in that period to ensure feasibility of the solution.

We highlight that, it is possible to account for these edge cases in the ini-
tial schedule, but this would result in a conservative plan with many unused
surgical slots and longer waiting times, as events with low probability are con-
sidered.

In summary, the optimization tool provides support in creating an operat-
ing plan as follows: Phase I creates an initial preliminary schedule to max-
imize the number of surgeries and consider potential emergencies. In Phase
II, the schedule is re-optimized if there are changes that affect responsive-
ness, with the goal of minimizing deviations from the initial schedule. The
re-optimization takes place incrementally, starting with modifying the sched-
ule for one day, then two days, and so on, until the last day. Any surgeries that
cannot be performed at the end of the last day be carried over to the following
week.

4.5 Computational results

To validate the mathematical model presented in Section 4.4, we conducted
experimentation on a set of instances based on a real-world case study of a
small hospital in Naples. Due to a non-disclosure agreement, the specific de-
tails of the case study are not exposed. This section is organized into three
parts: Section4.5.1| provides an overview of the real-world case; Section4.5.2]
outlines the configuration of the instances used; finally, Sections and
[.5.4] presents the experimental results. All the proposed formulations were
solved using the developed prototype tool, which employs Gurobi 9.0.1 with
its default settings as an ILP solver. The instances were executed on an Intel i7
processor with a speed of 2.60GHz and 16.00GB of RAM. The time limit for
the IORPS-off was set to 3600 seconds, while there was no time limit for the
IORPS-on.

4.5.1 The case study

The hospital under investigation provides surgical services for six special-
ties: cardiology, general surgery, gynecology, ophthalmology, orthopedics, and
senology. Their surgical department includes four ORs, managed using a block
strategy to accommodate both elective and non-elective patients. It is crucial
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to note that the hospital operates under a shared rooms policy. We recall that
this is indicating that emergency patients may compete with elective surgeries
for OR capacity during regular hours.

The ORs are open from 8:00 am to 8:00 pm, Monday through Friday. On
Saturdays, rooms /, 3, and 4 are open from 8:00 am to 2:00 pm, while room 2
is reserved for emergency cases only.

During the planning stage, elective surgeries cannot be scheduled outside
regular operating hours. However, in exceptional situations like emergency
surgeries or complications during surgery, overtime may be utilized.

Non-elective surgeries, due to their unpredictable nature, cannot be sched-
uled in advance. However, if a non-elective surgery arises, it must be per-
formed without delay due to the urgent medical condition of the patient.

To each surgery is assigned a clinical weight based on two medical pa-
rameters: ASA (American Society of Anesthesiologists) and NHS (National
Institute for Health and Care Excellence). The ASA index reflects the patient
health status, with a classification into six levels ranging from no organic, bio-
chemical, or psychiatric alterations to patients declared brain dead. Elective
patients are those with an ASA index between 1 and 3, while non-elective pa-
tients have an index of 4 or 5, requiring immediate attention. According to the
defined levels, surgeries with ASA indicator ranging from 1 to 3 are considered
in the weekend planning for the following week. Meanwhile, patients with
ASA indicator of level 4 or 5 are considered as emergencies and are promptly
addressed as soon as they arise, with maximum attention given to their timely
and efficient management.

The NHS index, on the other hand, classifies the complexity of surgical
procedures into four degrees, ranging from minor to high-very high. This clas-
sification system is used to categorize surgeries based on their complexity.
Surgeons determine the priority of each elective patient based on their ASA
and NHS values, as well as their experience. Based on this classification, surg-
eries are scheduled based on decreasing clinical priority during the day, with
surgeries of the highest priority scheduled in the morning and those of lower
priority in the evening.

This approach has two key benefits. Firstly, surgeries performed in the
morning are less likely to be postponed or delayed in the following days. Sec-
ondly, high-priority surgeries require longer monitoring activities that are more
efficiently managed during regular work shifts.
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4.5.2 Test bed

The hospital provided information on surgeries performed over a period of 30
weeks. For each surgery, they provided details on the ASA and NHS indicators,
duration, cleaning time required (expressed in minutes), and reference surgical
specialty.

Based on this information and discussions with the surgery department
managers, we have established the problem setting for the IORPS-off as out-
lined in4.5.2] and the corresponding setting for the IORPS-on as described in
4.5.2]

Instance setting for the offline JORPS

The planning horizon has been divided into 36 time slots of 20 minutes each,
from 8:00 to 20:00, which is consistent with surgery duration, cleaning activ-
ities and possible emergency arrivals. To assess the practical effectiveness of
the proposed schedule in IORPS-off, we have set the value of « to different
values, specifically 0.8, 0.9, and 1.0. The objective is to determine the optimal
percentage of room utilization that achieves the best performance, taking into
account emergencies and complications during surgeries. By evaluating the
trade-off between the utilization of operating rooms and the number of post-
poned surgeries at the end of a working week, we can determine the ideal room
utilization rate. This approach allows us to achieve a balance between optimiz-
ing the use of ORs and reducing the number of surgeries that get postponed
due to unexpected events. Overall, these tests enable us to make informed de-
cisions about how to plan (/ORPS-off) and then adjust the proposed schedule
(IORPS-o0n), leading to better outcomes for both patients and staff.

Concerning the parameter definition in more details, the weight w; is com-
puted as the product of the ASA and NHS indexes, which is in line with surgeon
practice. We have set the value of /3 to 0.25 since the minimum value of an ele-
ment of C can be equal to 0.28(1/36). The value of ¥; has been determined by
performing a tuning phase aimed at balancing the two objective function com-
ponents. We have set the value of . to 20 minutes. The matrix M have been
defined consistently with the master surgical schedule used in practice. The
matrix C has been computed based on the settings defined above, according to
the expressions described in[4.4]

Upon analyzing the data provided by the hospital, it was determined that
the number of available beds for each specialty is not a bottleneck for schedul-
ing surgeries. This assertion has been validated by hospital personnel, and
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therefore, we have set these values large enough to not affect the surgery sched-
ule. However, we have decided to incorporate this aspect into the mathematical
model, as it is a part of an optimization tool intended for clinical use. By incor-
porating this aspect into the model, we ensure that, should conditions change
and it becomes a bottleneck in the future, we are well-prepared to intervene
and minimize its effect on the scheduling process.

Regarding the setting of the value J., which is the responsiveness require-
ment for each emergency, further discussion is necessary. As discussed in
[243], medical emergencies can be classified into five levels, from level 1 (crit-
ical) to level 5 (not urgent), with each level corresponding to a maximum wait-
ing time before treatment. For instance, level 1 requires immediate treatment,
and level 2 requires treatment within 15-20 minutes. Therefore, the chosen
value of d. is consistent with this classification and, based on hospital surgeon
experience, it ensures an appropriate waiting time to manage an emergency.
This is particularly true for the hospital under investigation, where most emer-
gencies are gynecological in nature (mainly of level 2).

Instance setting for the online JORPS

To test and evaluate the effectiveness of the optimization tool, we needed to
create models for both the arrival of emergencies and the potential variation in
surgeries duration, which often necessitates modifying the initial schedule. To
accomplish this, we utilized historical data provided by the hospital, which in-
dicated that an average of 10 emergencies are managed each week and roughly
10% of surgeries experience a positive duration variation.

On this basis, we conducted a simulation by generating emergencies and
varying the duration of surgeries. Our aim was to ensure that the simulation
closely resembled the operational reality of the hospital. Thus, we iteratively
generated emergencies and surgery duration variations according to the data
provided by the hospital. Specifically, for each period and day within the time
horizon (Vp € P,d € D), there was a possibility of an emergency occurring
or a change in the duration of a surgical procedure, both of which needed to be
accommodated in the schedule.

In particular, to simulate emergencies, we generated them with a probabil-
ity of p = % for each subsequent period after the initial one. The duration
of the emergency was determined by sampling from a Gaussian distribution
with mean 5 periods (¢ = 5) and variance equal to 2 periods (02 = 2). The
resulting value was then rounded to the nearest integer. This duration is typ-
ically estimated by the surgical team based on their experience and expertise
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with the type of emergency at hand.

Concerning the variation in the duration of surgeries, we observed that
negative variations (where surgeries take less time than expected) are signifi-
cantly less frequent than positive ones (where surgeries take more time than ex-
pected). Additionally, negative variations typically do not necessitate changes
to the initial schedule and can be managed by simply waiting, and allowing the
schedule to progress normally. As a result, negative variations were not taken
into account in this study.

For each period following the first, each ongoing surgeries has a probabil-
ity of varying their duration of P,(i) = %, where the potential increase in
estimated duration could be 1, 2, or 3, with respective probabilities of 0.5, 0.3,
and 0.2. This method was devised in collaboration with the hospital medical
staff to simulate various levels of complications that might occur during surg-
eries. The probabilities were set to decrease with the increasing severity of the
complications. More in details, if a surgery is selected to have a variation in its
duration, then based on the proposed rule, an increment, which we can refer to
as var, is also selected. Consequently, the new duration of surgery i,7 € I, in
period p,p € P of day d,d € D is calculated as Al(-pfl)d:Afd + var.

We want to highlight two key points. Firstly, the estimated duration of
a surgeries can change at different points in time, as new complications may
arise during the procedure. Secondly, emergencies are not excluded to poten-
tial duration variations.

4.5.3 Results and discussion

In the Table 4.1} [4.2] 4.3] are reported the experimentation made for 30 weeks
provided by the Surgical Department of an hospital in Naples. In particular,
the table reports the following information. Column 1, labeled "ID", displays
the instance ID associated with both the IORPS-off and IORPS-on models. In
column 2, "[II" represents the total number of surgeries for each given instance.

In addition, addressing the specifics of the IORPS-off model, column 3,
referred as "%SgS", reports the percentage of surgeries scheduled for every
instance. Column 4, named "%OUt", represents the average utilization of the
ORs over the week. Column 5, labeled "%Time", showcases the computa-
tional time (in seconds). Column 6, denotes as "Gap", reports the percentage
optimality gap.

Meanwhile, the IORPS-on is addressed in columns ranging from 7 to 11.
In particular, column 7, titled "#emg", reports the number of emergency sim-
ulated for each instance. In column 8, labeled "#s-var", the focus shifts to
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surgeries, reporting the number of those which deviated from their initially es-
timated durations. Column 9, referred as "%OUt;,,;", reports the concluding
utilization rates of the ORs (i.e. at the last period of the last day of the week).
Column 10, named "#Sg;,s:", highlights the number on surgeries that under-
went rescheduling, reporting the number of those shifted to alternate days.
Finally, column 11, denoted as "#Sg, s", emphasizes surgeries that were not
accommodated within the current schedule and were subsequently postponed
to the following week.

Table 4.1: Results comparison for IORPS-off and IORPS-on, o = 0.8

TORPS-off IORPS-on
ID 11l P0SgS %0Ut % Time Gap #emg #s-var 9%0Ut o s #Sgpost #Sgn s
INST1 130 0.94 0.66 110 0 9 16 0.75 0 0
INST2 133 0.95 0.71 3628 0.66 17 16 0.81 3 1
INST3 135 0.97 0.61 347 0 11 8 0.68 1 0
INST4 136 0.92 0.66 910 0 10 18 0.75 0 0
INST5 136 0.97 0.66 877 0 10 9 0.72 4 0
INST6 137 0.97 0.72 207 0 6 18 0.77 3 0
INST7 141 0.94 0.72 406 0 8 17 0.78 2 0
INST8 142 0.96 0.72 3627 0.05 14 13 0.82 1 0
INST9 143 0.94 0.71 126 0 7 18 0.79 4 0
INST10 143 0.89 0.7 872 0 19 12 0.81 2 1
INST11 146 0.94 0.78 3627 0.95 9 17 0.85 1 0
INST12 149 0.93 0.77 3629 0.38 12 16 0.86 3 1
INST13 155 091 0.71 192 0 15 17 0.84 0 1
INST14 157 0.88 0.75 3629 0.47 15 19 0.88 1 1
INST15 159 0.92 0.77 485 0 16 17 0.87 1 2
INST16 160 0.94 0.78 1992 0 13 20 0.9 0 2
INST17 159 0.92 0.77 485 0.01 9 24 091 2 2
INST18 157 0.88 0.75 3629 0.47 11 13 0.85 2 0
INST19 155 091 0.71 192 0 6 10 0.8 0 0
INST20 158 0.92 0.77 485 0.01 14 13 0.86 3 0
INST21 162 0.91 0.76 3630 0.6 12 16 0.86 3 1
INST22 162 0.89 0.78 3630 1.78 13 20 0.87 3 1
INST23 164 0.9 0.76 127 0 11 14 0.86 4 1
INST24 164 0.85 0.73 3630 1.4 11 19 0.81 2 0
INST25 164 0.85 0.73 3630 1.4 9 17 0.8 1 0
INST26 161 0.89 0.78 3630 1.78 14 21 0.92 4 3
INST27 162 091 0.76 3630 0.6 17 9 0.88 3 1
INST28 169 0.9 0.76 127 0.01 12 15 0.86 3 0
INST29 165 0.9 0.76 127 0.01 13 13 0.88 4 1
INST30 161 0.89 0.78 3630 1.78 11 18 0.89 4 0

In table[d.1]is reported a overview of the results provided from JORPS-off
and the IORPS-on, for an allowed initial utilization of Operating Rooms of
80% a = 0.8.

In particular, we note a stable percentage of surgeries scheduled across all
instances, with a majority clustering near the 90% threshold. This consistency
underscores the effectiveness and precision of the initial surgical planning and
scheduling. The operating room utilization, as depicted by the "%OUt" col-
umn, consistently lies between 66% and 78%. These figures clearly highlight
a balanced utilization of the ORs, ensuring they are neither underutilized nor
reaching saturation. While the "%Time" column showcases fluctuations in
computation time—with instances like INST2, INSTS, and INST21 being no-
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tably prolonged—a closer look in tandem with the "Gap" column reveals that
even for these lengthier computations, the solutions achieved are proximate to
the optimal.

Moving to the IORPS-on model results, the table presents several metrics
to understand the model adaptability. The number of emergencies simulated,
indicated by "#emg", varies across instances but does not exceed 19. This
gives us an idea about the unpredictability factor in the data. The "#s-var" col-
umn, marking surgeries with duration variations, suggests that many surgeries
do not adhere strictly to their initial estimated duration. Yet, even with these
emergencies and duration variations, the final utilization of ORs, "%OUt;,.",
remains quite high, always surpassing, as expected, the "%OUt" of the IORPS-
off model. Additionally, the columns "#Sg,,s:" and "#Sg,,s" draw attention
to surgeries that were either rescheduled or not scheduled at all. Although
these numbers are typically low, certain instances, such as INST26, are no-
table—with 4 surgeries being rescheduled and 3 left unscheduled, suggesting
challenges the model could faces under particular circumstances of variability.
Nevertheless, the results denotes, for every all instances, the IORPS-off capac-
ity to absorb unforeseen challenges without heavily compromising the initial
schedule.

Table 4.2: Results comparison for IORPS-off and IORPS-on, o = 0.9

IORPS-off IORPS-on

D 1Tl %SgS J%0Ut %Time Gap #emg #s-var 90U o s ¢ #Sgpost #Sgpn s
INSTI 130 0.95 0.69 243 0 9 16 0.76 1 1
INST2 133 1 0.78 1112 0 17 16 0.91 4 3
INST3 135 1 0.72 254 0 11 8 0.8 3 1
INST4 136 0.96 0.73 1921 0 10 18 0.79 1 0
INST5 136 1 0.68 1024 0 10 9 0.74 2 0
INST6 137 1 0.75 243 0 6 18 0.8 3 1
INST7 141 0.95 0.75 872 0 8 17 0.81 3 1
INST8 142 0.97 0.74 2231 0 14 13 0.82 3 1
INST9 143 0.97 0.77 413 0 7 18 0.84 5 1
INST10 143 1 0.74 413 0 19 12 0.89 3 3
INST11 146 0.95 0.88 3613 0.13 9 17 0.95 5 6
INST12 149 1 0.79 3627 0.32 12 16 0.87 2 2
INST13 155 091 0.71 192 0 15 17 0.84 0 1
INST14 157 0.9 0.78 3627 0.23 15 19 0.87 4 2
INST15 159 0.94 0.81 391 0 16 17 0.94 2 5
INST16 160 1 0.83 2472 0 13 20 0.94 2 9
INST17 159 0.95 0.83 1231 0 9 24 0.92 3 6
INSTI18 157 0.94 0.84 3612 0.31 11 13 0.91 6 4
INST19 155 1 0.81 1129 0 6 10 0.9 1 5
INST20 158 1 0.84 1121 0 14 13 0.92 5 4
INST21 162 1 0.78 3614 0.05 12 16 0.87 4 4
INST22 162 0.95 0.83 3632 0.81 13 20 0.92 6 4
INST23 164 0.95 0.85 284 0 11 14 0.92 8 3
INST24 164 091 0.79 3632 0.72 11 19 0.87 4 3
INST25 164 0.92 0.82 3612 0.42 9 17 0.89 2 4
INST26 161 0.93 0.83 3616 0.97 14 21 0.96 13 10
INST27 162 0.95 0.85 3631 0.78 17 9 0.94 6 7
INST28 169 0.94 0.82 145 0 12 15 0.9 4 8
INST29 165 0.93 0.81 267 0 13 13 091 5 8
INST30 161 0.98 0.88 3630 0.12 11 18 0.94 9 6
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In Table 4.2] is presented a detailed comparison of results provided by
IORPS-off and the IORPS-on, but this time for a value of o = 0.9. This implies
that the average utilization of the ORs permitted for the IORPS-off model is
set at a higher threshold of 90%, compared to the previous (80%).

Firstly, by focusing on the JORPS-off model columns, we notice that the
"%SgS" values, are generally higher than those presented in Table {.1] The
increase in the number of scheduled surgeries is a direct consequence of the
higher allowed utilization rate of 90%. This implies that more surgeries are
being fit into the schedule. Similarly, the "%OUt" column shows values that
are higher than those in Table 4.1} These highlights underscore that ORs are
being utilized more intensively.

However, while the increased allowed value of o seems advantageous, it is
crucial to evaluate its repercussions. Directing our attention to the JORPS-on
model columns provides some insight. The columns "#Sg,,;" and "#Sg;s",
representing rescheduled surgeries and those not scheduled at all, respectively,
have values that are generally higher than those observed in Table [d.1] This
suggests that while more surgeries are initially scheduled, the higher threshold
also leads to a more significant number of surgeries being postponed or even
canceled. Such disruptions can induce logistic and reorganization challenges,
likely leading to dissatisfaction among patients and medical staff. These chal-
lenges can ultimately lead to a perceived decrease in the quality of service
among all stakeholders involved.

Comparing the two tables, d.TJand[4.2] it is evident that while the latter ad-
justed threshold of 90% does ensure more surgeries are scheduled and a higher
average utilization of ORs, it comes with its set of challenges. The trade-off
between maximizing ORs utilization and maintaining a smooth, predictable
surgical schedule becomes evident. On the one hand, the value of o equal
to 0.9 allows for a denser schedule, results in a higher number of surgeries
performed. On the other hand, the increased postponements and cancellations
can have disadvantageous effects on the overall service quality, affecting both
patients and medical staff.

In summary, while the 90% o threshold might seem more efficient in terms
of numbers, it is essential to weigh the qualitative aspects. The potential or-
ganizational challenges and dissatisfaction arising from frequent rescheduling
and cancellations can overshadow the numerical benefits. Therefore, adopting
a balanced approach that takes into account both quantitative and qualitative
factors is essential for achieving optimal surgeries management.

Lastly, Table[d.3] presents results for the IORPS-off and the IORPS-on with
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Table 4.3: Results comparison for IORPS-off and IORPS-on, o« = 1.0

IORPS-off IORPS-on

ID 1l %SgS %O0Ut %Time Gap #emg #s-var 90Ut 4 st #Sgpost #Sgn s
INST1 130 0.98 0.78 341 0 9 16 0.83 7 3
INST2 133 1 0.78 1043 0 17 16 0.91 4 3
INST3 135 1 0.72 413 0 11 8 0.8 3 1
INST4 136 0.96 0.73 2024 0 10 18 0.79 1 0
INSTS 136 1 0.68 1045 0 10 9 0.74 2 0
INST6 137 1 0.75 199 0 6 18 0.8 3 1
INST7 141 1 0.8 912 0 8 17 0.85 8 6
INST8 142 0.97 0.74 1993 0 14 13 0.82 3 1
INST9 143 1 0.79 512 0 7 18 0.85 7 7
INST10 143 1 0.74 537 0 19 12 0.89 3 3
INSTI1 146 0.98 0.91 3625 0.07 9 17 0.97 4 10
INSTI12 149 1 0.79 3629 0.32 12 16 0.87 2 2
INST13 155 0.91 0.71 421 0 15 17 0.83 0 1
INST14 157 0.97 0.88 3636 0.18 15 19 0.97 4 17
INST15 159 1 0.92 391 0 16 17 0.97 3 17
INST16 160 1 0.83 1987 0 13 20 0.94 2 9
INST17 159 0.95 0.83 1231 0 9 24 0.92 3 6
INST18 157 0.96 0.85 1789 0 11 13 0.92 7 4
INST19 155 1 0.81 1129 0 6 10 0.9 1 5
INST20 158 1 0.84 1121 0 14 13 0.92 5 4
INST21 162 1 0.78 3613 0.05 12 16 0.87 4 4
INST22 162 1 0.89 3632 0.17 13 20 0.96 6 14
INST23 164 1 0.91 245 0 11 14 0.96 3 10
INST24 164 0.98 0.87 3654 0.63 11 19 0.93 3 8
INST25 164 0.96 0.87 3614 0.21 9 17 0.93 3 6
INST26 161 0.93 0.83 3613 0.97 14 21 0.96 13 10
INST27 162 0.95 0.85 3631 0.78 17 9 0.94 6 7
INST28 169 1 0.91 142 0 12 15 0.93 6 9
INST29 165 0.95 0.87 245 0 13 13 0.94 7 10
INST30 161 0.98 0.88 3631 0.12 11 18 0.94 9 6

a value of o of 1.0. This, again, indicates that the average utilization of the ORs
permitted for the IORPS-off is at the maximum threshold of 100%.

By examining the "%SgS" column. we observe that the values are higher
or comparable to those from the previous table This is consistent with
the notion that a 100% utilization threshold allows for maximum surgeries to
be scheduled. The "%OUt" column, indicative of the average utilization of
ORs, also showcases values that are generally higher than those in Table 4.2]
emphasizing that ORs are utilized to their full capacity.

However, the real implications of this 100% threshold become evident
when examining the repercussions on the JORPS-on. Indeed, the columns
"#Sgp0st" and "#Sg,,s" display values that are even higher than those in Table
M.2and considerably higher than Table .| This trend suggests that while an
increased number of surgeries are scheduled initially, this aggressive schedul-
ing leads to a significant rise in the number of surgeries postponed or not sched-
uled at all.

Comparing tables {.1] [#.2] and we observe a clear trend:

1. As the allowed utilization percentage increases, straightforwardly, the
number of scheduled surgeries also rises, and ORs are utilized more in-
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tensively.

2. However, the higher the utilization threshold, the more pronounced the
disruptions become in the form of rescheduled surgeries or those not
scheduled at all. The differences between the 100% and 90% thresholds
are evident, and the deviations between the 100% and 80% thresholds
are even more rigid.

In conclusion, while allowing a 100% « threshold maximizes the num-
ber of scheduled surgeries and ORs utilization, it does so at a considerable
cost. The disruptions in the form of postponed and canceled surgeries can
lead to significant organizational challenges, as the implications observed with
the 90% threshold in Table This further amplifies the trade-off between
maximizing utilization and ensuring a smooth, reliable surgical schedule. Pri-
oritizing one aspect might compromise the other, underscoring the need for a
balanced approach in surgical scheduling and management.

To provide a comprehensive perspective on the findings, we additionally
reported a graphical representation in figures .1} 4.2] and F.3] These his-
tograms present three significant metrics: the average utilization percentage of
ORs, the number of surgeries rescheduled to the subsequent days versus their
initially planned date, and the surgeries that were canceled or deferred to the
weeks ahead, respectively.

In these figures, the x-axis enumerates different instances of surgeries, con-
sistently with the data presented in tables[d.1| 1.2 and #.3] To enhance clarity,
we have categorized these instances across three rows. The first row focuses on
instances where the total number of surgeries (or cardinality) ranges from 130
to 145. The second row address the instances with cardinalities between 146
and 160 surgeries. Finally, the third row is dedicated to the instances where
the number of surgeries surpass the 160 mark.

Within each instance, three bars are depicted for each figure, which relate
to the value of the parameter . Specifically, red bars indicate results when «
is set at 0.8, green bars represent « at 0.9, and blue bars delineate the outcomes
for a equal to 1.0.

An analysis of figure4.1|aligns with our expectations: as « increases, there
is a tiny rise in the average utilization of ORs. This trend is also validated by
data in the accompanying tables. Intuitively, this enforces that when there is
a propensity to utilize ORs more aggressively during the planning phase, it
results in higher room utilization.

Upon a more detailed analysis of Figure .1, when compared with figures
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M.2]and [4.3] is depicted a more intricate scenario. A higher value of « is cor-
related with an increase in the number of surgeries being either postponed or
canceled. This keeps enforcing a crucial consideration: while aggressive ini-
tial scheduling might project an ostensible increase in operational efficiency,
but t could inadvertently compromise the overall service quality. The adverse
effects of such an approach extend beyond simple rescheduling; they manifest
in the form of logistical challenges pertaining to re-coordination and potential
dissatisfaction among the hospital staff. Thus, while on the surface, a packed
schedule might appear advantageous, the underlying repercussions, including
service quality degradation and operational challenges, cannot be overlooked.
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4.5.4 Full knowledge comparison

In this section, we present a comparison between the results provided by
IORPS-on and those based on hypothetical full knowledge. The results for
this assumed knowledge essentially comprise those obtained using the IORPS-
off model, which takes into account all information regarding variations in
surgery durations, as well as the quantity and duration of emergencies, with
the assumption that this information is available and does not emerge progres-
sively over the course of the day. In Table 4.4] we showcase this comparison
for the same 30-week period described in Section[4.5.2]

Specifically, the table is organized as follows: Column 1, labeled "ID",
displays the instance ID. Column 2, denoted as "llI", represents the total num-
ber of surgeries for each instance. Column 3, titled "#emg", details the num-
ber of emergency cases simulated for each instance. In Column 4, labeled
"#s-var", the focus is on surgeries, specifically reporting the number that de-
viated from their initially estimated durations. Columns 5 and 7, referred to
as "%O0Ut,s ", evaluate the efficiency of OR utilization. They report the OR
utilization rates at the end of each week, calculated based on the "IORPS-on"
model and "IORPS-off" model assuming full knowledge with an « value of
0.8. Likewise, Columns 6 and 8, named "#Sg,,s:", enumerate the surgeries
rescheduled to different days for the respective models.

The table also provides a comparative perspective by replicating this in-
formation under different scenarios in the subsequent columns. Columns 9
through 12 replicate the data from Columns 5 to 8 but for an « value of 0.9,
while Columns 13 to 16 present similar information for an « value of 1.0.

The data presented in Table {.4] provides an insightful comparison be-
tween the /ORPS-on model and the hypothetical scenario of full knowledge
across various instances. A notable observation is that, even when assuming
full knowledge from the onset, the number of postponed surgeries (#Sg, s) re-
mains the same for many instances. Moreover, for the instances where there is
a variation, the change in the number of postponed surgeries is marginal. This
highlights the effectiveness of the JORPS-on model; in many cases, its solu-
tions would be optimal or near-optimal even if full knowledge were available
from the beginning.

For example, in instances INST1, INST3, INST4, INSTS, and INST6,
there is no difference in the number of postponed surgeries between the
IORPS-on and full knowledge scenarios across various « values. While, in
instances where the "IORPS-on" model does not achieve complete optimality,
such as INST14, INST15, and INST22, the deviation from the optimal number
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Table 4.4: Results comparison for IORPS-on and the full knowledge

INSTANCE IORPS-on _ Full Knowledge IORPS-on _ Full Knowledge IORPS-on _ Full Knowledge
a=0.8 a=0.9 a=1.0

ID 1l #emg #s-var 90Ut 4 st #Sgn s 90Ut 4 st #Sgn s 90Ut 4 st #Sgn s 9%O0Ut) 4 st #Sgn s 90Ut 4 st #Sgn s 90Ut 4 st #Sgn s
INST1 130 9 16 0.75 0 0.75 0 0.76 1 0.77 0 0.83 3 0.85 1
INST2 133 17 16 0.81 1 0.82 0 0.91 3 0.91 3 0.91 3 0.91 3
INST3 135 11 8 0.68 0 0.68 0 0.8 1 0.81 0 0.8 1 0.81 0
INST4 136 10 18 0.75 0 0.75 0 0.79 0 0.79 0 0.79 0 0.79 0
INST5 136 10 9 0.72 0 0.72 0 0.74 0 0.74 0 0.74 0 0.74 0
INST6 137 6 18 0.77 0 0.77 0 0.8 1 0.8 0 0.8 1 0.8 0
INST7 141 8 17 0.78 0 0.78 0 0.81 1 0.82 0 0.85 6 0.86 5
INST8 142 14 13 0.82 0 0.82 0 0.82 1 0.82 0 0.82 1 0.82 1
INST9 143 7 18 0.79 0 0.79 0 0.84 1 0.85 0 0.85 7 0.88 5
INST10 143 19 12 0.81 1 0.82 0 0.89 3 0.9 2 0.89 3 0.9 2
INSTI1 146 9 17 0.85 0 0.85 0 0.95 6 0.96 5 0.97 10 0.97 10
INSTI12 149 12 16 0.86 1 0.86 0 0.87 2 0.89 0 0.87 2 0.89 0
INSTI13 155 15 17 0.84 1 0.85 0 0.84 1 0.84 0 0.83 1 0.84 0
INST14 157 15 19 0.88 1 0.88 1 0.87 2 0.88 1 0.97 17 0.97 17
INSTI15 159 16 17 0.87 2 0.88 1 0.94 5 0.95 4 0.97 17 0.97 17
INST16 160 13 20 0.9 2 0.9 2 0.94 9 0.94 9 0.94 9 0.94 9
INST17 159 9 24 091 2 0.91 2 0.92 6 0.93 5 0.92 6 0.93 5
INST18 157 11 13 0.85 0 0.85 0 0.91 4 0.92 3 0.92 4 0.92 3
INST19 155 6 10 0.8 0 0.8 0 0.9 5 0.92 3 0.9 5 0.92 3
INST20 158 14 13 0.86 0 0.86 0 0.92 4 0.93 3 0.92 4 0.93 3
INST21 162 12 16 0.86 1 0.87 0 0.87 4 0.89 2 0.87 4 0.89 2
INST22 162 13 20 0.87 1 0.87 1 0.92 4 0.93 3 0.96 14 0.96 14
INST23 164 11 14 0.86 1 0.86 0 0.92 3 0.94 1 0.96 10 0.96 10
INST24 164 11 19 0.81 0 0.81 0 0.87 3 0.9 0 0.93 8 0.94 7
INST25 164 9 17 0.8 0 0.8 0 0.89 4 0.91 2 0.93 6 0.94 5
INST26 161 14 21 0.92 3 0.92 3 0.96 10 0.96 10 0.96 10 0.96 10
INST27 162 17 9 0.88 1 0.88 0 0.94 7 0.94 7 0.94 7 0.94 7
INST28 169 12 15 0.86 0 0.86 0 0.9 8 0.92 6 0.93 9 0.93 9
INST29 165 13 13 0.88 1 0.89 0 0.91 8 0.93 6 0.94 10 0.95 8
INST30 161 11 18 0.89 0 0.89 0 0.94 6 0.94 6 0.94 6 0.94 6
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of postponed surgeries is still relatively small. This suggests that, the IORPS-
on model provides solutions that are close to what would be achieved with
complete prior knowledge.

Furthermore, the table illustrates a consistent trend in OR utilization rates
(%0Ut;s). The similarity in these rates between the IORPS-on and full
knowledge scenarios across most instances reinforces the model’s reliability
in efficient resource management.

In summary, Table §.4] effectively demonstrates the robust performance of
the JORPS-on model in surgical scheduling and emergency management. Its
ability to closely match or even replicate the outcomes of a full knowledge
scenario underscores its practical applicability in real-world hospital settings.

4.6 Conclusions

In this Chapter, we addressed a surgical scheduling problem that arises in a
local hospital in Naples. The problem includes specific requirements for man-
aging emergencies and potential variations in surgery duration due to compli-
cations experienced in practice. To address this, we developed two ILP formu-
lations, referred to as IORPS-off and IORPS-on. These models form the core
of an optimization tool that can be used by the hospital to plan an initial weekly
surgery schedule and quickly modify it when deviations from the plan occur.
The tool can also provide valuable insights on potential surgery department
re-configurations, upgrades, and expansions.

Our experimentation confirmed the usefulness of the proposed tool in sur-
gical practice. Furthermore, the mathematical models are flexible and can be
adapted in the future to include decisions about surgeons, anesthesiologists,
post-operative resources, and mobile equipment, making it a valuable for other
hospitals as well. Indeed, it shown that, by accurately tuning the planning
paratemers to be utilized in the JORPS-off, the IORPS-on model demonstrates
a good capability to adapt to surgical duration variations and emergencies with-
out drastically modifying the original surgery schedule. Such resilience en-
sures that surgeries are conducted efficiently, even considering uncertainties,
safeguarding both patient welfare and optimizing the resources, guaranteeing
in that way a good trade off between costs and quality of the service provided.

From a methodological perspective, future work may integrate the tool
with a heuristic framework to overcome computational issues that could arise
for larger hospitals.

Finally, we emphasize that the hospital plans to integrate the optimiza-
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tion tool into a broader digitalization project to enhance surgical outcomes.
Information technologies can simplify procedures and reduce administrative
burdens, ultimately improving healthcare processes and patient outcomes
[152] 58]. However, securely sharing information in the context of hospital
logistics and supply chain remains a concern [57]].



Chapter 5

Optimizing truck and drone
delivery system for last-mile
logistic in an healthcare
perspective: a branch-and-cut
approach

Innovations in last-mile logistics are critical for improving delivery efficiency.
One such promising approach combines trucks and drones, creating a unique
hybrid delivery system. While trucks serve as mobile depots, drones tackle
limited delivery ranges, relying on the trucks for battery swaps and parcel
transfers. Despite its apparent divergence from healthcare, its application for
drone routing in the medical sector, as hinted at by [235]], is direct and paves
the way for future exploration. Indeed, drones have been widely used in the
context of blood products delivery and pharmaceutical industry logistics, as
highlighted in[I] The use of drones in these contexts could bring several ben-
efits, such as expedited delivery times, reduced transportation costs, enhanced
access to remote or hard-to-reach areas, improved supply chain efficiency, and
increased safety by minimizing human exposure to unsafe environments. Fur-
thermore, its implementation can be tailored to actual scenarios, given that
drug packages are typically lightweight and compact, thus not posing issues
related to size. Additionally, the designated delivery points, represented by
pharmacies where staff is consistently available to receive the drugs, eliminate

153
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the need for coordination between the drone and the recipient.

5.1 Introduction and healthcare motivation

A truck-and-drone system is a hybrid delivery system composed of trucks and
drones. The two kinds of vehicles can serve customers in tandem or inde-
pendently. However, the drone is not completely autonomous because of its
limited payload and battery capacity. Thus, the truck acts also as a mobile
depot for the drone, swapping its battery and providing the parcels to be deliv-
ered. The system is aimed at serving all the customers minimizing the overall
delivery time. The usage of such delivery systems and the deriving routing
problems represent cutting edge research topic for the Operations Research
community and related literature has grown extremely fast, as witnessed by
the survey works reported in [170} 248]. In particular, a bunch of variants
of truck-and-drone routing problems has been proposed differing for the side
constraints envisaging either the operating conditions or different hybrid truck-
and-drone delivery system structures. For the first case, we mention, among
the others, the variants involving multiple customers within each drone sortie
[221], the dependence of the drone energy consumption on the carried weight
[178], and the presence of no-fly zones [311]. For the second case, instead,
we cite the variants involving multi-truck and multi-drone homogeneous and
heterogeneous fleets [200, 300].

Generally speaking, a truck-and-drone system can be conceived as a two-
echelon distribution system, whose main complexity issue is represented by
the synchronization between the two kinds of involved vehicles. Such an is-
sue characterizes all the two-echelon distribution systems and it is declined in
multiple ways depending on the specific features of the considered vehicles.
On this basis, with reference to a truck-and-drone system, we can define two
different operational schemes: a drone is launched from and recovered at the
same location where the truck stops for the whole duration of the sortie; the
truck launches a drone at a location and recovers it at a different location. It
is easy to understand that the drone battery capacity, or in other words its en-
durance, differently affects these two operational schemes. Indeed, in the first
case, the truck waits for the drone at a location and it is always available for the
recovering operation. Thus, such a scheme requires no actual synchronization
between the vehicles, but, on the other hand, it does not fully exploit the advan-
tages of such a hybrid delivery system. Instead, the second scheme presents
opposite features. Indeed, it has the advantage of simultaneously exploiting
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the truck and the drone for the delivery operations, but, on the other side, it
requires a significant coordination between the two vehicles, which have to
necessarily meet at the recovery location within a time period imposed by the
drone endurance.

From the routing problem perspective, the first operational scheme con-
figures a truck-and-drone problem which partially recalls the ideas underlying
the p-median path problem [[18]] and the truck-and-trailer routing problem [68]].
On the other side, the second operational scheme matches the definition of the
first truck-and-drone routing problem defined in the literature [[199], referred
to as the Flying Sidekick Traveling Salesman Problem (FS-TSP).

In short, the FS-TSP operations and main assumptions can be summarized
as follows. A set of customers must be served by a hybrid delivery system
combining a truck and a drone, both placed at a starting depot. The truck plays
a twofold role: it serves the customers met along its route and acts as a mobile
depot for the drone. More in detail, the truck carries the drone to a location
where it is loaded with a package, and it takes off to serve a customer. While
the drone is performing the delivery, the truck either serves other customers
or directly moves to the landing location where the drone is picked-up after
completing the delivery. Without loss of generality, the take-off and landing
locations correspond to the customer locations. Drone delivery operations are
subject to two main restrictions: limited flight range, due to its battery en-
durance, and limited load capacity, since it can transport only one package at a
time. For safety reasons, the drone can land only at the depot or on the top of
the truck. Therefore, the drone must hover at a landing location until the truck
arrives, so requiring the synchronization of their movements. After landing on
the truck, the drone battery is replaced with a fully charged one, thus it can
start a new delivery without idle time. The set of all the operations performed
by the drone (take-off, delivery, and landing), is referred to as sortie in the lit-
erature. The objective of the system is to minimize the time required for the
completion of the delivery operations.

For the sake of comprehension, Figure [3;1'] sketches three different solu-
tions of the FS-TSP on a small instance with one depot and 5 customers, rep-
resented by square and circles, respectively. Take-off and landing nodes are
highlighted in green and red, respectively. The solid arrow indicates the move-
ment of the truck (both with and without the drone on board), while the dashed
arrow indicates the movement of the drone in flight. The values on the arcs
represent the travel times. For the sake of simplicity, it is assumed that the
two vehicles move at the same speed. The time required to complete the deliv-
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Figure 5.1: Three different F'S-TSP solutions

ery operations corresponds to the time when both vehicles return to the depot,
after having served all the customers. It can be calculated as the sum of two
components: the routing time of the truck moving with the drone on board and
the time spent by the drone to complete each sortie. For example, in the first
solution, the truck moves with the drone on board to serve customer 1 with a
travel time of 12. At node 1, the drone is launched to serve customer 2 while
the truck serves customers 3 and 4. Then, the truck serves customer 5 where it
also picks-up the drone. The duration of the drone path is 21 while that of the
truck is 17. Thus, because of synchronization constraints, the duration of the
drone sortie is equal to the maximum between these two values. Finally, the
two vehicles return together to the depot with a travel time of 9. Consequently,
the completion time is 12+21+9 = 42. Coherently with these considerations, it
is possible to compute the travel time of the two vehicles, the duration of the
sorties, and the delivery time for the other two solutions. It is also important
to underline that the validity of such solutions depends on the endurance of
the drone. If the drone endurance is lower than the duration of a sortie, such a
sortie is unfeasible, thus making the corresponding solution unfeasible as well.
For example, if the drone endurance was equal to 20, the only feasible solution
would be the third one.

It is straight to understand that the FS-TSP represents a more complex
variant of the TSP which includes synchronization requirements. Thus, it is a
NP-hard problem as well, and it is extremely difficult to optimally and/or effec-
tively solve even on instances with few customers. As a result of this complex-
ity, most contributions in literature tackle the FS-TSP by heuristic approaches
[45] 182], 184], while just a few mathematical programming exact methods have
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been developed. Moreover, as is highlighted in the next section, available ex-
act methods either suffer of dimensionality drawbacks due to the usage of an
exponential number of variables, or suffer of tightness deficiency due to the
weakness of formulation constraints. In particular, formulations characterized
by path-based variables generally belong to the first class of methods while for-
mulations using three-index and/or time variables in combination with big-M
constraints usually fall in the second one. This work is aimed at overcom-
ing these inconveniences by providing the following threefold methodological
contribution:

* We introduce a new mixed-integer linear programming (MILP) arc-
based formulation for the F'S-7SP with a polynomial number of three-
index variables.

* We present a Branch-and-Cut (B&C) algorithm for solving the F'S-TSP
based on new families of valid inequalities and different variable fixing
strategies. In particular, the valid inequalities are grounded on the vehi-
cle coordination while the variable fixings are based on drone endurance.

* We provide an extensive experimentation on the benchmark instances
used by the state-of-the-art algorithms for the FS-TSP [47) 83 247].
The computational results show that our approach is competitive or out-
performs the state-of-the-art approaches. Indeed, it either provides the
optimal solution for some instances that have never been solved before
or returns improved upper bounds to those that are still unsolved.

The remainder of the chapter is organized as follows: in Section [5.2] we
revise exact solution methods for the F'S-TSP; in Section[5.3] we recall the FS-
TSP and we present the MILP formulation; Section [ﬂ] describes the Branch-
and-Cut algorithm, the valid inequalities, and the variable fixings; Section[5.3|
is devoted to the computational results; finally, conclusions are given, and per-
spectives on future works on this topic are discussed in Section [5.6]

5.2 Literature review

The research activity on truck-and-drone delivery systems and, in particular,
related routing problems have been significant in the last few years. For a
complete review on variants of the FS-TSP the interested reader is referred
to [178l 202]], on single-truck multi-drone to [65, [200]], and on multi-truck
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single/multi-drone to [262, 300]]. In this work, we focus our revision on exact
solution methods for the FS-TSP. We describe each method from a twofold
perspective to evaluate its effectiveness. From a mathematical point of view,
the evaluation is based on the kinds of variables and constraints used to for-
mulate the problem. In particular, arc-based formulations generally present a
polynomial number of two/three-index variables, while path-based formula-
tions use an exponential number of variables. The first kind of formulations
is generally easy to implement within currently available solver frameworks,
while the second one involves the development of ad-hoc solution methods.
Moreover, some formulations address the time dimension and/or the synchro-
nization between the two vehicles by using big-M constraints that generally
lead to weak linear relaxations. From a computational point of view, we high-
light the instances used for the experimentation and briefly describe the re-
sulting performance since the instance size and the computational burden are
aspects generally used to evaluate a solution method. On this basis, we point
out that the discussed methods consider one or more of the following three test
beds for the F'S-TSP:

- The set of 72 instances proposed in [199]] with 10 customers and differ-
ent endurance values (20 and 40 minutes) (M 10-instances).

- The set of 240 instances proposed in [199] for a different truck-and-
drone problem and adapted in [83]] for the F'S-TSP. These instances have
20 customers, and the endurance is set to either 20 or 40 minutes (M20-
instances).

- The set of 300 instances proposed in [222] for a variant of the FS-TSP
with up to 39 customers and an endurance equal to 20 minutes (POI-
instances).

The first work addressing the FS-TSP is reported in [199]]. In this work,
the authors present for the first time the FS-TSP and propose a MILP model
to solve it which uses three-index and time variables and big-M constraints.
None of the M10-instances is solved by a commercial MILP solver within a
time limit of 1800 seconds.

Starting from the MILP proposed in [199], a two- and a three- index for-
mulation with time variables and big-M constraints are presented in [85] and
tested on the M10-instances. The best results are obtained using the two-index
formulation which solves 33 and 26 instances with a drone endurance of 20 and
40 minutes, respectively. The same authors successively propose an improved
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formulation with only two-index variables and big-M constraints in [83], able
to optimally solve for the first time all M10-instances. In addition, they test
the new formulation on the M20-instances, providing the optimal solution of
58 and 2 instances with a drone endurance equal to 20 and 40 minutes, re-
spectively. Recently, the same authors present a solution method based on a
branch-and-bound scheme coupled with an assignment problem in [84]. They
are able to solve only the M10-instances and a few instances with up to 19
customers of the POI-instances.

Almost contemporarily to [83l], two new formulations for the FS-TSP are
proposed in [263]. Two-index and time variables characterize both formula-
tions, but the second one uses a joint representation of the drone sortie to re-
duce the number of variables. They solve to optimality: all the M10-instances;
32 M20-instances with an endurance equal to 20 minutes; 3 M20-instances
with an endurance equal to 40 minutes .

A new formulation based on an extended graph representation of the FS-
TSP with path-based variables but without big-M constraints is proposed in
[47]. The authors develop a column-and-row generation approach to solve the
proposed formulation. They are able to solve all the M10-instances, and 80
and 5 M20-instances of the considering a drone endurance equal to 20 and
40 minutes, respectively. The same authors then extend their method in [48]]
and [43]], including cyclic sortie and trying to use the proposed method in
combination with data science techniques, respectively.

The method currently able to optimally solve the largest FS-TSP instances
is presented in [247]. The authors propose a compact formulation consider-
ing the truck and drone as a single entity leading to an exponential number
of variables. Therefore, the authors develop a branch-and-price method to
solve the formulation where the pricing problem is solved using a dynamic
programming approach. The method is tested on a modified version of the
POl-instances. In particular, the authors round up all the travel time to make
them integer. The results show that the proposed method solved almost all the
instances with up to 39 customers.

From this review, it is clear that our method is the only one considering an
arc-based formulation with a polynomial number of three-index variables and
without time variables and big-M constraints.
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5.3 Flying sidekick traveling salesman problem (FS-
TSP)

In this section, we first briefly recall the FS-TSP description as defined in
[47, 183, 1199, 247|] and simultaneously introduce the problem notation, then
we present the proposed original formulation.

5.3.1 Description and notation

The FS-TSP considers a set of customers, C, that have to be served exactly
once, either by the truck or the drone. The two vehicles depart from and return
to a single depot once. The proposed formulation splits the depot into a source
node, s, and a destination node, t. Moreover, let V' be the set of nodes, V =
C U {s,t}, and A the set of arcs, A = {(i,j) : i € CU{s},j € CU{t}}.
The travel time of the truck (drone) on each arc (i, j), (i,j) € A, is indicated
with tij (dm)

The truck has an infinite capacity and serves all the customers met along its
route. Moreover, it acts as a mobile depot for the drone providing the packages
and dispatching the drone to serve the customers.

The drone can serve one customer per sortie. Therefore, a sortie is charac-
terized by a launch node, a rendezvous node, and a customer node. The launch
and the rendezvous nodes can be either the depot or a customer node. In addi-
tion, they must be different except if there is only one sortie starting from and
ending at the depot. The duration of a sortie is limited by the drone endurance
(Dtl). The truck must collect the drone before its flight time exceeds its en-
durance because the drone cannot land due to safety reasons. On this basis,
it is clear that the two vehicles must be synchronized at the beginning and at
the end of a sortie. Moreover, setup times arise when the drone is launched
(launch time, SL) or retrieved (recovery time, SR). We point out that there is
no launch time in the depot and that the recovery time is included in the en-
durance computation. For the sake of readability, the notation is also reported
in Table 5.11

The objective is to minimize the duration of the delivery process, i.e., the
time needed by the two vehicles to serve all the customers and return to the
depot.

On the basis of this description, the F'S-TSP involves three kinds of deci-
sions: identification of the customers served by the drone; selection of launch
and rendezvous nodes for each drone sortie; definition of the truck route.
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Table 5.1: Notation used for the F'S-TSP formulation.

Problem notation

Sets:

C set of customers

{s} tandem starting node

{t} tandem ending node

Vv set of nodes, C'U {s,t}

A set of arcs
Parameters:

tij truck travel time on the arc (i,j)
d;j drone travel time on the arc (i,j)
Dtl drone endurance

SL launch service time

SR recovery service time

5.3.2 Formulation

To model the FS-TSP by a MILP formulation, we introduce the following sets
of variables based on the previous problem description and notation:

- ¥ij» (1,7) € A, is equal to 1 if the truck travels along the arc (4, j) (with
or without the drone on board), O otherwise.

- x5, (1,J) € A, is equal to 1 if the drone flies along the arc (i, 7), O
otherwise.

- %hj, (i,j) € A, h € C, is equal to 1 if the arc (¢, j) is traveled by the
truck while the drone is performing the drone sortie serving customer h,
0 otherwise.

- 0" h € C,isequal to 1 if customer A is served by the drone, 0 otherwise.

- whieCu{s},heC,isequal to 1 if node i is the launch node of the
drone sortie serving customer h, 0 otherwise.

- (5?, j € CU{t},h € C,isequal to 1 if node j is the rendezvous node
of the drone sortie serving customer h, 0 otherwise.
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- o, h € C U {t}, is a continuous variable indicating the truck waiting
time at the destination node of the sortie serving customer h. If customer
h is served by the drone, then o® = 0.

Consistently with this notation and variables, the makespan of the delivery
process, i.e., the objective function, can be written as:

min Z tl]yZJ+Z(SL+SR) Hh—ZSLOJ2+ Z ol

(i,j)€EA heC heC heCU{t}

where the first term measures the duration of the truck path, the second and
the third term evaluate the total launch and recovery service time (the launch
service time at the depot is equal to 0), and the fourth term assesses the total
truck waiting time.

Then, the set of constraints can be divided into the following six families.

Truck routing constraints

Z Ysj = Z yir =1 (5.1

ji(s,j)EA i:(i,t) €A
> owii= Y yp<l ieC (52
Ji(i,5) €A G:(j,i)eA
S > a-oh 2CSCV, ge S\ {st} (53)
1,j€S|(i,j)€A heS\{q}

They impose that there is a truck path from the origin node s to the destination
node ¢, in any feasible solution. Constraints (5.3)) are the subtour elimination
constraints. As in the formulation of the orienteering problem [126]], given a
subset of nodes .S, constraints (5.3)) impose that the number of arcs with origin
ad destination in .S traveled by the truck must be less than the number of nodes
served by the truck in the subset S.

Truck path and launch/rendezvous linking constraints

oAl =l heC (5.4)
ji(s.qeA

Y =0 heC (55)
ji(it)EA

Yooaki— D Ah=wl-of i,heC (56)

J:(i,5)€A Ji(i,5)€A
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They impose that there is a truck path without the drone onboard from the
launch node to the rendezvous node of each drone sortie serving customer h.
The constraints (5.4) ensure that if a sortie includes the tandem starting node,
then the launch node of the sortie must be the starting node itself. Similarly,
the constraints (5.5]) ensure that a sortie must finish at the tandem ending node
if it is part of the sortie. Lastly, the constraints (5.6) guarantee that a sortie
must start at a launch node and end at a rendezvous node.

Single assignment constraints

Ysj + Tg5 < 1 (s,j) €A (5.7)
yit + wi < 1 (i) €A (5.8)
Yij + Ty +xj < 1 i,j€C|(i,j) €A (5.9)

> o+ =1 heC (5.10)
ji(hj)eA

Constraints and (5.8) impose that each arc cannot be traveled by the truck
and the drone simultaneously for the arcs exiting from the starting node and for
the arcs entering into the ending node, respectively. Constraints (5.9) impose
that each arc between two customers can not be traveled by the truck and the
drone simultaneously and avoid loops in which the launch and recovery nodes
of a sortie are the same node. Constraints impose that each customer
must be served either by the truck or by the drone.

Consistency constraints

Do < i (i,j) € A (5.1D)
heC
doowi= ) =0 heC (512)
i€V\{t,h} JEV\{s,h}
zij <0+ 67 (i,7) € A (5.13)
i < w! + 8 (i,) € A (5.14)
Yo=Y wi46i<1 ieC (5.15)
j:(i,j)€A heC\{i}
i:(4,7)EA heC\{j}

Constraints (5.11) ensure the consistency between the arcs traveled by the truck
during a sortie and the origin-destination truck path. Moreover, if a customer
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h is served by the drone (A" = 1), constraints impose that the corre-
sponding sortie must have a launch and a rendezvous node. Constraints
guarantee that if the drone travels the arc (i, 7), (i,j) € A, then either node
i or node j is a customer served by the drone. Constraints (5.14) ensure that
if the drone travels the arc (i, j), (i,j) € A, then either node 7 is the launch
node of the sortie serving node j or node j is the rendezvous node of the sortie
serving node i. Constraints (5.15]) guarantee that an arc coming out of a node i
can be traveled by the drone only if the drone serves ¢ or it is the launch node
of a sortie. Finally, constraints ensure that an arc entering a node j can
be traveled by the drone only if the drone serves j or it is the rendezvous node
of a sortie.

Drone endurance constraints

> iy < (Dt — SR)0" heC (517)
(i,7)EA

> dpwf+ > dydl < (Dtl - SR)6" heC (5.18)
1€V\{t} JjeV\{s}

Constraints (5.17) impose an upper bound on the duration of the truck path of
the sortie serving customer h, while constraints (5.18)) impose the same upper
bound on the duration of the drone path of the sortie.

Waiting time constraints

Z dipw; + Z dp;0) — Z tivp, < o heC (5.19)
1€V \{¢} JjeV\{s} (i,5)eA

Constraints (5.19) are needed to consider the truck waiting time in the objective
function.

Based on the model just described, it is possible to highlight the main dif-
ferences with the formulations previously described in the literature review.
Specifically, the proposed model differs in three main aspects: the expres-
sion of the objective function, the subtour elimination constraints, and the con-
straints that ensure synchronization between the two vehicles.

Formulations that use time-variables [85, 247, [263]] have such variables in
each of these elements of the formulation. Specifically, the subtour elimination
constraints and synchronization constraints are Big-M constraints. Therefore,
these formulations are generally characterized by a weak lower bound at the
root node. In contrast to the previous ones, the formulations proposed in [[83,
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263|| use time-variables, but these are only used for synchronization while the
objective function is expressed as the sum of travel times and waiting times at
the rendezvous nodes. This still involves the presence of Big-M constraints,
but in a smaller number and therefore a better value of the lower bound.
Finally, the main difference with the formulation proposed in [47] is rep-
resented by the number of variables and constraints. Specifically, this formu-
lation involved the use of an exponential number of variables for the sorties,
as opposed to the polynomial order %hj variables of the proposed formulation.
It is clear that the presence of an exponential number of variables also entails
the presence of an exponential number of constraints to ensure consistency
with the rest of the model. Such constraints are not necessary in the proposed
model, and therefore the only exponential number of constraints are the sub-
tour elimination constraints present also in the formulation reported in [47]].

5.4 Branch-and-cut approach

The proposed formulation contains an exponential number of constraints due
to the subtour elimination constraints (5.3). Therefore, we developed a Branch-
and-Cut (B&C) procedure that solves the problem without constraints and
then adds to the formulation only the lazy constraints (5.3) violated each time
an integer solution is found. Moreover, the B&C effectiveness is further im-
proved by the integration of several valid inequalities and variable fixings. The
valid inequalities are introduced to strengthen the proposed formulation, in-
creasing the quality of the lower bound. The variable fixings are implemented
to reduce the solution space. In this section, we begin by introducing the valid
inequalities, then discuss the variable fixing strategies. Finally, we present the
implementation settings for the B&C.

5.4.1 Valid inequalities

This subsection presents four families of valid inequalities based on the co-
ordination of the two vehicles (i.e., the coherency between the truck and the
drone movements when operating in tandem).

Cut inequalities

Proposition 1. Given the graph G(V, A) and two nodes p and q, p, q € V,
let C'ut(p, q) be a generic cut on the graph G between the nodes p and q, and
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let hyh € C, be a generic customer. Then, the cut inequalities:

> oy =1-0" (5.20)
(2,5)€Cut(s,h)

and

Y y=1-0" (5.21)
(,5)€Cut(h,t)

are valid for the FS-TSP formulation.

Proof. If the drone does not serve customer h (0" = 0), there must be a truck
path from the origin node s to h and from h to the destination node ¢ in any
feasible solution. Therefore, an arc must cross any cut from s to » and from h
to t. 0

It is also simple to prove that constraints (5.20) and (5.21)) can be used as
subtour elimination constraints. Indeed, they guarantee that the set of the arcs
traveled by the truck, {(i,j) € A | y;; = 1}, define a connected graph and
constraints (5.2) prevent the truck from coming back to a previously visited
node. So, any solution presenting a subtour violates at least an inequality in
(5.20), (5.21) or (5.2). The cut inequalities (5.20) and (5.21) are separated
and added to the formulation at each node belonging to the first three levels
of the enumeration tree. The separation procedure solves the minimum cut
problem [150], from the origin node s to ~ and from h to the destination node
t on the weighted graph G’(V, A, W) where the weight w;; on the generic arc
(,7), (1,7) € A, is given by the value of the corresponding y;; variable. If the
value of the minimum cut is less than 1 — 6", then the violated cut inequality
is added to the formulation.

Proposition 2. Let h and k be two customer nodes, h, k € C. Let Cut(h, k)
and Cut(k, h) be a cut between the nodes h and k and nodes k and h, respec-
tively. The 2—cut inequality:

Yoot Y, w106 (5.22)
(4,7)ECut(h,k) (3,7)€Cut(k,h)
is valid for the FS-TSP formulation.

Proof. If customers h and k are not served by the drone (6" = 6% = 0), then
the truck either travels from h to k or it travels from from & to h. Therefore,
a cut from h to k or from k to h must be crossed by an arc traveled by the
truck. O
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As the previous set of cut inequalities, the 2-cut inequalities (5.22)) are
separated and added to the formulation at each node belonging to the first
three levels of the enumeration tree. The separation procedure solves the min-
imum cut problem from the k to h and from h to k on the weighted graph
G'(V, A,W) where the weight w;; on the generic arc (i, j), (i,7) € A, is
given by the value of the corresponding y;; variable. If the value of the mini-
mum cut is less than 1 — 6" — 6%, then the violated cut inequality is added to
the formulation.

Finally, the following proposition defines another family of cut valid in-
equalities by considering the sets of w and § variables.

Proposition 3. Given a couple of nodes p and q, p, q € V, and a customer
node h, h € C, the following inequality:

Y oy zwy -1 (5.23)
(,4)€Cut(p,q)

is valid for the FS-TSP formulation.

Proof. 1f customer h is served by a drone launched from node p and retrieved
at node q (ouzlg1 = 5[’; = 1), then the truck travels from p to q. Therefore, a cut
from p to ¢ must be crossed by an arc traveled by a truck. O

The cut inequalities (5.23)) are separated and added to the formulation at
each node belonging to the first three levels of the enumeration tree. The sepa-
ration procedure solves the minimum cut problem from the origin node p to the
destination node ¢ on the weighted graph G'(V, A, W) where the weight w;;
on the generic arc (i, j), (i, ) € A, is given by the value of the corresponding
y;j variable. If the value of the minimum cut is less than wf; + 52 — 1, then the
violated cut inequality is added to the formulation.

Drone sortie inequalities

Let 7 — k — j be a triple of nodes in the set V, if d;;, + dj; > Dtl — Sr, then
the sortie is infeasible and the inequality:

wi + 67 <1 (5.24)

is valid for the FS-TSP formulation. Valid inequalities are polynomial
in number since the number of triple of nodes is |V|3. As a result, these in-
equalities can be included at the beginning of the formulation.
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Truck sortie inequalities

Let A’ be a subset of arcs, A" = {(i,7),(i,j) € A : t;; > Dtl — SR}, if

wf =1,then ) %kj = 0 for each k € C and for each [ € V. Therefore,
L:(1,5)€A!

the inequality:

Yoo <1-wf (5.25)
1:(1,j)eA

is valid for the F'S-TSP formulation.
Likewise, if 5;-“ = 1then . ~% = 0 foreach k € C and for each

L:(i,l) €A/
1 € V. Therefore, the inequality:
D mE1-9 (5.26)
l:(i,l)eA

is valid for the FS-TSP formulation.

Valid inequalities are polynomial in number since the number
of arcs is approximately |V|2. As a result, these inequalities can be included
as user cuts at the beginning of the formulation.

Let P(i,j) be a path from i to 7, (P(i7) =
{(%, 1), (s1,52), s (Sn—1,74)}, and D(P(i,5)) be its track travel time,

D(P(i,j))= >  tij. If D(P(i,5)) > Dtl — SR then the inequalities:
(4,5)€P(4,5)
> A <IPG,) -1 keC (5.27)
(4,5)€P(4,5)

are valid for the F'S-TSP formulation.

Valid inequalities are exponential in number since the number of
possible paths is exponential to the number of nodes. Therefore, we add to the
formulation only those for which |P(i,j)| < 2, where |P(i,j)| denotes the
number of arcs in the path P(i, j).

Variable upper bounds

Let (i, k) and (k, 7) be two arcs traveled by the drone from the launch node 7
to the customer & and from the customer k& to the rendezvous node j, then the
variable upper bounds:

WP <z (k)€ A (5.28)
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and
5 <ap; (kj)eA (5.29)

are valid for the FS-TSP formulation. Variable upper bounds (5.285.29) are
polynomial in number since they are related to the number of arcs. As a result,
these inequalities can be included at the beginning of the formulation.

5.4.2 Variable fixing strategies

This subsection presents two families of variable fixings based on the drone
endurance. In particular, for each arc (4, j), (¢, j) € A, we can set:

Tij = 0 (’L,]) cA: dij > Dtl — SR (5.30)
and
V=0 keC, (i,j)€A: t;j >Dtl— SR (5.31)

Moreover, if the triangular inequality with respect to the drone travel times
and the truck travel times holds and d;; = dj; < t;; = tj;, for each arc
(i,7), (4,7) € A, we can set to zero also other ’yfj variables with ¢;; < Dtl —
SR by considering the following proposition.

Proposition 4. If d;;, + di; > 2 x (Dtl — SR) — t;5, then 'yf’j = 0 in any
feasible solution.

Proof. Any sortie where the truck travels the arc (7, j) cannot be in any feasible
solution.

Case 1: Sortiei — k — j.
If dik+dkj +t;5 > 2% (Dtl—SR), then either dik+dkj > Dtl-SR
or t;; > Dtl — SR violate an endurance constraint.

Case 2: Sortiep — k —qwithp #£iorq#j.

If the truck travels the arc (7,j), since the triangular inequal-
ity holds, the truck time of the sortie is greater than or equal to
tpi +1t;j+1;4 while the drone time of the sortie is equal to dp,; + dg-
If d;; < t;; for each (i, ), (i,7) € A, the sum of the truck time and
the drone time of the sortie di + t; + 15 + tjq + diq can be de-
creased by considering the sum d;;; + t;; + dy;. So, as in Case 1,
the sortie is not feasible.

O]



170 CHAPTER 5. AN EXACT SOLUTION METHOD FOR THE FSTSP

5.4.3 Implementation settings

The implementation of the B&C is based on a classical framework, envisag-
ing the solution of a relaxed problem and the introduction of violated cuts.
Thus, it starts with the solution of the linear programming relaxation obtained
considering:

* the set of X, y, 7, 0, 9, and w variables;

* the subset of truck routing constraints (5.1-5.2);

* the truck path and launch/rendezvous linking constraints (5.4-5.6);
* the single assignment constraints (5.7-5.10);

* the consistency constraints (5.11-5.16);

* the drone endurance constraints (5.17-5.18);

* the waiting time constraints (5.19).

The relaxation is eventually strengthened with the integration of the the valid
inequalities (5.24), (5.25), (5.26), (5.28), and (5.29), the subset of the valid in-
equalities (5.27) with | P;;| < 2, the variable fixing strategies (5.30) and (5.31).
Then, at each node of the first three levels of the enumeration tree we separate
the valid inequalities (5.20}{5.23) by using a max flow separation procedure for
both integer and fractional solutions [44]. These cuts are separated if the viola-
tion exceeds a threshold equal to 0.01. Successively, at each other node of the
enumeration tree, if an integer solution is found, we separate the truck routing
constraints (5.3).

5.5 Computational results

This section presents and discusses the computational results of the experi-
mentation performed to evaluate and validate the proposed formulation and
the Branch-and-Cut (B&C) algorithm. The B&C algorithm has been coded
in C language using Cplex 12.7 with default setting as MILP solver, impos-
ing a computation time limit of 1 hour. The experiments are performed on an
Intel(R) Core(TM) i7-8700, 3.20 GHz, 16.00 GB of RAM.

The experimentation results are presented in two different subsections. The
first subsection shows the impact of valid inequalities and variable fixing strate-
gies on the performance of the B&C algorithm. In the second subsection, the
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performance of the proposed B&C algorithm is assessed by comparing it with
state-of-the-art solution approaches for the F'S-TSP.

These three settings are tested on the M10-, M20- and POI-instances de-
scribed in Section[3.2

5.5.1 Impact of valid inequalities and variable fixing strategies

In this subsection, we assess the impact of variable fixing strategies and valid
inequalities from different perspectives: number of instances optimally solved,
gap, running time and quality of the continuous relaxation at the root node. To
this end, we tested three different settings:

e MILP: this setting involves solving the MILP formulation as described
in Section[5.31

* MILP-PVI: this setting involves solving the MILP formulation inte-
grated with all the polynomial valid inequalities and variable fixing
strategies, i.e., constraints (5.24}{5.31)). This setting considers all the in-
equalities that can be added upfront to the model.

* B&C: this setting involves solving the MILP formulation integrated with
valid inequalities and variable fixing strategies. This setting considers all
the proposed improvements, including the ones requiring a separation

procedure, i.e., constraints (5.20}{5.23).

We emphasize that we do not consider the POI-instances for evaluating the im-
pact of the variable inequalities and variable fixing strategies. This is because,
for the FS-TSP, the travel time of these instances is rounded up. Therefore, the
integer nature of the travel time of these instances can lead to some bias in the
results.

Results on M10-instances

The three settings are able to solve all the instances within the time limit.
Therefore, Table provides a comparison of the different settings in terms
of running times on the M10-instances. The instances are grouped based on
three different criteria: the position of the depot (Dep), the speed of the drone
(s4), and the drone endurance. For the depot position, the letter "a" indicates
that the depot is located near the center of gravity of the customers, while "b,"
"c," and "d" represent the following (X, y) coordinates: (4.0, 2.7), (4.0, 0.0),
and (4, -2.7), respectively. For each instance group, we indicate the number of
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Table 5.2: Impact of valid inequalities and variable fixing strategies on running
times for M10-instances

MILP MILP - PVI B&C
#Ins Avg time Max time Avg time Max time Avg time Max time

Dep=a 18 1.52 3.52 2.56 6.58 22 4.74
Dep=b 18 1.29 2.60 2.20 4.75 2.00 3.60
Dep=c 18 1.15 2.26 1.63 4.93 1.69 3.30
Dep =d 18 1.24 3.59 1.44 3.14 1.61 3.72
sq =15 24 1.04 2.13 1.40 3.06 1.55 3.72
sq =25 24 1.63 3.59 2.28 6.58 2.20 3.42
sq =35 24 1.23 2.74 2.22 4.93 1.88 4.74
Dtl =20 [ 36 [ 1.3 [ 3.59 [ 2.41 [ 6.58 [ 1.34 [ 3.42
Dtl =40 [ 36 [ 1.30 [ 2.39 [ 1.53 [ 4.93 [ 2.42 [ 4.74

All [ 72 [ 1.30 [ 3.59 [ 1.97 [ 4.93 [ 1.88 [ 4.74

instances in the column "# Ins". Then, for each setting we report the average
and the maximum running time in the columns "Avg time" and "Max time",
respectively.

The results demonstrate that all three settings can solve each instance of
this test bed within a matter of seconds. Furthermore, it is observed that the
running times of the two settings that incorporate the proposed enhancements
(MILP-PVI and B&C) are either comparable or slightly higher than those of
the basic setting (MILP). This can be attributed to the fact that the formulation
associated with the MILP setting is already efficient for these small instances,
and therefore, the valid inequalities and variable fixing strategies only augment
the size of the formulation that needs to be solved, without having any other
significant impact. However, the B&C setting displays superior performance
to the MILP-PVI setting, demonstrating that the combination of all the en-
hancements produces better outcomes in terms of running times, even for the
small instances, than just the polynomial inequalities.

Furthermore, analyzing the variation of the computation times depending
on the instance characteristics, we can observe that all settings have similar
trends. Indeed, concerning the depot position, the "a" position, corresponding
to the instance center of gravity, is the group of instances that, on average,
require more time. This can be explained by considering that a baricentric
position of the depot does not address the possible vehicle routes compared
to a more specific position. Regarding the drone speed, the most complex
instances are those in which the drone has a speed of 25 km/h. It should be
noted that for all these instances, the truck speed is always 25 km/h. Therefore,
instances where the two vehicles have similar speeds are more complex, as

they cannot prefer one vehicle over the other for deliveries. Finally, regarding
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the last criterion, a higher endurance corresponds to higher computation times
since the solution space is larger.

Table[5.3]presents a comparison of the different settings in terms of contin-
uous relaxation at the root node. Specifically, we solve the corresponding con-
tinuous relaxation for each setting to obtain a lower bound for the problem. The
percentage gap at the root node RGap is then computed as (BUB-LB)/LB-100,
where BUB is the best upper bound known and LB is the lower bound obtained
by the continuous relaxation. The columns "Avg RGap" and "Max RGap"
show the average and maximum RGap for each setting. For the MILP-PVI and
B&C settings, we also compute the percentage difference between the LB ob-
tained with these settings and the one obtained with the MILP setting. This per-
centage difference is calculated as (LB-L By, p)/LBysrrp-100, where LB is
the lower bound computed with the MILP-PVI or B&C setting, while LBysrr.p
is the lower bound obtained with the MILP setting. The average and maximum
difference percentage are reported in the columns "Avg Diff" and "Max Diff",
respectively.

The results regarding the root node relaxation demonstrate that both the
MILP-PVI and B&C settings lead to an improvement of the lower bound, even
on the small instances. Specifically, it can be observed that, on average, the
MILP-PVI setting improves the lower bound by approximately 1%, with some
instances showing improvements of up to 12%. As expected, the B&C set-
ting yields even more significant improvements, with an average increase in
lower bound of around 31% and a maximum increase of approximately 60%.
Furthermore, it is worth noting that, for the B&C setting, the average Rgap is
below 10%, which is lower than the average Rgap of the other two settings, and
the maximum Rgap is even lower than the average Rgap of the other settings.
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Table 5.3: Impact of valid inequalities and variable fixing strategies on root node relaxation for M 10-instances

MILP MILP - PVI B&C
#Ins Avg RGap Max Rgap Avg Rgap Max Rgap Avg Diff i Max Diff Avg Rgap Max Rgap Avg Diff Max Diff

Dep=a 18 32.49 40.19 31.86 40.19 0.99 i 11.95 10.60 21.12 32.90 54.66
Dep =b 18 33.52 43.88 33.01 43.88 0.83 | 9.13 9.48 24.32 37.23 60.31
Dep=c 18 29.17 42.87 28.38 42.87 1.20 i 11.42 7.22 24.30 32.10 59.55
Dep=d 18 23.96 35.56 23.07 35.56 1.20 i 5.49 6.18 16.32 23.96 40.76
vg =15 24 31.30 42.87 29.97 42.87 2.07 i 11.95 8.43 24.30 33.99 59.55
vg =25 24 30.52 43.88 30.09 43.88 0.57 i 5.47 10.99 24.32 28.96 52.39
vg =35 24 27.55 37.87 27.18 37.87 0.51 i 4.66 5.69 14.90 31.69 60.31
Dtl =20 i 36 30.59 i 43.88 29.74 43.88 i 1.35 i 11.95 7.51 24.32 i 34.29 59.87
Dtl =40 i 36 28.98 i 42.87 28.42 42.87 i 0.75 i 5.47 9.23 24.30 i 28.81 60.31

All i 72 29.79 i 43.88 29.08 43.88 i 1.05 i 11.95 8.37 24.32 i 31.55 60.31
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Results on M20-instances

Table[5.4] presents a comparison of the different settings in terms of number of
instances optimally solved, gap, and running times on the M20-instances. The
instances are grouped based on two criteria: the position of the depot (Dep) and
the drone endurance. The letter "C" indicates that the depot is located near the
center of gravity of the customers, while "E" and "O" represent the average of
the customer x-coordinate with y-coordinate of zero and the southwest corner
of the region (0,0), respectively. The column "# Ins" indicates the number of
instances in each group. For each setting, we report the number of instances
optimally solved within the time limit ("# Opt"), the average and maximum
percentage gap ("Avg Gap" and "Max Gap"), and the average running time
("Avg time"). The percentage gap is calculated as (UB-LB)/LB-100, where UB
and LB represent the upper and lower bounds obtained by the different settings.

The results indicate that the running times of the two settings incorporating
the proposed enhancements (MILP-PVI and B&C) are significantly lower than
those of the basic setting (MILP). Specifically, the average running times of
MILP-PVI and B&C are about 60% and 50% of the average running time of
the MILP setting, respectively. This is due to the fact that while MILP setting
can optimally solve 226 out of 240 instances, the MILP-PVI and B&C settings
solve 232 and 235 instances within the time limit, respectively. Furthermore,
all the settings have an average gap lower than 0.30%. However, the MILP-PVI
and B&C settings have an average gap that is half and one-third of the MILP
setting, respectively. Finally, with regard to the maximum percentage gap,
it can be observed that MILP-PVI yields a slight decrease in the maximum
percentage gap compared to the MILP setting. On the other hand, the B&C
setting reduces the maximum percentage gap by about 4%.

Analyzing the variation in the number of instances optimally solved, per-
centage gap, and computation times depending on the instance characteristics,
we can observe that all settings exhibit similar trends on the M20-instances.
Regarding the depot position, the "E" position, which corresponds to the bot-
tom side of the instance, requires, on average, more time and has the lowest
number of instances optimally solved. However, it is worth noting that only 8
instances out of 80 are not solved by the MILP setting, while the B&C setting
is unable to solve just 4 instances of this group. As for the drone endurance,
a higher endurance leads to higher computation times and a larger number of
instances that are not optimally solved within the time limit, similar to the pre-
vious instances. However, unlike the depot position, the drone endurance has
a more significant impact on the performance of all settings.



CHAPTER 5. AN EXACT SOLUTION METHOD FOR THE FSTSP

176

Table 5.4: Impact of valid inequalities and variable fixing strategies on number of instances optimally solved, gap, and

running times for M20-instances

MILP MILP - PVI B&C
# Ins # Opt Avg Gap Max Gap Avg time # Opt Avg Gap Max Gap Avg time # Opt Avg Gap Max Gap Avg time
Dep=C 80 77 0.12 4.15 466.87 79 0.02 1.80 270.73 80 0.00 0.00 190.31
Dep=E 80 72 0.58 14.33 891.21 75 0.36 13.98 544.87 76 0.28 10.30 441.54
Dep=0 80 77 0.12 4.03 541.46 78 0.04 2.19 380.78 79 0.01 0.91 287.49
Dil=20 [ 120 117 0.09 [ 4.43 265.58 119 0.05 [ 6.47 [ 9391 T 119 0.04 ] 5.31 [ 7743
Dtl = 40 i 120 109 0.46 i 14.33 980.11 113 0.23 i 13.98 i 703.68 i 116 0.15 i 10.3 i 535.46
All i 240 226 0.27 i 14.33 622.85 232 0.14 i 13.98 i 398.8 i 235 0.10 i 10.30 i 306.44
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Table[5.5|compares the different settings in terms of continuous relaxation
at the root node for the M20-instances. For each setting, we provide the aver-
age and maximum percentage root gap, as well as the average and maximum
percentage difference.

The root node relaxation results indicate that both the MILP-PVI and B&C
settings provide a significant improvement in the lower bound for the M20-
instances. On average, the MILP-PVI setting leads to a 4% improvement in
the lower bound, with some instances showing improvements of up to 18%.
Similarly, as observed in the M10-instances, the B&C setting demonstrates
more significant improvements, with an average increase in the lower bound
of around 36% and a maximum increase of approximately 97%. It is worth
noting that the average Rgap for the B&C setting is below 20%, which is lower
than the average Rgap for the other two settings, while the maximum Rgap is
comparable to the average Rgap for the other settings.
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Table 5.5: Impact of valid inequalities and variable fixing strategies on root node relaxation for M20-instances

MILP MILP - PVI B&C
#Ins Avg RGap Max Rgap Avg RGap Max Rgap Avg Diff Max Diff Avg RGap Max Rgap Avg Diff Max Diff
Dep=C 80 34.66 57.81 31.91 54.83 4.38 14.71 14.78 34.93 32.14 97.60
Dep=E 80 44.09 58.61 41.95 56.44 3.95 17.44 22.87 4291 39.78 93.22
Dep=0 80 40.17 59.22 38.11 57.66 3.71 16.23 19.12 39.07 39.78 96.13
Dtl =20 i 120 38.83 i 58.61 36.73 56.33 i 3.67 17.44 16.42 4291 i 39.06 96.13
Dtl =40 i 120 40.45 i 59.22 37.91 57.66 i 4.36 15.08 21.43 39.07 i 34.01 97.60
All [ 240 39.64 [ 59.22 37.32 57.66 [ 402 17.44 18.92 4291 [ 3654 97.60
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5.5.2 Comparison with the state-of-the-art solvers for the F'S-TSP

The results of the comparison with state-of-the-art solution approaches are pre-
sented in the following three sub-sections, one for each of the test beds de-
scribed in Section Specifically, the performance of the proposed B&C
method is evaluated by comparing it with the state-of-the-art solution ap-
proaches for each test bed. We would like to note that the results are presented
in an aggregated form for the sake of readability. Nevertheless, detailed results
can be found in the Appendix for those interested.

The state-of-the-art solution approaches for the MI0-instances and the
M?20-instances are represented by the Column-and-Row Generation method
proposed in [47]] and the Branch-and-Cut method proposed in [83[], which we
refer to as BMS21 and DMN22, respectively. On the other hand, the state-of-
the-art approach for the F'S-TSP on the POIl-instances is represented by the
solution method proposed in [247], which we refer to as RR21.

It is important to note that the results related to BMS21, DMN22, and RR21
are taken from [47], [83], and [246], respectively. Therefore, a direct compari-
son in terms of running time is not possible since the different solution methods
were tested on different computing environments. However, it is worth men-
tioning that the CPU used in this work is similar to the one used in RR21, and
slightly better than those used in DMN22 and BMS21, as indicated by a study
reported in [212]. This study ranks processors based on single-thread perfor-
mance, with a range of scores from 77 to 126,045. In particular, the marks
of the CPU used for the B&C, DMN22, BMS21, and RR21 are 12958, 1843,
3275, and 11490, respectively.

Results on M10-instances

All the methods considered for the M10-instances were able to obtain the op-
timal solution for all the instances in this set. Thus, the only way to compare
their performance is in terms of running times. To this end, we computed the
speed-up related to the B&C approach in comparison to DMN22 and BMS21.
The speed-up is computed by calculating the ratio of the running time of the
literature method and our running time. A speed-up lower than 1 indicates
that the B&C approach is slower than the literature method, while a speed-up
greater than 1 means that it results in the same running time or is faster.

Table [5.6 reports the results of this comparison. We grouped the instances
based on the depot location, drone speed, and drone endurance. For each
group, we indicate the number of instances ("# Ins"). Then, for each liter-
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Table 5.6: Comparison of the speed-up with respect to DMN22 and BMS21

Speed-up B&C vs DMN21 Speed-up B&C vs vs BMS21

# Ins # Faster Average Min Max # Faster Average Min Max
Dep=a 18 18 640.46 1.28 6448.85 18 190.39 2.03 1254.99
Dep=b 18 18 119.43 1.10 691.19 18 71.28 1.64 383.96
Dep=c 18 17 33.01 0.48 172.50 18 40.20 1.82 260.01
Dep=d 18 18 28.71 1.57 102.26 17 4236 0.68 220.85
sq =15 24 24 153.34 1.10 1240.90 23 166.44 0.68 1254.99
5q=25 24 23 357.05 0.48 6448.85 24 69.63 2.58 592.12
sq =35 24 24 105.82 1.74 1112.39 24 22.10 1.43 108.46
D=20 | 36 | 36 [ 3681 [ 1.10 [ 28746 | 35 [ 2444 T 068 [ 19581
Dd=40 | 36 | 35 | 37400 | 048 | 6448.85 | 36 | 14768 | 143 | 125499
All [ 72 ] 71 [ 20540 T 048 ] 6448.85 | 71 [ 86.06 [ 0.68 [ 1254.99

ature method, we indicate the number of instances that our B&C approach
solves faster ("# Faster"), the average, the minimum, and the maximum speed-
up achieved.

The results show that the B&C is significantly faster than the two literature
approaches. In fact, we can observe that on average with respect to DMN22,
the B&C shows a speed-up of about 200. Furthermore, we can also observe
that the B&C is slower than DMN22 only on one instance, where DMN22 is
twice as fast. However, on the instance where DMN22 performs worse, the
B&C is about 6000 times faster. Similar considerations can be made for the
comparison with BMS21. In summary, we can observe that the average speed-
up is about 80 while the maximum speed-up is about 1200. In conclusion,
although a direct comparison is not possible due to the different environments
used for the tests, the speed-up values are so high that they cannot be justified
only by the different computing power involved, demonstrating the effective-
ness of the proposed solution method.

Results on M20-instances

The state-of-the-art solution approaches are not capable of obtaining the opti-
mal solution for all the M20-instances within the given time limit of 1 hour.
Furthermore, the running times of DMN22 are not available for this set of
instances, making it impossible to compare the running times of the three so-
lution methods. Hence, we assess the methods based on the percentage opti-
mality gap. Specifically, we provide the number of optimal solutions achieved,
along with the average and maximum percentage gap of the two literature ap-
proaches. For each instance, we select the best result among DMN22 and
BMS21. To avoid redundancy, we do not report again the gap for our B&C
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Table 5.7: Comparison of quality of the solution with respect to DMN22 and
BMS21

DMN22/BMS21 B&C vs DMN22/BMS21
#Ins #0O pt Avg Gap Max Gap # Worse # Equal # Better
Dep=C 80 27 10.42 39.00 0 27 53
Dep=E 80 20 11.24 45.63 1 20 59
Dep=0 80 41 10.15 49.66 0 41 39
D=20 [ 120 | 82 ] 2.54 [ 2399 ] 1 [ 82 [ 37
Dtl =40 [ 120 [ 6 [ 18.67 [ 49.66 [ 0 [ 6 [ 114
Al ] 240 [ 88 [ 1060 [ 49.66 | 1 [ 88 ] 151

present the number of instances where our B&C approach exhibits a higher,
equal, or lower gap in the columns "# Worse", "# Equal", "# Better", respec-
tively.

The results show how, even considering the best result between the two
state-of-the-art approaches, the results of our B&C approach are significantly
better. In fact, we can observe that the average percentage gap is 10.60, which
is higher than the maximum gap of our B&C approach. Moreover, by com-
paring the instances where the B&C approach obtains a lower gap, it can be
noticed that in 151 out of 240 instances, our B&C approach outperforms the
literature approaches, which is about 60% of the instances. Furthermore, it can
be observed that only in one instance, the literature approaches perform better
than our B&C approach. Finally, considering the different characteristics of
the instances, it can be observed that the main improvement is related to the
ability of the B&C approach to solve instances with a drone endurance of 40.
In fact, in 114 out of 120 instances, the B&C approach obtains a lower gap.

Results on POI-instances

The POl-instances can be grouped on the basis of two different features: the
number of customer and the ratio between the drone and the truck speed ().
Table [5.8] shows the comparison between RR21 and the B&C on the different
subsets of POI-instances. For each subset, we report the number of instances.
Then, for each solution method we report the number of instances solved to
optimality within the time limit, the average and the maximum percentage gap,
and the average running time.

The performance comparison of the two methods based on instance char-
acteristics reveals that their performance tends to decrease with an increase in
the number of clients and drone speed. In the former case, the instance size
increases, while in the latter case, the solution space grows as more clients can
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Table 5.8: Comparison with RR2/ in terms of number of instances optimally
solved, gap, and running time.

RR21 B&C
#Ins # Opt Avg Gap Max Gap Avg Time # Opt Avg Gap Max Gap Avg Time

ICI=9 75 75 0.00 0.00 0.13 75 0.00 0.00 0.18

ICl=19 75 75 0.00 0.00 3.18 75 0.00 0.00 6.07
ICl =29 75 75 0.00 0.00 92.29 74 0.03 2.38 198.94
ICl =39 75 61 5.48 51.01 1475.88 57 0.58 6.22 1482.69
a=1 100 94 0.88 33.57 405.01 97 0.05 1.85 238.75
a=2 100 98 0.82 43.51 279.89 94 0.16 6.22 424.72
a=3 100 94 2.42 51.01 493.70 90 0.25 5.43 602.43
All [ 300 [ 286 [ 1.37 [ 51.01 [ 392.87 [ 281 [ 0.15 [ 6.22 [ 421.97

Table 5.9: Results on POI-instances unsolved by RR21

RR21 B&C
Id UB % Gap UB %Gap
poi-40-11-1 266 0.75 266 0.00
poi-40-13-3 363 42.15 210 0.95
poi-40-15-3 346 33.53 231 4.33

poi-40-17-3 359 32.59 242 0.00
poi-40-18-1 391 2532 297 1.68
poi-40-22-3 339 34.22 224 0.00
poi-40-23-1 395 26.84 302 0.00
poi-40-23-2 395 38.48 244 0.00
poi-40-25-1 417 33.57 281 0.00

poi-40-3-2 416 | 4351 235 0.00
poi-40-3-3 416 | 4808 | 216 324
poi-40-4-1 234 035 288 0.00
poi-40-7-1 271 0.74 271 0.00
poi-40-7-3 396 | 5101 194 155

be served by the drone since the endurance is fixed at 20 for all speeds. Fur-
thermore, the results demonstrate that the two approaches yield similar results
in terms of the number of optimal solutions. Specifically, RR2/ solves 286
out of 300 instances, while the B&C solves 281. However, the B&C generally
produces significantly lower gaps than RR21/ in terms of percentage. In partic-
ular, the average and maximum gaps are 0.15% and 6.22%, respectively, for
the B&C, while they are 1.37% and 51.01% for RR21.

Based on these results, we can conclude that the proposed B&C is more
robust than RR27. Although the B&C solves, on average, slightly fewer in-
stances to optimality than RR21, the instances that the B&C is unable to solve
have significantly lower gaps compared to RR21, which presents particularly
high gaps for unsolved instances. To further support this conclusion, we re-
ported a detailed comparison on the unsolved instances by RR2/ and B&C in

Tables[5.9)and[5.10] respectively.
From Table [5.9] we can observe that, on the instances unsolved by RR21,

its average gap is equal to 29.37% while our B&C determines an average gap
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Table 5.10: Results on POI-instances unsolved by B&C

RR21 B&C
1d UB % Gap UB %Gap
poi-30-20-3 168 0.00 168 2.38
poi-40-1-2 213 0.00 214 0.93
poi-40-13-3 363 42.15 210 0.95
poi-40-15-1 279 0.00 279 1.43
poi-40-15-3 346 33.53 231 4.33
poi-40-16-1 270 0.00 270 1.85
poi-40-16-2 210 0.00 210 0.95
poi-40-18-1 391 25.32 297 1.68
poi-40-18-2 239 0.00 241 6.22
poi-40-18-3 221 0.00 221 5.43
poi-40-21-3 218 0.00 218 1.38
poi-40-24-2 215 0.00 215 2.33
poi-40-25-3 190 0.00 190 1.05
poi-40-3-3 416 438.08 216 324
poi-40-4-2 234 0.00 234 1.71
poi-40-5-3 203 0.00 205 341
poi-40-6-2 192 0.00 192 3.65
Ppoi-40-6-3 181 0.00 181 1.10
poi-40-7-3 396 51.01 194 1.55

of 0.84%. On the other hand, as shown in Table [5.10] on the instances un-
solved by the B&C, its average gap is 2.40% while the one of RR21 is 10.53%.
Therefore, on average, our B&C performs significantly better than RR27 on
both subsets of unsolved instances.

5.6 Conclusions

In this Chapter, we propose an original MILP formulation for the FS-TSP,
which unlike the ones present in the literature, uses a polynomial number of
variables and does not use big-M constraints.

We solve the proposed formulation through a B&C approach integrated
with drone endurance based variable fixing strategies and four different fami-
lies of valid inequalities based on the vehicle coordination.

Computational results on different sets of benchmark instances confirm
the robustness of the proposed MILP formulation and the effectiveness of the
B&C. Indeed, the experimentation shows that the proposed method is com-
petitive or outperforms the state-of-the-art approaches, providing either the
optimal solution or improved bounds for several instances unsolved before.

Future research directions naturally include the extension of the proposed
formulation to different variants of the FS-TSP. Moreover, we are interested in
developing a matheuristic framework that includes the proposed formulation
to solve larger and harder instances. We will investigate the possibility of com-
bining the proposed solution approach with machine learning and data science
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techniques to be able to compute good solutions with a limited computational
burden. Finally, we plan to apply this methodology to a healthcare-related
topic, which, as highlighted at the beginning of the chapter, is already widely
benefiting from the use of drones. This application aims to further explore and
enhance the potential of drones in critical sectors such as healthcare, where
timely and efficient delivery can have significant impacts.



Conclusions

This thesis presents a comprehensive investigation into the application of Op-
erational Research in the healthcare sector, highlighting its critical role in en-
hancing decision-making processes, patient outcomes, and system efficiency.
Across its chapters, the thesis addresses specific Operational Research method-
ologies and their practical applications, presenting innovative solutions to
healthcare challenges.

In Chapter 1, we introduced the link between Operational Research and
healthcare, providing an overview of the significant contributions made in this
context. This chapter highlighted the key areas of Location Analysis, Schedul-
ing Optimization, and Routing, setting the context for deeper investigations in
later chapters. Through this introduction, we arrange the landscape of Opera-
tional Research applications within healthcare, showcasing how these method-
ologies have been effectively employed to address complex healthcare chal-
lenges.

In Chapter 2, we explored the strategic management of regional Blood
Supply Chain, an essential issue of healthcare logistics. The chapter introduced
two MILP formulations aimed at balancing the need for donor self-sufficiency
with the requirement to minimize system management costs. This chapter is
focused on a strategic problem, offering valuable insights into policy impli-
cations and illustrating the role of Operational Research in guiding high-level
decision-making. The practical application and relevance of these models is
underscored by the validation in real-world regional contexts, affirming their
practicality and significance in the field.

Chapters 3 and 4 presented an in-depth analysis of a JORPS faced in a hos-
pital in Naples. These chapters introduced original ILP formulations aimed
at optimizing surgical schedules while accommodating emergencies and un-
foreseen surgery delays. The flexibility and robustness of these models were
demonstrated through various experiments, highlighting their potential utility
in other hospital settings. These chapters not only addressed operational effi-
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ciency but also underlines the potential integration of OR tools within broader
digitalization efforts in healthcare, recognizing the interplay between technol-
ogy and operational optimization.

Chapter 5 mark a shift towards drone logistics, an emerging field with
profound implications for healthcare delivery. The novel MILP formulation
presented for the FS-TSP, distinct in its polynomial number of variables and
avoidance of big-M constraints, represented a significant advancement in the
field. The robust computational results, outperforming existing approaches
or achieving equivalent outcomes, illustrate the effectiveness of the proposed
method. This chapter not only contributed a novel OR methodology but also
opened avenues for future research in healthcare logistics, particularly in the
application of drones for timely and efficient delivery.

Overall, this thesis traverses the multi-faceted landscape of OR applica-
tions in healthcare, from strategic planning and policy formulation to opera-
tional and logistical optimizations. Each chapter contributes valuable method-
ologies, insights, and potential applications, underlining the fundamental role
of OR in transforming healthcare processes.



Appendix

This appendix includes, for Chapter 5, the comprehensive results of the
comparison between the proposed B&C method and the state-of-the-art
approaches for the FS-TSP.

M10-instances

Tables [TT]and [I2] report the results for the instances with a Drl equal to 20 and
40 minutes, respectively. For each instance, we report the objective function
value of the optimal solution and the running times of each solution method.

Concerning the results on the instances with Dt/ equal to 20 minutes, we
can observe that the proposed B&C is faster than the other two methods. In-
deed, it shows an average computation time of 1.34 seconds. On the other
hand, the other two approaches are more than ten times slower than the pro-
posed one, with an average computation time equal to 45.27 and 75.56 sec-
onds for BMS21 and DMN22, respectively. Moreover, our approach performs
better than the others, even in the worst-case scenario, i.e., by considering the
largest computation time required to solve an instance. In particular, the largest
computation time for the B&C is 3.42 seconds versus the 329.71 seconds for
BMS21 and the 707.32 seconds for DMN22.

Concerning, instead, the instances with D¢l equal to 40 minutes, we can
observe that the performance of the B&C seems to be unaffected by the larger
Dtl. Indeed, the average and the largest computation times are similar to the
previous ones. In particular, the average and the largest computation times are
slightly larger (2.42 and 4.74 seconds, respectively). Instead, the performance
of the other two solution methods decreases when the Dtl increases. Indeed,
on the one hand, the average and the largest computation times for BMS21/
are 361.08 and 2762.93 seconds, respectively. On the other hand, DMN22
shows an average computation time of 975.44 and a largest computation time
of about 4 hours. In conclusion, the B&C outperforms the state-of-the-art
algorithms on the M10-instances, being faster than the other approaches by

187
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Table 11: Results on M10-instances instances with Dtl = 20

DMN22 BMS21 B&C DMN22 BMS21 B&C DMN22 BMS21 B&C

Id OPT time time time Id OPT time time time Id OPT time time time
M37V1 5745 1.23 3.80 0.96 M40V1 49.43 4.03 12.14 0.81 M43V1 69.59 0.53 0.3 0.15
M37V2 53.79 0.79 1.96 0.72 M40V2 51.71 12.09 27.93 0.84 M43V2 72.15 0.58 0.3 0.18
M37V3 54.66 6.21 2.78 0.41 M40V3 57.1 6.9 9.11 0.91 M43V3 77.34 0.43 0.24 0.12
M37V4 67.46 5.09 1.03 0.33 M40V4 69.9 1.98 11.26 0.80 M43V4 90.14 0.53 0.23 0.34
M37V5 51.78 406.43 190.25 3.42 M40V5 45.46 132.01 70.81 2.45 M43V5 58.71 282.87 192.68 0.98
M37V6 48.6 128.31 80.29 2.65 M40V6 44.51 9.48 35.44 1.31 M43V6 59.09 69.65 55.03 1.54
M37V7 49.58 18.38 32.77 2.36 M40V7 49.9 5.27 7.78 1.15 M43V7 65.52 8.98 7.7 1.24
M37V8 62.38 43.12 35.87 1.99 M40V8 62.7 5.84 8.97 0.93 M43V38 84.81 103.32 20.98 1.66
M37V9 43.48 361.49 329.71 3.04 M40V9 42.53 14.47 9.57 1.25 M43V9 46.93 707.32 239.28 2.94
M37V10 41.91 211.62 170.37 2.03 M40V10 43.08 3.64 3.78 2.05 M43V10 47.93 72.36 51.35 2.69
M37V11 42.9 37.47 16.02 1.45 M40V11 49.2 1.19 1.26 0.68 M43V11 57.38 11.91 5.52 0.85
M37V12 56.85 38.31 25.85 1.44 M40V12 62 1.12 1.13 0.62 M43V12 69.2 5.28 2.09 0.78
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about a couple of orders of magnitude.
M20-instances

The two literature algorithms are not able to solve to optimality several
instances even with D¢l equal to 20. Therefore, we report the best upper bound
and best percentage optimality gap among the two methods for each instance.
Then, we report the upper bound, the percentage gap, and the computation
time obtained by our B&C. The percentage optimality gap is calculated as
%Gap = (UB— LB)/LB-100. We highlight that we do not report a detailed
comparison of the running times of the different solution methods since the
running times are not available in [83] for DMN22.

The results on the M20-instances with Dtl equal to 20 and 40 minutes are
reported in Tables [T3]and [I4] respectively.
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Table 12: Results on M10-instances with Dtl = 40

DMN22 BMS21 B&C DMN22 BMS21 B&C DMN22 BMS21 B&C

Id OPT time time time Id OPT time time time Id OPT time time time
M37V1 50.50 2731.91 2762.93 2.20 M40V1 46.89 252.66 365.46 3.16 M43V1 57.01 2312.62 1643.65 2.35
M37V2 47.31 284.46 550.88 1.43 M40V2 46.42 70.15 123.30 2.31 M43V2 58.05 1446.23 792.02 2.24
M37V3 53.69 190.49 618.77 2.38 M40V3 53.93 150.67 502.94 3.20 M43V3 69.40 219.80 222.88 2.33
M37V4 67.46 148.43 568.48 2.57 M40v4 68.40 252.36 608.64 3.72 M43v4 83.70 224.88 397.32 2.82
M37V5 45.84 644.23 369.05 2.75 M40V5 43.53 53.75 48.96 2.62 M43V5 52.09 15702.75 1441.79 2.43
M37V6 44.60 253.15 178.55 3.17 M40V6 44.08 40.61 13.23 1.92 M43V6 52.33 1921.06 374.47 2.78
M37V7 47.62 267.10 349.93 3.30 M40V7 49.23 1.13 6.05 2.35 M43V7 61.88 452.45 77.90 2.62
M37V38 60.42 241.61 299.12 2.36 M40V38 62.03 6.76 5.62 1.83 M43V8 73.73 123.31 56.58 2.86
M37V9 42.42 1167.62 62.31 2.08 M40V9 42.53 5.50 7.63 1.25 M43V9 46.93 5271.24 362.06 4.74
M37V10 41.91 406.15 76.01 2.22 M40V10 43.08 5.53 4.94 2.34 M43V10 47.93 169.56 82.85 3.61
M37V11 42.90 51.09 9.15 2.44 M40V11 49.20 3.38 1.70 0.80 M43V11 56.40 11.37 3.30 1.82
M37V12 55.70 26.62 6.69 2.20 M40V12 62.00 1.16 0.88 0.62 M43V12 69.20 4.21 2.94 1.17
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As shown in Table[13] the two literature approaches can solve only 82 out
of 120 instances to optimality. Instead, our approach solves to optimality al-
most all the instances (119 out of 120). Clearly, our approach shows better
performance also in terms of average and maximum optimality gap. Indeed,
our optimality gap is equal to 0.04% versus the 2.54% of BMS21/DMN?22. Fur-
thermore, the maximum gap obtained by our B&C and the other two methods
are 5.31% and 23.99%, respectively. Moreover, considering the 37 instances
solved to optimality for the first time in literature by our B&C, we can observe
that our algorithm determined a new upper bound on 13 of them and proved the
optimality of the previously known upper bound on the other 24. For the sake
of completeness, we point out that our approach is faster than BMS21/ also on
this set of instances with an average running time equal to 77.43 and 1765.25
seconds, respectively.
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Considering the results on the instances with Dzl equal to 40 minutes, we
can observe that the state-of-the-art algorithms can optimally solve just 6 in-
stances out of 120 with an average and maximum optimality gap equal to
18.66% and 49.66%, respectively. On the other hand, the performance of the
B&C seems again to be not significantly affected by the larger D#l. Indeed, it
is able to solve 115 instances with an average and maximum optimality gap
equal to 0.15% and 10.30%, respectively.

Concerning the 109 instances solved to optimality for the first time in liter-
ature by our B&C, we can observe that it determined a new upper bound for 87
instances and proved the optimality of the previously known upper bound for
the other 22 . Finally, concerning the 5 instances that are still open, the B&C
improves the best known upper bound for almost all of them (4 out of 5).

In terms of computation times, a comparison with BMS21 is possible but
not significant since it is not able to solve almost all the instances within the
time limit of 1 hour. Nevertheless, for the sake of completeness, we highlight
that the average computation times for BMS21 is 3509.08 seconds. On the
other hand, the average computation times of our B&C is 535.46 seconds.

Based on these results, it is clear that the proposed B&C could be
considered the new state-of-the-art algorithm also for the M20-instances.

POl-instances

The POl-instances can be grouped into four different subsets, of 75 in-
stances each, on the basis of the number of customers (9, 19, 29, and 39 cus-
tomers). Tables[I5] [T6] [I7] and[I§]report the detailed results of the comparison
of our method with RR21 on the four different subsets. To be more precise,
each table corresponds to a subset of instances with the same number of cus-
tomers. Then, for each instance, each table shows the upper bound, the run-
ning time, and the percentage optimality gap corresponding to each solution
method.

Concerning the results on the instance with 9 customers reported in Table
we can observe that both methods are able to optimally solve all the in-
stances. Moreover, the two solution methods show similar performance also
in terms of running times. Indeed, RR2/ and B&C show an average running
time of 0.13 and 0.18 seconds, respectively.

The two methods behave similarly also on the subset of instances with 19
customers, as can be observed from Table [I6] Indeed, both methods get the
optimal solution on all the instances with an average running time of 3.18 and
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Table 16: Results on POI-instances with |C| = 19

RR21 B&C RR21 B&C

1d UB Time % Gap UB Time %Gap 1d UB Time % Gap UB Time % Gap
poi-20-1-1 226 0.4 0.00 226 1.06 0.00 poi-20-20-3 184 2.02 0.00 184 4.47 0.00
Ppoi-20-1-2 212 0.71 0.00 212 3.39 0.00 poi-20-21-1 205 0.27 0.00 205 1.15 0.00
poi-20-1-3 185 3.67 0.00 185 9.70 0.00 poi-20-21-2 179 0.99 0.00 179 5.04 0.00
poi-20-10-1 213 0.23 0.00 213 1.42 0.00 poi-20-21-3 166 5.93 0.00 166 23.09 0.00
poi-20-10-2 188 2.05 0.00 188 5.61 0.00 poi-20-22-1 235 0.68 0.00 235 1.51 0.00
poi-20-10-3 178 1.27 0.00 178 4.44 0.00 poi-20-22-2 198 7.09 0.00 198 8.11 0.00
poi-20-11-1 205 0.32 0.00 205 1.18 0.00 poi-20-22-3 167 291 0.00 167 10.30 0.00
poi-20-11-2 180 1.08 0.00 180 3.20 0.00 poi-20-23-1 227 1.11 0.00 228 4.51 0.00
poi-20-11-3 175 3.17 0.00 175 10.74 0.00 poi-20-23-2 207 3.08 0.00 207 8.23 0.00
poi-20-12-1 225 15.03 0.00 225 291 0.00 poi-20-23-3 169 10.15 0.00 169 6.43 0.00
poi-20-12-2 172 7.96 0.00 172 2.86 0.00 poi-20-24-1 234 1.2 0.00 234 3.19 0.00
poi-20-12-3 158 3.46 0.00 158 6.96 0.00 poi-20-24-2 154 0.94 0.00 154 5.24 0.00
poi-20-13-1 208 0.41 0.00 208 0.88 0.00 poi-20-24-3 128 3.89 0.00 128 10.29 0.00
poi-20-13-2 200 3.51 0.00 200 3.88 0.00 poi-20-25-1 230 0.55 0.00 230 2.15 0.00
poi-20-13-3 162 11 0.00 169 5.06 0.00 poi-20-25-2 185 243 0.00 185 3.44 0.00
poi-20-14-1 189 1.12 0.00 189 2.96 0.00 poi-20-25-3 170 4.71 0.00 171 10.00 0.00
poi-20-14-2 174 16.54 0.00 174 12.08 0.00 poi-20-3-1 255 0.6 0.00 255 2.46 0.00
poi-20-14-3 159 8.84 0.00 159 23.85 0.00 poi-20-3-2 221 1.41 0.00 221 2.58 0.00
poi-20-15-1 251 1.12 0.00 251 2.80 0.00 poi-20-3-3 198 0.8 0.00 198 7.98 0.00
poi-20-15-2 170 1.67 0.00 170 2.58 0.00 Ppoi-20-4-1 228 0.78 0.00 228 1.24 0.00
poi-20-15-3 157 73 0.00 157 6.35 0.00 poi-20-4-2 166 524 0.00 166 5.90 0.00
poi-20-16-1 212 0.49 0.00 212 1.48 0.00 poi-20-4-3 146 8.66 0.00 146 6.69 0.00
poi-20-16-2 172 1.1 0.00 172 2.99 0.00 Ppoi-20-5-1 217 2.1 0.00 217 3.09 0.00
poi-20-16-3 171 322 0.00 171 4.35 0.00 poi-20-5-2 166 591 0.00 166 5.60 0.00
poi-20-17-1 192 223 0.00 192 2.79 0.00 poi-20-5-3 153 10.33 0.00 153 11.73 0.00
poi-20-17-2 137 1.34 0.00 137 11.97 0.00 Poi-20-6-1 208 0.86 0.00 208 1.49 0.00
poi-20-17-3 134 6.41 0.00 134 15.82 0.00 Ppoi-20-6-2 144 1.19 0.00 144 6.68 0.00
poi-20-18-1 223 0.57 0.00 225 2.60 0.00 poi-20-6-3 130 3.46 0.00 130 11.69 0.00
poi-20-18-2 201 1.05 0.00 201 6.84 0.00 poi-20-7-1 220 0.76 0.00 220 3.54 0.00
poi-20-18-3 178 2.82 0.00 178 22.70 0.00 poi-20-7-2 200 1.07 0.00 200 241 0.00
poi-20-19-1 215 1.12 0.00 215 1.04 0.00 poi-20-7-3 200 4.27 0.00 200 8.16 0.00
poi-20-19-2 155 0.92 0.00 155 4.25 0.00 poi-20-8-1 217 1.56 0.00 217 3.66 0.00
poi-20-19-3 146 1.8 0.00 146 7.61 0.00 poi-20-8-2 196 3.19 0.00 196 5.15 0.00
Ppoi-20-2-1 233 0.75 0.00 233 1.83 0.00 Ppoi-20-8-3 178 4.05 0.00 178 14.23 0.00
poi-20-2-2 195 2.27 0.00 196 4.69 0.00 poi-20-9-1 188 0.3 0.00 188 2.19 0.00
poi-20-2-3 172 3.93 0.00 172 6.86 0.00 poi-20-9-2 167 2.79 0.00 167 10.26 0.00
poi-20-20-1 208 0.65 0.00 208 233 0.00 poi-20-9-3 158 7.12 0.00 158 13.27 0.00
poi-20-20-2 186 2.25 0.00 186 3.82 0.00
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6.07 seconds for RR21 and B&C, respectively.

Concerning the instances instead with 29 customers, we can observe from
Table [17] that RR21 is still able to solve to optimality all the instances. At
the same time, our B&C is able to solve 74 out of 75 instances. However,
the maximum optimality gap is equal to 2.38%. In terms of running time, we
can observe that the average running time is equal to 92.29 seconds for RR21/
and 198.94 seconds for B&C (including the unsolved instance within the time
limit).

Finally, we can observe from Table |18| that none of the two algorithms is
able to optimally solve all the 75 instances with 39 customers within the time
limit. In particular, RR2] is able to solve 61 instances while our B&C deter-
mines the optimal solution on 57 instances. However, despite solving fewer in-
stances to optimality, the B&C shows a lower average percentage gap (0.58%)
than RR21 (5.48%). Moreover, the B&C performs better than RR21 also in
terms of the largest percentage gap (6.22% vs. 51.01%). Instead, the run-
ning times are similar, with an average running time of 1475.88 and 1482.69
seconds for RR21 and B&C, respectively.
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Table 17: Results on POI-instances with |C| = 29

RR21 B&C RR21 B&C

1d UB Time % Gap UB Time %Gap 1d UB Time % Gap UB Time % Gap
poi-30-1-1 246 21.16 0.00 246 14.66 0.00 poi-30-20-3 168 482.93 0.00 168 3600 2.38
poi-30-1-2 204 110.71 0.00 204 129.05 0.00 poi-30-21-1 233 6.53 0.00 233 11.25 0.00
poi-30-1-3 185 21.82 0.00 185 321.78 0.00 poi-30-21-2 213 90.81 0.00 213 128.80 0.00
poi-30-10-1 248 47.25 0.00 248 36.72 0.00 poi-30-21-3 201 28.63 0.00 201 199.27 0.00
poi-30-10-2 204 74.63 0.00 204 543.56 0.00 Ppoi-30-22-1 255 5.38 0.00 255 13.30 0.00
poi-30-10-3 189 175.5 0.00 189 379.35 0.00 poi-30-22-2 217 101.55 0.00 217 43.38 0.00
poi-30-11-1 249 60.31 0.00 249 38.03 0.00 poi-30-22-3 209 160.06 0.00 209 107.71 0.00
poi-30-11-2 200 73.34 0.00 200 106.18 0.00 poi-30-23-1 232 181.92 0.00 232 99.48 0.00
poi-30-11-3 189 139.91 0.00 189 12491 0.00 poi-30-23-2 197 709.05 0.00 197 133.59 0.00
poi-30-12-1 258 1.88 0.00 258 19.63 0.00 poi-30-23-3 180 39.12 0.00 180 264.68 0.00
poi-30-12-2 190 16.21 0.00 190 66.34 0.00 poi-30-24-1 219 21.66 0.00 219 20.64 0.00
poi-30-12-3 180 73.77 0.00 180 527.78 0.00 poi-30-24-2 185 37.68 0.00 185 345.63 0.00
poi-30-13-1 256 21.42 0.00 256 10.76 0.00 poi-30-24-3 177 63.39 0.00 177 443.47 0.00
poi-30-13-2 205 52.99 0.00 205 61.21 0.00 poi-30-25-1 259 2.39 0.00 259 23.12 0.00
poi-30-13-3 199 181.04 0.00 199 386.96 0.00 poi-30-25-2 234 46.16 0.00 234 84.33 0.00
poi-30-14-1 229 7.17 0.00 229 8.06 0.00 poi-30-25-3 227 197.12 0.00 227 290.78 0.00
poi-30-14-2 186 117.55 0.00 186 55.74 0.00 poi-30-3-1 224 75.84 0.00 224 31.92 0.00
poi-30-14-3 177 200.46 0.00 177 246.43 0.00 poi-30-3-2 192 39.39 0.00 192 42.93 0.00
poi-30-15-1 214 57.29 0.00 214 26.37 0.00 poi-30-3-3 192 245.5 0.00 192 55.33 0.00
poi-30-15-2 189 73.75 0.00 189 112.67 0.00 Ppoi-30-4-1 260 6.67 0.00 260 34.37 0.00
poi-30-15-3 184 44.88 0.00 184 141.59 0.00 poi-30-4-2 206 25.13 0.00 206 378.35 0.00
poi-30-16-1 246 4.99 0.00 246 11.58 0.00 poi-30-4-3 158 25.69 0.00 158 156.68 0.00
poi-30-16-2 202 50.72 0.00 202 74.26 0.00 poi-30-5-1 230 9.56 0.00 230 14.32 0.00
poi-30-16-3 196 83.64 0.00 196 101.33 0.00 poi-30-5-2 193 54.89 0.00 193 311.91 0.00
poi-30-17-1 255 33.82 0.00 255 22.71 0.00 poi-30-5-3 188 80.25 0.00 188 217.22 0.00
poi-30-17-2 192 26.28 0.00 192 47.16 0.00 poi-30-6-1 251 101.66 0.00 251 35.21 0.00
poi-30-17-3 174 32.11 0.00 174 102.18 0.00 Ppoi-30-6-2 208 76.1 0.00 208 256.35 0.00
poi-30-18-1 257 28.8 0.00 257 32.05 0.00 poi-30-6-3 194 125.45 0.00 194 52.24 0.00
poi-30-18-2 219 159.4 0.00 219 46.71 0.00 poi-30-7-1 211 12.19 0.00 211 18.97 0.00
poi-30-18-3 179 53.9 0.00 179 954.68 0.00 poi-30-7-2 190 14.73 0.00 190 116.52 0.00
poi-30-19-1 232 6.59 0.00 232 32.95 0.00 poi-30-7-3 182 72.03 0.00 182 148.21 0.00
poi-30-19-2 203 9.2 0.00 203 149.00 0.00 poi-30-8-1 239 5.93 0.00 239 11.02 0.00
poi-30-19-3 202 53.92 0.00 202 63.95 0.00 poi-30-8-2 200 14.55 0.00 200 111.55 0.00
poi-30-2-1 263 55.31 0.00 263 27.75 0.00 poi-30-8-3 195 109.96 0.00 195 256.07 0.00
poi-30-2-2 200 78.26 0.00 200 105.56 0.00 poi-30-9-1 259 66.9 0.00 259 25.39 0.00
poi-30-2-3 180 120.08 0.00 180 214.48 0.00 poi-30-9-2 210 154.03 0.00 210 185.48 0.00
poi-30-20-1 228 16.14 0.00 228 3931 0.00 poi-30-9-3 193 886.05 0.00 193 498.22 0.00
poi-30-20-2 178 158.56 0.00 178 768.54 0.00
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