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Abstract

Department of Electric, Electronic and Information Engineering "Guglielmo

Marconi" (DEI) at the University of Bologna

PhD Programme in Biomedical, Electrical and System
Engineering (Automatic Control and Operational Research

Curriculum)
By Andrea Fusebi

The core focus of this research is surgical activity, a key component of
hospital management. Surgery involves a wide range of highly specialized
human and technological resources and represents the area with the greatest
impact not only on patient health outcomes but also on the hospital’s economic
performance.

Throughout the PhD journey, the research was directed toward the study
and implementation of Operation Research (OR) and Machine Learning tech-
niques to provide practical solutions for the management of operating rooms
and outpatient surgical scheduling.

A data-driven, multi-phase approach was adopted. It began with the analy-
sis of existing hospital information systems to map and understand the complex
dynamics occurring within the healthcare setting. This phase was followed by
the development of classification, forecasting, and prescriptive models aimed
at optimizing surgical processes.

These models were then integrated into optimization frameworks and meta-
heuristic algorithms, with their performance ultimately validated through sim-

ulation experiments.


https://dei.unibo.it/en/index.html
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ii

The results demonstrated how advanced data analytics can support op-
erational decision-making in hospitals, enabling more efficient use of surgical
resources, improving planning accuracy, and ultimately contributing to higher

quality and sustainability in healthcare delivery.
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1 Introduction

The organization, management, and continuous improvement of healthcare
systems represent a fundamental responsibility for governments worldwide and
remain a central issue of public concern. Healthcare is not only an essential
pillar of social welfare but also a fundamental right that must be safeguarded
and universally guaranteed.

Designing and managing healthcare services, however, is a highly complex
task. This complexity arises from multiple factors. First, health systems must
deliver a wide spectrum of services, ranging from primary care and preventive
interventions to specialized outpatient treatment and complex surgical proce-
dures. Second, these services require vast resources: financial, human, and
technological, that must be allocated and managed efficiently.

Demographic changes, particularly the progressive aging of the population
(World Health Organization [87], Sun et al. [80] and Hajizadeh et al. [40])
and the resulting increase in chronic diseases, have further amplified these
challenges.

The COVID-19 pandemic, which has impacted the world since 2019, has
exposed the fragility of healthcare systems and the critical consequences of
resource scarcity. In many contexts, resources were diverted to manage the
emergency, often leading to the suspension of essential services such as am-
bulatory care and elective surgery (Uimonen et al. [81], Fu et al. [34]). Sev-
eral studies have quantified the scale of these disruptions, all over the world,
showing that millions of elective procedures were canceled globally with reper-
cussions on both patient outcomes and hospital finances (Mehta et al. [54],
Frio et al. [33]). These disruptions generated negative repercussions not only
during the peak of the pandemic but also in the subsequent recovery phases,
highlighting the urgent need for more resilient and adaptable healthcare sys-

tems, and also played a crucial role in increasing surgical waiting lists, and
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consequently the waiting times, as elective surgeries were significantly reduced
during that period to prioritize the treatment of COVID-19 patients. Several
studies have confirmed this trend, highlighting a general increase in waiting
times for elective surgery during and after the pandemic, as reported in Garcia
et al. [35], and the Organization for Economic Co-operation and Development
(OECD) [58]. COVID-19 significantly influenced hospital admission manage-
ment policies during the pandemic, leading to a reduction in elective hospi-
talizations and a subsequent worsening of patients’ conditions, as reported by
Dionisie et al. [24] and Araja et al. [4].

Nowadays, healthcare systems are under significant operational pressure,
especially with regard to surgical procedures, where demand often exceeds the
availability of resources.

Data science and the use of quantitative methods are essential to provide
effective and efficient assistance and care services to optimize the utilization
of available resources (Subrahmanya et al.[79]).

Starting from the fundamentals of data science, the use of quantitative ap-
proaches in healthcare has progressed toward more advanced techniques, like
Operations Research (including mathematical modeling and simulation) and
Machine Learning. These allow researchers and practitioners to go beyond de-
scriptive data analysis, with methods to investigate complex hospital systems.
By translating data into models that reflect real-world processes, healthcare
professionals can make more informed decisions, effectively reducing the gap
between practice and evidence.

Operations research can significantly enhance decision-making in hospital
resource management by providing data driven solutions, leading to more ef-
ficient outcomes compared to traditional management approaches. This tech-

nique has been applied in different hospital areas, including:

o Strategic planning and policy evaluation: Strategic planning is a
structured process for defining essential decisions and actions that deter-
mine the goals and direction of the public health sector. Recent literature
reviews, such as those by Wongsin et al. [86] and by Pellense et al. [77],

have analyzed the current state of research on this topic.

« Resource allocation and capacity planning: This area covers the
allocation of resources such as hospital beds, healthcare personnel, and

medical equipment, aimed at reducing inefficiencies and shortening wait-
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ing times. Humphreys et al. (2022) [43] and Seixas et al. (2024) [74] pro-
vide comprehensive literature reviews summarizing current approaches

and best practices.

o Patient flow and scheduling optimization: Optimization of patient
admissions, operating room schedules, and outpatient appointments to
reduce waiting times and enhance the efficient use of hospital facilities.
To tackle this point, appointment scheduling systems are commonly used
in primary care, specialty clinics, and hospitals to manage access to
providers and to coordinate elective surgeries, as discussed in Gupta
and Deton. [39]. Other contributions, such as Croella et al. [20], Ce-
lik et al. [17], and Doneda et al. [25], demonstrate how mathematical
programming and stochastic optimization approaches can be applied to
surgical scheduling to improve efficiency, reduce patient waiting times,

and optimize the use of operating rooms.

« Emergency department operations: Examining and simulating
patient movements within the emergency department to reduce over-
crowding, optimize triage processes, and improve the overall emergency
response, as discussed in recent studies on emergency department simu-

lation and crowding (Doudareva & Carter [26] and Pearce et al. [65]).

e Supply chain and inventory management: Managing drugs, medi-
cal devices, and supplies to prevent stock out and control costs. Recent
reviews highlight strategies such as multi-sourcing, and inventory shar-
ing among healthcare hospitals or facilities to enhance resilience and
efficiency (Guo et al. [38] and Atcha et al. [8]).

In this context, ensuring the rational and efficient use of resources while
maintaining high quality care emerges as one of the greatest challenges facing
health systems. Striking a balance between efficiency and quality is crucial to
avoid difficult trade offs in the future, particularly in scenarios characterized
by uncertainty.

Addressing this challenge requires the adoption of advanced methodologies
that enable data driven decision making and the design of robust decision
support systems. In recent years, healthcare has increasingly benefited from
the application of innovative techniques such as Process Mining ( [52]), as well

as the growing adoption of Data Mining, Machine Learning (Bellini et al. [15]
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and Merghani et al. [1]), and other analytics based methods. When integrated
with traditional approaches to process management, these methods provide
new opportunities for improving the performance of complex and dynamic
healthcare processes.

Moreover, Operations Research (OR) techniques, such as combinatorial op-

timization and simulation, play a central role in transforming data into action-
able insights for decision making. These methods have been widely recognized
for their ability to optimize hospital operations, resource allocation, and pa-
tient flow (Priyan et al. [66], Bagherian et al. [9] and VanLent et al. [49]).
By combining advanced analytics with OR methodologies, it becomes possible
to design Decision Support Systems (DSS) that empower healthcare managers
and policymakers to make data-driven decisions, improving both efficiency and
patient outcomes (Ordu et al. [62, 61]).
Recent studies have shown that Operations research and hybrid analytical
models are particularly effective to handle the complexity of healthcare sys-
tems, where uncertainty, variability, and interdependencies among resources
must be considered (Wang et al. [85], Masmoudi et al. [53] and Ordu et al. [60]).
The integration of forecasting, simulation, and mathematical programming
has been proved to obtain benefits in hospital capacity management and staff
scheduling (Goodarzian et al [37] and Rachuba et al. [67]).

Ultimately, the effective integration of these approaches represents a promis-
ing path toward sustainable and responsive healthcare systems, achieving the
delicate balance between cost efficiency and service quality. This thesis is situ-
ated within this research perspective, focusing on the application of Operations

Research techniques to tackle these challenges in healthcare management.

1.1 Surgical activities management

Among all the areas presented so far regarding the use of quantitative meth-
ods, this thesis focuses on investigating and proposing tools for the surgical
component, providing a comprehensive approach from data analysis to pa-
tient scheduling in operating rooms and an evaluation of the proposed solution
through simulation. For this reason, this important topic will be described in
greater detail, highlighting the methodologies and tools used to address it.

Surgical scheduling is a fundamental and highly complex process in hospital
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management, crucial for ensuring that patients receive timely surgical care
while optimizing the use of limited healthcare resources. At the same time,
the allocation of resources in surgical scheduling must consider a wide range
of constraints and priorities, which makes it a natural target for quantitative
methods and structured decision-support tools.
At its core, surgical scheduling involves the allocation of operating rooms, sur-
gical teams, and associated resources, including specialized equipment, nursing
staff, and postoperative beds (AlAmin et al. [3], Denton et al. [22]) and can also
deal with emergency (Lamiri et al. [47]). The primary goal of this process is
to maximize the efficiency of the hospital’s surgical services while maintaining
high standards of patient safety and quality of care (Beaulieu et al. [12]).
Given its complexity, surgical scheduling increasingly relies on structured
methodologies and decision-support tools, including mathematical modeling,
predictive analytics, and optimization algorithms. These tools can assist in
balancing competing objectives, such as minimizing patient waiting time while
maximizing operating room utilization and adhering to clinical priorities. By
integrating data from historical patient flows, surgical durations, and hospital
capacity, modern approaches aim to provide robust, flexible, and data-driven
schedules that can adapt to dynamic hospital conditions and unexpected dis-

ruptions.

1.2 Context

This project was developed within the IRCCS Azienda Ospedaliero-Universitaria
di Bologna — Policlinico di Sant’Orsola, a public hospital that operates under
the national public healthcare system. The Italian healthcare system is re-
gionally organized and provides universal access to medical care, primarily
funded through taxation. Within this institutional framework, hospital prac-
tices are guided by Decreti della Giunta Regionale (DGR), official acts issued
by the Regional Government to establish policies, guidelines, and organiza-
tional rules for public institutions and services. Specifically, with regard to
surgical scheduling, reference is made to DGR 272/2017 [69], “Reduction of
waiting lists for scheduled surgical admissions in the Emilia Romagna region”
and the subsequent DGR 603/2019[21] "Regional Plan for the Governance of
Waiting Lists (PRGLA) for the 2019-2021 Three-Year Period", which pro-
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vide detailed guidelines and operational frameworks for the management of
operating rooms and patient scheduling. These regulations form the basis for
defining priority criteria, waiting times, and standardized processes, which are
then applied in the operational management of the surgical schedule.

These official rules also directly impact the management of the waiting list,

which is a central component of surgical scheduling. The waiting list serves as
a repository of information on patients who require surgical interventions but
have not yet been assigned a specific date or operating room.
Each entry typically contains detailed data such as the patient’s medical con-
dition, the type of surgical procedure required, specialty requirements, clinical
priority, and any constraints related to the patient’s health or treatment pro-
tocol. Patients are generally prioritized based on clinical urgency, with emer-
gency cases taking precedence over elective procedures. Within elective cases,
prioritization may also consider factors such as potential complications, length
of wait, and the risk of deterioration if surgery is delayed (James et al. [44],
Oliveira et al. [59]).

In accordance with the DGR 272/2017, a numerical indicator, denoted as
score was introduced as a standardized tool to manage patients with different
levels of priority. This measure allows for the comparison of patients on waiting
lists by summarizing multiple parameters into a single numerical value that
reflects the degree of urgency. Patients are generally classified into priority
categories, each associated with a maximum waiting time depending on the
severity of their condition. The score thus ensures transparent and consistent
prioritization. In our context, patients are classified from priority A to D, with
maximum waiting times of 30, 60, 180, and 365 days respectively.

The value of the score for each patient is evaluated as follows:

Waiting time limit of the class with lowest priority (days
score = WT X 5 P y (days)

Waiting time limit of the patient class (days)

The value of WT is the number of days the patient has already spent on
the waiting list, from the moment they were added to the list to the time of
evaluation.

The surgical scheduling process translates the information from the wait-
ing list into a structured timetable that specifies which patients will undergo

surgery, in which operating room, and at what time. This process must ac-
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count for multiple constraints, including the availability of operating rooms,
surgical teams, anesthesiologists, specialized staff, and postoperative beds. In
addition, considerations such as the estimated duration of each surgery, setup
and cleanup times between procedures must be incorporated to prevent con-
flicts and ensure a smooth flow of operations.

Managing the waiting list and generating the surgical schedule is an ongo-
ing, iterative process. Hospitals must continuously update the list to account
for new patient arrivals, cancellations, changes in clinical urgency, or unex-
pected resource limitations. For example, a patient’s condition may worsen,
requiring a change of his priority class, or an operating room may become
unavailable due to maintenance or emergency cases. As a result, the surgical
schedule often needs to be adjusted dynamically, which requires both careful
planning and the ability to respond quickly to unforeseen events.

Efficient surgical scheduling has significant implications not only for hos-
pital operations but also for patient outcomes ( Fahmy et al. [31], Oudhoff
et al. [63]and Zeng et al. [92]). Optimized scheduling can reduce patient
waiting times, minimize idle times for operating rooms and surgical teams,
and improve overall resource utilization. It also helps prevent bottlenecks in
downstream services, such as intensive care units and post-anesthesia recov-
ery rooms, ensuring that patients receive continuous and coordinated care.
Conversely, poorly managed scheduling and waiting lists can lead to extended
delays, suboptimal use of resources, increased staff workload, and potential
deterioration of patient health, particularly for those with conditions that are
sensitive to delays.

In summary, surgical scheduling and waiting list management are critical
and interrelated components of hospital operations. They require the careful
coordination of personnel, facilities, and patient needs, while also address-
ing uncertainties inherent in healthcare delivery. As such, understanding the
principles, challenges, and methodologies of surgical scheduling is essential for

developing healthcare systems that are both effective and resilient.

1.3 Research objectives

The primary aim of this doctoral project is to develop advanced methodologies

for optimizing surgical scheduling and hospital resource management, with



Chapter 1. Introduction 8

a particular focus on improving decision-making processes in complex and
dynamic healthcare environments. The project seeks to integrate predictive
modeling, mathematical optimization, and metaheuristic techniques to address
the challenges of allocating limited resources while maintaining high standards
of patient care.

The specific objectives of the project are as follows:

1. Modeling Patient Flow and Hospital Resources: Develop compre-
hensive models estimating surgical durations, and hospital occupancy to

accurately represent the dynamics of hospital operations.

2. Formulation of the Surgical Assignment Problem: Define a math-
ematical framework for the assignment of patients to operating rooms
and surgical times, incorporating constraints such as operating room

availability, bed capacity, and clinical priorities.

3. Application of Optimization and Metaheuristic Techniques: Ex-
plore and implement both exact and approximate solution methods, in-
cluding combinatorial optimization, simulation, and metaheuristic algo-
rithms, to efficiently solve the surgical scheduling problem in realistic,

large-scale scenarios.

4. Integration of Predictive Models with Optimization: Combine

predictive analytics with optimization approaches to create data-driven

DSS.

5. Evaluation and Validation of Proposed Methods: Conduct com-
putational experiments and simulation studies to assess the effectiveness,
efficiency, and robustness of the proposed methodologies. Performance
metrics will include waiting times, resource utilization, and the ability

to adapt to unexpected changes in hospital demand.

By achieving these objectives, this doctoral research aims to bridge the
gap between advanced analytical methods and practical hospital management,
offering innovative solutions for one of the most critical and challenging areas

in healthcare operations.
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1.4 Thesis structure

The remainder of this thesis is organized into six chapters, each focusing on a
specific aspect of the research on surgical case assignment, predictive modeling,

and metaheuristic optimization in healthcare systems:

e« Chapter 2 — Data Overview: This chapter presents the informa-
tion assets that will be used for the development of the thesis, from the

preparation of the inputs to their use within the models and simulations.

e Chapter 3 — Predictive Models: This chapter presents the develop-
ment of a predictive models aimed at forecasting surgical durations, and
hospital occupancy. It describes the data collection and pre-processing
steps, as well as machine learning techniques used to generate accurate

predictions that inform the optimization process.

o Chapter 4 — Optimization Model: Here, the Surgical Case Assign-
ment Problem is formalized as a mathematical model. Sets, parameters,
decision variables, and constraints are defined, and the objective function
is presented. This model provides a framework for assigning patients to
operating rooms and days while respecting hospital resources and capac-

ity limitations.

o Chapter 5 — Metaheuristics Algorithms: Given the computational
complexity of the assignment problem, this chapter explores metaheuris-

tic methods for obtaining high-quality solutions efficiently.

o Chapter 6 — Results: This chapter presents the results obtained by ap-
plying the proposed models and metaheuristic methods. Computational
experiments, performance evaluation, and comparisons with alternative
approaches are discussed to demonstrate the effectiveness and efficiency

of the proposed solutions.

o Chapter 7 — Simulation: Simulation techniques are employed to eval-
uate the robustness of the scheduling and predictive models under real-
istic hospital scenarios. Different scenarios have been tested to provide

insights into the system’s behavior under varying conditions.
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o Chapter 8 — Conclusion: The final chapter summarizes the main find-
ings, discusses the implications for healthcare management, and outlines

potential directions for future research.

This structured organization guides the reader through a logical progression
from predictive modeling to optimization, evaluation, and final conclusions,

providing a comprehensive view of the research contributions of this thesis.



2 Data Overview

2.1 Data Sources

This chapter describes the datasets used to develop the models in this thesis.
All data used came from IRCCS Azienda Ospedaliero-Universitaria di Bologna
- Policlinico di Sant’Orsola, and are pseudonymized so that no patient could be
identified, in accordance with the General Data Protection Regulation (EU)
2016/679 [70].

2.1.1 Waiting List position

This data set contains information on the patients included in the Waiting List
(WL). The moment of insertion in the waiting list represents the first step in
planning a surgical procedure.

There are two main types of information:

1. Structured data — demographic characteristics (age, gender), clinical
indicators (diagnosis, surgical procedure, priority class, etc.), and hospi-

tal related variables (surgical specialty, list, etc.)

2. Unstructured textual notes — free text annotations written by clin-
icians at the time of patient inclusion on the waiting list, containing

information on symptoms, clinical history, and subjective assessments

The notes field, where healthcare professionals enter details they consider
useful, will be the focus of this chapter. The final piece of information (Hos-
pitalization code) is used to link the patient’s position on the waiting list to

both the hospital admission and to the surgical procedures performed.

11
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Table 2.1: Summary table of the WL dataset

Column name Type
Waiting List ID String
Age Int
Gender String
Health State Int
Insertion Date DateTime
Priority Class String
Setting String
Specialty String
List String
Sub-List String
Pathology String
Procedure String
Note String

Hospitalization code String
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2.1.2 Ward transfers

This dataset contains information on patient hospitalizations. Each record
corresponds to an individual patient transfer, so if a patient was moved across
multiple wards during a single admission, a separate row is recorded for each
transfer. In this study, the intensive care unit (ICU) is considered as a ward

in its own right.

Table 2.2: Summary table of the Ward transfer dataset

Column name Type
Hospitalization code String
Progressive transfer number Int
Transfer start date DateTime
Transfer end date DateTime
Insertion Date DateTime
Ward String
Specialty String

2.1.3 Operating Room Register

This dataset contains information on the surgical procedures performed. It
also includes all intermediate steps that occur in the operating room, but for
simplicity, we have considered only the moments of entry and exit from the

operating room, as these best reflect the utilization of the room.
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Table 2.3: Summary table of the Operating room register dataset

Column name Type
Hospitalization code String
Procedure 1D String
Operating Room String
Start Date DateTime
End Date DateTime
Operating unit String

The contents of this table will be necessary for predicting the duration of

surgical procedures for patients currently in the WL.



3 Predictive Models

3.1 Introduction

Forecasting surgical times and LOS upon patient admission to the waiting
list provides a powerful decision support tool for health administrators be-
cause it allows them to optimize scheduling, utilization of resources, and bed
utilization.

We propose in this chapter a group of predictive models that combine
both structured (such as age, sex, diagnosis codes, priority class, etc.) and
unstructured data from text notes documented during patient registration.
The textual component is processed using NLP techniques, with a particular
focus on the BoW technique, which transforms free-text medical notes into
numerical features in structured format for machine learning.

The final objective is to train and evaluate a collection of predictive models,
comparing their performance in forecasting surgical times and LOS through

quantitative metrics.

3.2 Literature Review

3.2.1 Perioperative Path Prediction

Intensive Care Unit(ICU) resource utilization is one the most critical health-
care challenges. Choosing which patients will use the ICU can improve both
patient safety and hospital workflow.

Emerson et al. [30] analyzed ICU utilization after elective surgery showing
the importance of balancing safety and resource efficiency. O’Grady et al. [57]
categorized patients based on postoperative needs, finding that a subset of

them may safely recover outside the ICU, while Vourc’h et al. [84] supported

15
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a policy of selective admission. Ribeiro et al. [71] emphasized the value an
importance of predictive approaches in this specific case with limited ICU
resources.

Li et al. [50] trained different machine learning models for ICU admis-
sion prediction comparing different techniques like logistic regression, random
forests, SVM, and neural networks. These models can support physician’s
prediction for real time decision making.

Machine learning in medicine has been widely reviewed by Deo [23] and
Choi et al. [18], illustrating how heterogeneous clinical data can be integrated
to build robust predictive paradigms.

The literature supports the need for effective predictive systems to condense

ICU allocation and reduce unnecessary admissions.

3.2.2 Procedure Time Prediction

Accurate prediction of surgery duration is essential to the improvement of
operating room (OR) efficiency and resource allocation. Early works empha-
sized the unreliability of accurate estimates; Rogers et al. [73] indicated that
surgeons correctly predicted operative times only 26% of the time. To ad-
dress this, statistical and data driven and statistical models were proposed:
Eijkemans et al. [29] combined patient, team, and surgeon into in a linear
mixed-effects model, while Hosseini et al. [42] utilized data mining techniques,
and Stepaniak et al. [78] used conventional regression techniques.

Machine learning and optimization methods have further improved predic-
tions. Gomes et al. [36] integrated data mining with optimization in scheduling,
ShahabiKargar et al. [75, 76] developed models for elective procedures using
procedural and historical data, Zhao et al. [93] focused on robot-assisted pro-
cedures, and Zabardast [91] applied supervised learning to predict durations
with few data. Riekert et al. [72] emphasized improved process efficiency by
means of predictive modeling.

In later research, large clinical datasets were utilized to identify signifi-
cant predictors of operative time. Passias et al. [64] cited surgeon, surgical
approach, age, and frailty as significant predictors for surgery in spinal defor-
mity, while Costa [19] and Yuniartha et al. [90] presented evidence that even
simple models based on procedural parameters can drastically reduce signifi-

cant variability and make OR scheduling easier.
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Collectively, these works illustrate how combining statistical, optimization,
and machine learning approaches yield increased predictability of surgical du-

ration so that the OR as well as resources can be better managed.

3.3 Methodology

In order to predict patient care pathways, we developed machine learning mod-
els designed to estimate the likely course of hospitalization. What we mean by
hospitalization pathway in this thesis is an ordered list of departments, each
associated with its own length of stay. A preliminary analysis showed that the
distribution of patient flows is as follow: approximately 54% of patients experi-
ence a single transit within their specialty ward, 44% require ICU admission in
the middle of their hospital stay resulting in two transits within the specialty
ward and the remaining 2% follow other, less common pathways. Thanks to
this information, we decided to focus the pathway prediction on whether or
not the patient will require the intensive care unit (ICU). In this way, the
model aims to predict whether the patient will follow a single transit pathway
or a triple one, with the latter including an intermediate stay in the intensive
care unit. Once the ICU utilization is predicted, the patient is assigned a care
pathway sequence according to the predicted ward transitions. The duration
of each transit, whether a single transit or the three-transit sequence includ-
ing ICU, is defined based on the average duration observed in patient classes
with similar structured characteristics (specialty, waiting list, diagnosis, and
procedure).

For the prediction of surgical procedure duration, the estimation is be per-
formed in a single step, directly predicting the total duration from the patient’s

entry into the operating room to their exit.

3.3.1 Text Preprocessing

Since clinical notes are unstructured and often contain noisy information, a
preprocessing pipeline was applied before feature extraction. Several steps are

included in the pipeline:

1. Tokenization: Splitting the text smaller components called tokens,

which in our case are the single words
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2. Lowercasing: Converting all characters to lowercase. The normaliza-
tion can reduce the vocabulary size, treat words with different cases as

the same token

3. Stopword removal: Eliminating frequent words that have no or barely

any semantic content to remove noise

4. Stemming: Reducing words to their base or root form by removing

suffixes and prefixes

5. Vocabulary construction: Building a set of unique tokens that de-
fines all the tokens that the model is able to recognize and use, which
is the basis for text representation, feature extraction and embedding

generation

For the creation of the dictionary, not only the set of single words (or base
words) was considered, but also the version where tokens consist of word pairs.
This was done to ensure that certain keywords could be captured together with
the negation that precedes or follows them. By performing this operation and
considering patients over 8 years of hospitalization, the size of the dictionaries
became very large. To ensure that this information could be used in the next
phases of the project, not all of the dictionary contents were considered, but
only a portion using the most frequent words and word pairs. The predictive

models used in the following sections were tested with different dictionary sizes.

3.3.2 Feature Integration

Once the dictionary of single words and word pairs was obtained, the next step
was to prepare the input file to test different predictive models and identify
the most effective one for forecasting patients’ hospitalization pathways.
We used one-hot encoding to all structured features. This encoding represents
categorical variables as a binary vector. In this technique, every category of
variables is coded as a vector of zeros with only one position marked by one,
representing the presence of that specific category.

For some variables, preliminary transformations were carried out before
applying one-hot encoding. For instance, in the case of patient age, 5-year age

groups were created to provide a more compact and informative representation.
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The same procedure was applied to the dictionaries: for each record, if
a given word was present in the notes field, the corresponding attribute was
assigned a value of 1, otherwise (. To avoid having an input that is too large
and not meaningful, subsets of words were then selected according to their
frequency in the historical data. Each word is assigned its absolute frequency,
indicating how many times it appears and then ordered from the most to
the least frequent. After that, the percentage of each word relative to the
total occurrences is calculated, followed by a coverage percentile that shows
how much of the total occurrences are covered by summing them in order of
frequency. In this study, the Oth, 25th, and 50th percentiles were considered
for each of the two dictionaries, as well as all possible combinations derived
from them. For the first dictionary, the 25th and 50th percentiles correspond
to 35 and 142 words, while for the second dictionary, they correspond to 422
and 2874.

The textual features were concatenated with the structured clinical and
demographic variables, generating a hybrid feature set. This integration allows
models to exploit both explicit patient information and hidden patterns in the

unstructured notes.

3.3.3 Machine Learning Models

Several machine learning algorithms have been be tested and compared. The
following models will be evaluated using the k-fold cross validation technique.
This technique divides the dataset into K folds and trains the model the same
number of times, and each one of these folds is used as a test set while the
remaining K-1 folds are used for training, while the final performance metrics
are computed as the average across all folds. Here, they are presented with

some implementation details and parameters:

o Logistic Regression: It is a machine learning algorithm used to pre-
dict a categorical output, by estimating the probability of the class by
modeling the relationship between the predictors as a linear combination.
The search for the best parameters is carried out iteratively through an
optimization algorithm for a certain number of times, with the goal of
minimizing the loss function. In the implementation, the number of it-
erations (maz_iter) was set to 1000, and it represents the maximum

number of iterations that the model can perform to converge.
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e Decision Tree Classifier: A decision tree is a non-parametric super-
vised learning algorithm, which is utilized for both classification and
regression tasks. It has a hierarchical tree structure, which consists of a
root node, branches, internal nodes and leaf nodes. It is a model that
predicts the value of a target variable by learning simple decision rules
inferred from the data features. The aim is to divide samples into leaves
and assign them a class trying to reduce impurity, meaning how mixed

the classes are within a node..

« Random Forest: This model that builds multiple decision trees on ran-
dom subsets of the data and features, combining them to improve the ac-
curacy and reduce overfitting. In the implementation, the n_ estimators
parameter was set to 500, and it represents the number of decision trees
to be built in the forest.

o K-Neighbors Classifier: It is is a non-parametric supervised learning
method which uses proximity to make classifications. The output value
is the average of the values of k nearest neighbors. It assign weights to
the contributions of the neighbors, so that nearer neighbors contribute
more to the average than distant ones. In our case n_neighbors that

represent k£ was set to 100.

e Neural Network: It is a computational model inspired by a biological
neural network. It is composed of interconnected nodes called neurons
grouped in layer trying to learn non linear relationship between features.
In our case study the structure of the Neural network is as follow: a fully
connected neural network composed of five hidden layers with 1024, 512,
256, 128, and 64 neurons respectively, each layer use the Rectified Linear
Unit (ReLU) as activation function and followed by a Dropout of 0.4. The
output layer has a single neuron with a sigmoid activation function for
binary classification. The solver used is Adam optimizer with a learning
rate of 0.00005 and a weight decay of 0.00001, binary cross-entropy loss,
and Sparse Categorical Accuracy as the evaluation metric, for 10 epochs
with a batch size of 128.

The key parameters and design decisions of the Neural Network will be

explained in detail. The hidden layers make use of ReLU activation function
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to address the vanishing gradient (gradients that are very small in backprop-
agation), while the output layer makes use of sigmoid activation function to
normalize predictions into probabilities suitable for binary classification. Reg-
ularization is applied through Dropout, which disables a random subset of
neurons during training to prevent overfitting. The network is trained with
the Adam optimizer with a specified learning rate to control the step size of
gradient descent and a weight decay to penalize large weights and improve

generalization.

3.4 Evaluation Metrics for Classification Mod-

els

The evaluation of the models is be performed by using a group of well known
metrics described in detail in Rainio et al. [68] and Miller et al. [55]. Before
defining the evaluation metrics, we first introduce the basic classification out-
comes: true positives (TP), false positives (FP), true negatives (TN), and false

negatives (FN). They are defined as follows:
o True Positives (TP): predictions correctly predicted as positive.
» False Positives (FP): predictions incorrectly predicted as positive.
o True Negatives (TIN): predictions correctly predicted as negative.
» False Negatives (FIN): predictions incorrectly predicted as negative.

For the prediction of the care pathway, which is a classification task aimed

at predicting the correct category, the following metrics will be used:

Accuracy:
TP+TN

TP+TN+ FP+ FN

It measures the proportion of correctly classified instances among all sam-

Accuracy =

ples.
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Precision:

TP
TP+ FP

It indicates the proportion of positive predictions that are actually correct.

Precision =

Recall:
TP

TP+ FN

It represents the ability of the model to correctly identify all actual positive

Recall =

instances.

F1 Score:

Fle 9w Precision X Recall

Precision 4+ Recall
It is the harmonic mean of Precision and Recall, balancing both metrics

in a single value.

ROC Curve: (Receiver Operating Characteristic)is a parametric curve de-

fined as:
TPR= TPIEVN
_ _FP
FPR = FP+TN

where T'PR is the True Positive Rate and F'PR is the Fualse Positive Rate. 1t
shows the trade off between the true positive rate and the false positive rate

across different classification thresholds.

AUC (Area Under the Curve): L’AUC measure the area under the ROC
Curve:

1
AUC = / TPR(FPR)d(FPR)
0

It quantifies the overall performance of the model, where a higher value

indicates better discrimination ability:.

Confusion Matrix:

Predicted Positive | Predicted Negative
Actual Positive | True Positive (TP) | False Negative (FN)
Actual Negative | False Positive (FP) | True Negative (TN)

It is a table that summarizes the classification results, showing the number of

correct and incorrect predictions for each class.



Chapter 3. Predictive Models 23

3.5 Evaluation Metrics for Regression Model

For the model used to predict the duration of surgical procedures, which is a
regression task aimed at estimating a numerical value, the following metrics

will be employed:

Mean Absolute Error (MAE):

1 & N
MAE = —3" |y, — g

=1

Measures the average absolute difference between the observed values y; and

the predicted values g;. Lower values indicate better predictive accuracy.

Root Mean Squared Error (RMSE):

1 n
RMSE = J = (vi — 4:)?
nGi3
Provides the square root of the average squared differences between observed

and predicted values. RMSE penalizes larger errors more heavily than MAE.

Coefficient of Determination (R?):

RZ—1_ (i — gz)z

i1y — )
Indicates the proportion of variance in the observed data explained by the
model. Values closer to 1 represent better model performance, while values

near 0 or negative indicate poor predictive ability.

3.6 Results and Discussion

For testing the models we utilized the historical data of the last 9 years of
three different specialties. The number of considered patients is 21977. The

ratio between patients who used intensive care and those who did not is 55% vs
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Table 3.1: Classification Models Results
Model ‘ Accuracy Precision Recall F1 Score AUC Dict. 1 Dict. 2
DecisionTree 0.655 0.620 0.564 0.591 0.660 0 0
DecisionTree 0.647 0.603 0.588 0.595 0.642 0 25
DecisionTree 0.658 0.616 0.600 0.608 0.653 0 50
DecisionTree 0.635 0.588 0.577 0.583 0.633 25 0
DecisionTree 0.645 0.600 0.588 0.594 0.643 25 25
DecisionTree 0.655 0.613 0.592 0.602 0.651 25 50
DecisionTree 0.654 0.610 0.599 0.605 0.653 50 0
DecisionTree 0.656 0.613 0.599 0.606 0.652 50 25
DecisionTree 0.663 0.620 0.613 0.617 0.660 50 50
KNeighbors 0.688 0.643 0.659 0.651 0.765 0 0
KNeighbors 0.677 0.674 0.516 0.585 0.760 0 25
KNeighbors 0.660 0.680 0.435 0.530 0.746 0 50
KNeighbors 0.672 0.664 0.522 0.584 0.755 25 0
KNeighbors 0.669 0.670 0.494 0.569 0.753 25 25
KNeighbors 0.665 0.675 0.465 0.551 0.744 25 50
KNeighbors 0.676 0.675 0.513 0.583 0.760 50 0
KNeighbors 0.672 0.674 0.497 0.572 0.754 50 25
KNeighbors 0.668 0.676 0.479 0.561 0.747 50 50
LogisticRegression 0.707 0.668 0.671 0.669 0.780 0 0
LogisticRegression 0.714 0.681 0.664 0.672 0.787 0 25
LogisticRegression 0.699 0.663 0.646 0.654 0.762 0 50
LogisticRegression 0.712 0.676 0.668 0.672 0.787 25 0
LogisticRegression 0.714 0.682 0.662 0.672 0.788 25 25
LogisticRegression 0.699 0.662 0.647 0.655 0.762 25 50
LogisticRegression 0.717 0.685 0.667 0.676 0.795 50 0
LogisticRegression 0.716 0.684 0.665 0.674 0.791 50 25
LogisticRegression 0.701 0.666 0.648 0.657 0.764 50 50
NeuralNetwork 0.711 0.656 0.726 0.689 0.783 0 0
NeuralNetwork 0.721 0.667 0.734 0.699 0.796 0 25
NeuralNetwork 0.717 0.674 0.698 0.686 0.778 0 50
NeuralNetwork 0.711 0.654 0.735 0.692 0.790 25 0
NeuralNetwork 0.720 0.664 0.740 0.700 0.796 25 25
NeuralNetwork 0.718 0.667 0.720 0.692 0.785 25 50
NeuralNetwork 0.717 0.659 0.743 0.699 0.799 50 0
NeuralNetwork 0.723 0.664 0.755 0.706 0.799 50 25
NeuralNetwork 0.719 0.671 0.711 0.691 0.790 50 50
RandomForest 0.675 0.635 0.620 0.627 0.729 0 0
RandomForest 0.705 0.672 0.648 0.660 0.777 0 25
RandomForest 0.713 0.686 0.645 0.665 0.790 0 50
RandomForest 0.698 0.667 0.630 0.648 0.776 25 0
RandomForest 0.709 0.680 0.642 0.661 0.789 25 25
RandomForest 0.712 0.689 0.634 0.660 0.794 25 50
RandomForest 0.715 0.688 0.649 0.668 0.798 50 0
RandomForest 0.720 0.692 0.658 0.674 0.799 50 25
RandomForest 0.721 0.696 0.653 0.674 0.803 50 50

45%. Using the k-fold technique (with the value of k = 10) for a fair evaluation

of the models, the values of the analyzed metrics will be the average values ob-

tained across each fold, as performed in Jung et al.[45]. Table 3.1 summarizes

the performance of the mean accuracy over the 10 folds. The NeuralNet-
work achieves the highest accuracy (0.711-0.723), followed by RandomFor-
est (0.675-0.721) and LogisticRegression (0699-0.717). Simpler models like
DecisionTree have lower performance (0.635-0.658), and K-Neighbor shows
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intermediate accuracy (0.660-0.688).

A similar results is obtained if we look to the other metrics like the F1
Score or AUC, where the NeuralNetwork is overall the best performing
algorithm.

The following are some observations on the performance of the different
classification models, with respect to the variation in the dictionary percentiles

used:

e DecisionTree: The model yields acceptable results, but accuracy is
generally lower than all the other models in every metrics. Increasing the
percentiles of the dictionaries does not significantly improve performance,

suggesting that Decision Tree is relatively insensitive to these features.

o K-Neighbor: Accuracy is slightly higher than Decision Tree, but in-
terestingly, increasing the usage of the dictionaries tends to decrease
performance. This is likely because the features extracted from text are

less effective than the structured features in identifying similar patients.

o Logistic Regression: Performance improves as the percentiles of the
dictionaries increase, especially when only the one word dictionary per-
centiles is at the maximum value, and the two word dictionary is not
used. This suggests that linear combinations of first dictionary features
provide additional predictive power, while the second introduces noise.
Overall, this model appears to be the most performative in many sce-

narios, despite being conceptually one of the simplest.

« Random Forest: Consistently achieves the high accuracy with high dic-
tionary percentiles, with a noticeable improvement as dictionary coverage
increases. Both dictionaries contribute to improving accuracy, making

this model one of the most robust among the tested approaches.

e Neural Network: The neural network over performs compared to the
other models, showing higher and less variable accuracy. Its performance
is highly sensitive to the dictionary percentiles, indicating that the fea-
tures extracted from text are fully exploited. The use of the second dic-
tionary has beneficial effects only up to the 25th percentile, after which

it begins to introduce noise and degrades performance.
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The Confusion Matrices and and ROC Curves are shown in Appendix A.
The reported confusion matrices were obtained as the average of the matrices

from each fold, while the ROC curve plots show all 10 curves and their average.

3.7 Surgical Procedure Time

To predict the duration of surgical procedures, we employed a Linear Re-
gression model. This model estimates the target variable (surgery time) as
a linear combination of the coefficients minimizing the sum of squared errors
between predicted and observed values.

In this analysis, we tested different percentile values for both dictionaries
using the same dataset employed for ICU prediction in the previous section,

and the resulting performance metrics are summarized in Table 3.2.

Table 3.2: Linear regression metrics

Model MAE RMSE R? Perc. Dictionary 1 Perc. Dictionary 2
LinerRegression  23.574  40.467 0.7374 0 0
LinerRegression  23.905 40.262  0.7401 0 25
LinerRegression  25.282  41.342  0.7259 0 50
LinerRegression  23.647  40.381  0.7385 25 0
LinerRegression  23.954  40.326  0.7393 25 25
LinerRegression  25.348  41.380  0.7254 25 50
LinerRegression  23.102  38.652  0.7605 50 0
LinerRegression  23.337  38.803  0.7586 50 25
LinerRegression  25.123  40.839  0.7326 50 50

From the results, it appears that Dictionary 1, containing single words, is
positively correlated with R?: as its percentile increases, the predictive perfor-
mance of the linear regression model improves. On the other hand, Dictionary
2, which contains word pairs, seems to introduce noise, resulting in a decrease
in model performance and a less accurate prediction of surgical procedure du-

ration.

3.8 Conclusions

This chapter explored the application of linear regression models to predict
surgical procedure durations based on various input features, including single
word and word pair dictionaries. The results indicate that the inclusion of
single word dictionaries positively correlates in both categorical and regression

models with improved model performance, as evidenced by higher metric val-
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ues. On the other hand, the use of the second dictionary seems useful only up
to the 25th percentile, beyond this threshold it tends to introduce noise and
negatively affect model performance across all approaches, reducing predictive
accuracy, F1 Score and AUC.

These findings demonstrate the potential benefit of feature selection in
predictive modeling for surgical planning. Future work can involve attempting
more sophisticated feature engineering techniques and exploring additional

modeling approaches to enhance the accuracy of predictions.






4 Optimization Model

4.1 Literature review

As anticipated in the introductory section, the surgical case assignment prob-
lem has been extensively studied in the literature through various approaches.
The Surgical Scheduling Problem has been investigated by distinguishing three
decision levels: strategic, tactical, and operational, depending on the consid-
ered time horizon. The focus at strategic level (long-term) is to determine how
many operating rooms (ORs) will be needed and to assign them to the dif-
ferent specialties, in order to match the overall demand for surgical procedure
time, see, e.g. in Ma et al. [51]. At the tactical and operational levels, the
planning of operating rooms is typically based on the use of time slots known
as blocks, which usually group procedures from the same specialty. At the
tactical decision level (medium term), the problem is commonly referred to
as the Master Surgical Schedule Problem, which aims to assign specialties to
OR blocks over a defined cyclic period, typically a week or a month, as shown
by Belien at al. [13] and Ebrahimi et al. [28]. Scheduling at the operational
level (short-term) involves two subproblems, denoted as Advanced Schedul-
ing and Allocation Scheduling. The first assigns patients to OR blocks, while
the second determines the detailed sequencing of patients within each block.
Scheduling has been extensively studied at the operational level, in some cases
by also considering the use of specific resources in the post-procedural phase,
but without including the complete patient pathway, see Hamid et al. [41] and
Latorre et al. [48]. By applying such methodologies, excellent results can be
obtained when compared to real-world data, as demonstrated by Barbagallo
et al. [11].

The Integrated Surgical Scheduling Problem refers to the challenge of co-

ordinating both the allocation of operating room (OR) blocks to specialties

29
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(Master Surgical Schedule Problem) and the assignment of individual surgi-
cal cases to these blocks (Surgical Case Assignment Problem). In some cases,
the Integrated Surgical Scheduling Problem is tackled by jointly considering
the tactical and operational levels, simultaneously solving the Master Surgi-
cal Schedule Problem and the Surgical Case Assignment Problem; see. e.g.
Agnetis et al. [2], Aringhieri et al. [6] and Duran et al. [27]. Several studies
have addressed these problems considering different objectives, such as the
maximization of patient prioritization, which will also be considered in this
study, as well as the maximization of resource utilization. In some cases, both

objectives have been addressed simultaneously, as in Aringhieri et al. [7].

4.2 Problem definition

The problem under study involves scheduling surgeries for a set of patients
across different surgical specialties, where each specialty has been allocated a
specific number of operating room (OR) slots. The objective is to determine,
within a defined planning horizon, the surgery date, the assigned operating
room, and the associated patient pathway for each patient.

The primary aim is to create a feasible schedule that minimizes patient
delays, optimizes the use of operating room (OR) resources, and respects all
relevant constraints. Planning decisions must take into account several re-
source constraints, including the duration of OR time blocks, the allocation of
OR time blocks to each surgical specialty, and the daily availability of ward
beds for each specialty.

The objective of the optimization is to maximize equity compliance, which
will be assessed using a metric called score, representing the scheduling profit

for each individual patient.

4.3 Patients’ Information

In order to be applied, the model requires some input information, two of
which were the subject of the previous chapter. The first is the duration of
surgical procedures, and the second is the patient care pathway. The care
pathway is defined as the sequence of hospital wards in which the patient will

be admitted, together with the duration of each transit. This pathway can
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Table 4.1: Example of Length Of Stay (LOS) Matrix

Day General Surgery Intensive Care Unit

1 0.5 0.5
2 0 1
3 0.4 0.6
4 1 0
5 1 0
6 1 0
7 0.5 0

be transformed into a matrix representation, which we will refer to as the
LOS matrix (Length of Stay matrix). This matrix is defined as follows: each
row represents a day starting from the patient’s hospitalization, each column
corresponds to a specialty, and the value in each cell indicates the amount of
time the patient will spend in that specialty on that day.

In the example of Table 4.1, the patient spends 0.5 days in the General
Surgery ward and after surgery is transferred to the Intensive Care Unit for
2.1 days. The patient then returns to the General Surgery ward, where she
stays for 3.9 days before being discharged.

4.4 Model

We propose a linear programming model that considers a pre-assigned Mas-
ter Surgical Schedule, in which operating room slots are already allocated to
surgical specialties. Furthermore, the model assumes that patient admission

occurs on the same day as the scheduled surgery.

We now introduce some necessary notation. Let us denote by I the set of
patients, by S the set of operating rooms, by T the set of days considered in
the scheduling and by J the set of specialties. The set I; represents the subset
of patients who are still present on day ¢. The set T} represents the subset of
days prior to day t. For each patient i € I we have the length of stay d;;, which
represent the total time spent by patient ¢ in ward of specialty j on day 7. For
each patient i, w; represents the surgical procedure time and p; denotes the
profit associated with scheduling patient ¢, where the profit value in the model

is represented by the score, the numerical value presented in the definition
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Table 4.2: Notation use for the Surgical Case Assignment Problem formulation

Problem notation

Sets

1 Set of patients

S Set of operating rooms

T Set of days

J Set of specialties

I, Set of patients that are still inside the hospital at day ¢

T: Set of days prior to day t

Parameters

dijr Lenght of stay of patient ¢ in a ward of specialty j on dayr

w; Time for the surgical procedure of patient ¢

Di Profit for scheduling patient i

C; Bed capacity of specialty j at day ¢

Ay Time capacity of operating room s at day ¢

st 1 if patient 7 can be scheduled in operating room s on day ¢, 0
otherwise

Decision variables

Tist 1 if patient 7 is assigned in operating room s on day ¢, 0 otherwise

of the previous section. In our problem an initial master surgical schedule is
provided as input, specifying the assignment of the operating theater to the
different specialties. A binary parameter, denoted as a;y takes value one if
patient 7 can be assigned to OR s on day t. This same parameter is also used
to prevent the assignment of patients to rooms that lack certain requirement
needed for their surgery (e.g. robotic equipment). The parameter a;y also
embeds the information linking the patient’s specialty to the one assigned to
the operating room, and takes the value 0 whenever they differ. Finally, we
denote by A the time capacity of operating room s on day ¢, and C}; the bed
capacity of the ward of specialty j on day t. The model uses binary variables
Z;s¢ Which take the value of 1 if patient ¢ is scheduled in operating room s on

day t, and 0 otherwise.
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max Z Z Zpixist (obj)

i€l seSteT
s.t
DN wiw <1 Viel (4.1)
seESteT

Zwixist <Ay VseSVteT (4.2)

i€l
Tist < ¢ Vi€ I,Vse S,VteT (4.3)
SN dijp—rinyTisr <Cjp VjEJNVLET (4.4)

TET: i€l s€S
zist € {0,1} VieI,Vse S,VteT (4.5)

The objective function (obj) seeks to maximize the profit generated by the
scheduled patients. Each patient’s profit is evaluated with reference to the
starting day of the planning horizon.

Constraints (4.1) ensure that each patient is scheduled at most once. Con-
straints (4.2) ensure that the operating room time slot duration is respected.
Constraints (4.3) ensure the compatibility of the patient for assignment to the
room. Constraint (4.4) ensures that the bed occupancy in each specialty ward
on day t € T does not exceed its capacity. Bed occupancy for ward of spe-
cialty j on day t is evaluated by considering the time spent in the ward by all
patients scheduled on previous days that are still in the hospital. In particular
for a patient ¢ who had surgery on day 7, the value t-7+1 denotes time elapsed
since surgery, which allows to retrieve the proper figure from the length of stay

matrix. Finally, constraints (4.5) restrict the decision variables to be binary.






5 Metaheuristic Algorithms

5.1 Introduction

In the Surgical Case Assignment Problem, the objective is to schedule patients
in operating rooms while satisfying multiple resource constraints, such as room
availability, surgical durations, and postoperative ward capacities. The Sur-
gical Case Assignment Problem is a complex problem and is proved to be
NP-Hard in Aringhieri et al. [6]. The combinatorial nature of these problems
causes the solution space to grow exponentially with the number of patients
and resources, making exact methods computationally infeasible in real time
hospital operations. In this context, ILP optimization models may encounter
difficulties when solving large scale instances, often requiring excessive com-
putation times to obtain optimal solutions. For this reason, metaheuristic
approaches are often preferred. This techniques does not guarantee an opti-
mal solution, but can produce high quality feasible solutions. In this chapter
will be presented a set of different metaheuristics to solve the Surgical Case

Assignment problem described in the previous one.

5.2 Literature review

In real world hospital settings, decision makers have to create surgical sched-
ules in a reasonable amount of time. To obtain good feasible solutions within
acceptable computational times, metaheuristic algorithms are often employed.
Metaheuristics do not guarantee optimality but can explore vast solution spaces
and provide high quality, near optimal solutions (Belkhamsa et al. [14], Vieira
et al. [83] and Moosavi et al. [56]). This makes them extremely suitable for
this problem, where efficient and timely decision-making is key to improving

resource utilization and patient care Because of the nature of metaheuristics,

35
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they can be also applied to more complex problem settings, like operating

room staff constraints, as in Farsi [32].

5.3 Algorithms

In this work, we propose several algorithms for the allocation of patients to

operating rooms, aimed at optimizing surgical scheduling in a hospital setting.

5.3.1 Greedy Algorithm

The first algorithm is the simplest one, based on a greedy logic. It produces
the solution in very short time, although the quality of the result is not always
sufficient. The solution obtained by this algorithm can be a good starting point
for applying a local search, with the aim of improving the initial solution. This
rationale forms the foundation of the subsequent algorithms.

The algorithm begins by ordering patients according to their assigned
scores, in decreasing order, ensuring that those with the highest priority are
considered first. The operating rooms are then sequentially iterated and for
each available time slot, the algorithm examines only the patients eligible for
that specific slot based on clinical and logistical constraints.

To decide whether a patient can be assigned to the operating room that day,
two key factors are considered: the duration of the surgery and the capacity
of the relevant hospital departments (e.g. post operative intensive care unit
units) to accommodate the patient during the entire hospital stay. If both
the operating room and ward capacity constraints are satisfied, the patient is
assigned to that operating room and time slot. The procedure continues in an
iterative manner, progressing through the remaining patients in the priority
list until every possible assignment is completed or no feasible matches are left.

The greedy approach guarantees that, at each iteration, the algorithm
selects locally optimal actions by giving precedence to patients with higher
scores, while simultaneously respecting operational constraints such as sur-
gical time and hospital bed capacity. Although global optimality cannot be
assured, the method is both efficient and well-suited to real-time scheduling
in hospital environments characterized by rapidly changing patient priorities

and resource availability. The Greedy Algorithm is presented in Algorithm 1.
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Algorithm 1 Greedy Patient Scheduling in Operating Rooms

Input:
« Patients [ with surgical procedure time w;, scores p;,
and perioperative path d;;,

o Operating rooms S, each with a time capacity Ay
o Assignability of patients ;g

« Capacity of wards Cj; for each ward j € J and each
time period t € T
Ensure: Schedule patients into operating rooms while respecting the ca-
pacity constraints of operating rooms and wards
fort € T do
for s € S do
Aresidual — Ast
P«—{iel|as=1exy=0}
P <« sort(P, key = p;)
for 1 € P do
if w; <= Aresz‘dual and dz‘jr < Cjt, Vj S J, YVt € [d, d+ DJ then
Tist < 1
Aresidual — Aresidual — w;
Reduce bed capacity C}; accordingly
end if
end for
end for
end for
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5.3.2 Local Search Criteria

The Greedy algorithm was then modified by introducing policies allowing
scheduled patients to be removed from the plan and replaced with others not
yet scheduled.

All the following algorithms are based on the Ruin and Recreate logic. Start-
ing from a given solution, it is partially destroyed (Ruin) by removing some of
the already scheduled patients, and then reconstructed using different criteria

(Recreate). The procedure used to remove patients is described in Algorithm 2.

Algorithm 2 Remove patients from schedule in Operating Rooms

Input:
o Greedy solution

e Specialty j
e Day 7

o Parameter k
Ensure: Removing subset of patients from schedule
fort e[t —k,7] do
for s € S do
fori € 1 do
if ;s = 1 then
Tist < 0
Update bed capacity C}; accordingly
Update OR capacity Ay accordingly
end if
end for
end for
end for

The idea behind this algorithm is to select a specialty and a specific day,
and then remove from the schedule all patients belonging to that specialty who
were assigned to that day and the k preceding days. After that, the patients
are reinserted into the schedule using a different criterion from the one previ-
ously applied. To reconstruct the partially destroyed solution, three policies
were tested for selecting the patient to be removed, and two for choosing their
replacements, creating different versions of the algorithm. In these three poli-
cies, instead of using only the original patient scores, two additional criteria
inspired by Dantzig’s algorithm were also explored: one where the scores is

weighted by the duration of the surgery in the operating room, and another
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where the scores is weighted by the number of hospitalization days.

After an extensive testing phase, the value of k was set to 5 days. Since
bed availability is typically one of the most restrictive constraints, this choice
is also supported by the observation that over 95% of patients have a length of
stay shorter than five days. Given that the criterion used to empty the oper-
ating rooms is based on the identification of the most crowded departments, it
makes sense to adopt this threshold, as it ensures that nearly all patients im-
pacting that department during its peak occupancy are included. Moreover,
this approach allows the algorithm to reassign almost the entire workweek,
since bed occupancy generally peaks on Thursday and Friday. In the follow-
ing subsections, the algorithms constructed based on these components are

presented and discussed in detail.

5.3.3 Multiswap

The Multiswap algorithm is designed to improve an initial greedy solution.
Starting from this initial solution, the algorithm keeps track of the best solution
found and uses a Tabu list to prevent recently modified operating rooms from
being reconsidered immediately.

The method iteratively attempts to modify the schedule through a series of
removal and reinsertion steps, using different prioritization criteria to explore
alternative solutions. The algorithm consists of three consecutive phases, each
comprising N iterations. The criteria chosen to select the subset of patients
to remove from the schedule is to use the specialty and the day of the most
crowded ward. The patients assigned to the operating rooms of the selected
specialty, within the period including the chosen day and the preceding k
days, are removed from the solution. At every iteration, this combination is
selected and added to the Tabu list. Then, this subset of operating rooms
is refilled according to a criterion that changes across the three phases. The
first phase prioritizes patients according to scores weighted by the duration of
the surgery, the second phase uses the scores weighted by the total length of
stay, and the third phase considers only the scores. At each iterations, only
improving solutions are taken. The pseudocode of the algorithm is presented
in Algorithm 3.
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Algorithm 3 Multiswap scheduling in Operating Rooms

Input:
o Greedy solution
Ensure: Schedule patients into operating rooms while respecting the ca-

pacity constraints of operating rooms and wards
*

Z" 1= ZQGreedy
k:=5
Tabu := ()

for iter =1 to N do
Select Most full ward (j, 7)
Tabu = Tabu U (j,7)
Empty Algorithm (j, 7, k)
Apply Greedy on subset of OR (p;/w;)
if z >= z* then
Update z*
Update all z;4
end if
end for
Tabu = ()
for iter =1 to N do
Select Most full ward (j, 7)
Tabu = Tabu U (j,7)
Empty Algorithm (j, 7, k)
Apply Greedy on subset of OR (p;/D;)
if z >= z* then
Update z*
Update all z;4
end if
end for
Tabu = ()
for iter =1 to N do
Select Most full ward (j, 7)
Tabu = Tabu U (j,7)
Empty Algorithm (j, 7, k)
Apply Greedy on subset of OR (p;)
if z >= z* then
Update z*
Update all z;4
end if
end for

return z*
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5.3.4 Tabu

The Tabu algorithm is an evolution of the Multiswap and instead of per-
forming the three different exchange criteria sequentially, all three possibilities
are evaluated at each iteration, and the best one is chosen if it improves the
current solution.

The criterion for selecting the subset of patients to remove remains the same:
those belonging to a single specialty on the day of maximum bed occupancy,
as these patients are typically the most constraining. In this version as well,
only improving solutions are accepted. The pseudocode of the algorithm is

presented in Algorithm 4.

Algorithm 4 Tabu scheduling in Operating Rooms

Input:

o Greedy solution
Ensure: Schedule patients into operating rooms while respecting the ca-
pacity constraints of operating rooms and wards

z* = ZGreedy
k=15
Tabu := ()

for iter =1 to N do
Select Most full ward (j, 7)
Tabu := Tabu U (j,7)
Empty Algorithm (j, 7, k)
Apply Greedy on subset of OR (p;)
Apply Greedy on subset of OR (p;/w;)
Apply Greedy on subset of OR (p;/D;)
Take best z
if z >= z* then
Update z*
Update all ;4
end if
end for
return z*

5.3.5 Tabu Ad

In this version of the algorithm, called Tabu Ad, which is very similar to the
Tabu version, an additional element has been introduced: the duration of the

swap period.
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In the previous version, this duration was fixed at five days to include an entire
week. Here, it initially starts at five days, but after a y number of iterations
without any improvement in the objective function, this parameter is reduced
by one, and the tabu list is cleared. This mechanism is inspired by the concept
of temperature in the Simulated Annealing algorithm, although it is applied
differently. The criterion for selecting patients remains the same, as does the
rule that accepts a new solution only if it represents an improvement. The

pseudocode of the algorithm is presented in Algorithm 5.

Algorithm 5 Tabu Ad scheduling in Operating Rooms

Input:

o Greedy solution
Ensure: Schedule patients into operating rooms while respecting the ca-
pacity constraints of operating rooms and wards

z* = ZGreedy
k:=5
q:=0

Tabu := ()

for iter =1 to N do
Select Most full ward (j, 7)
Tabu := Tabu U (j,7)
Empty Algorithm (j, 7, k)
Apply Greedy on subset of OR (p;)
Apply Greedy on subset of OR (p;/w;)
Apply Greedy on subset of OR (p;/D;)

Take best z

if z >= z* then
Update z*
Update all z;4
q:=0

else
q+=1

end if

if ¢ >=y and k >= 1 then
k= k-1
q=0
Tabu := ()

end if

end for

return z*
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5.3.6 Random

In the Random algorithm, randomness is also included. In metaheuristics,
randomness is used to diversify the search process and reduce the risk of the
algorithm becoming trapped in local optima. In our problem, randomness is
used to select the specialty and the day on which to clear the operating room,
instead of considering the ward with highest utilization. The criterion for
selecting improving solutions is maintained. The pseudocode of the algorithm

is presented in Algorithm 6.

Algorithm 6 Random scheduling in Operating Rooms

Input:
o Greedy solution
Ensure: Schedule patients into operating rooms while respecting the ca-

pacity constraints of operating rooms and wards
*

Z" 1= ZGreedy
k=5
q:=0

Tabu := ()

for iter =1 to N do
Select random ward (j, 7)
Tabu := Tabu U (j,7)
Empty Algorithm (j, 7, k)
Apply Greedy on subset of OR (p;)
Apply Greedy on subset of OR (p;/w;)
Apply Greedy on subset of OR (p;/D;)
Take best z
if z >= z* then
Update z*
Update all z;4
q=20
else
q+=1
end if
if ¢ >=y and k£ >= 1 then
k= k-1
q:=0
Tabu := ()
end if
end for
return z*
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5.3.7 Random Degrade

The final algorithm presented is called Random Degrade. This algorithm
synthesizes all the features of the previous approaches, with the addition of
the ability to accept solutions that are worse than the current solution. Specif-

ically:
o The selection of operating room slots to be emptied is randomized.
o The use of the tabu list for previously used wards and days remains valid.

o When refilling the emptied subset of operating rooms, all three criteria

are evaluated simultaneously, and the best option is selected.

o After a certain number of iterations ¢ in which the solution does not im-
prove the value of the best found objective function so far, the parameter

k is decreased by one.

Whenever £ is reduced, the tabu list is cleared, and the algorithm continues
iterating from the best solution found so far, rather than from the current
solution. After a testing phase, the acceptance threshold for worse solutions

was set to 0.95. The pseudocode of the algorithm is presented in Algorithm 7.

5.4 Algorithmic Details

In practice, certain specialties, such as the ICU (Intensive Care Unit), do
not have any assigned operating rooms, as these are typically used by other
specialties.

If the ICU ward happens to be the most saturated (in the case of the first
three algorithms) or is selected randomly (as in the last two algorithms), it
would not be possible to empty its associated operating rooms, since it has
none. To overcome this problem, and since all the other specialties can con-
tribute to filling the ward, operating room of all disciplines are cleared and

then refilled simultaneously.

All the swaps are performed only if they improve the Objective Function,
defined as the sum of the scheduled patients’ scores, except for the Random

Degrade algorithm.
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Algorithm 7 Random Degrade scheduling in Operating Rooms

Input:

o Greedy solution

Ensure: Schedule patients into operating rooms while respecting the ca-

pacity constraints of operating rooms and wards

Z

*

‘= ZGreedy

Zbest = <Greedy
k=5

q:=0

Tabu := 0

for iter =1 to N do

Select random ward (j, 7)
Tabu := Tabu U (j,7)
Empty Algorithm (j, 7, k)

Apply Greedy on subset of OR (p;)
Apply Greedy on subset of OR (p;/w;)
Apply Greedy on subset of OR (p;/D;)

Take best z
if z >= (0.95) z* then
Update z*
Update all z;4
if 210t < z* then
Zbest+= z*
q:=0
else
q+=1
end if
end if
if  >=y and k£ >= 1 then
k= k-1

q:=0
Tabu := ()
z* = Zbest
end if
end for

return zpeg
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The last two versions of the metaheuristic algorithm differ from the previous
ones as they introduce an element of randomness. Both are based on the Tabu
Ad algorithm, but the selection of the operating rooms to be emptied is made
randomly, while still respecting the Tabu list.

In the next chapter, the results will be presented, in which the different ver-
sions of the metaheuristics are compared in terms of performance, specifically

by comparing the obtained objective function values and execution times.



6 Results

6.1 Introduction

This chapter presents the results of applying the model and the algorithms

introduced in the previous chapter, defining two different types of analyses.

e In the first part, the results of the performance comparison across differ-
ent instances are presented, with the aim of identifying which of these

algorithms performs best.

e In the second part, a study is conducted in which the scheduling gen-
erated by the optimization model was compared with actual real world
scheduling implemented by the physicians, in order to assess the potential
impact of using these techniques. Further analyses were then conducted
to assess the impact of the resulting outputs on the equity of treatment
for patients awaiting surgery, as well as on waiting times and the size of

the waiting list.

6.2 Computational results

This section reports the performance obtained from the model runs compared
with the metaheuristics. A subset of algorithms (Greedy, Multiswap, Tabu,
Tabu AD) are deterministic, which means that the result obtained in terms
of the final solution is always the same. In contrast, the other two algorithms
(Random and Random Degrade), being inherently stochastic, produce differ-
ent solutions each time they are run. To enable a fair comparison with the
deterministic algorithms, the random algorithms were executed 30 times, and
the average values obtained are reported in Table 6.1 and Table 6.3.

For completeness of the analysis, the maximum values of the objective function

47
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obtained and the minimum running time are also reported, since in some cases
they can yield better solutions than any other algorithm presented. This could
also help in real-world applications, as running them multiple times within a
reasonable execution time can produce both better results and a variety of
solutions. Presenting multiple solutions to physicians provides greater choice
and can facilitate the adoption of these tools in practice.

The test set consists of instances of increasing size, all defined over the
same planning horizon. The experimental setup includes nine medical special-
ties and ten operating rooms, analyzed over a 60-day period. The instances
are defined by a number, which represents the number of patients per spe-
cialty. The instances range from the smallest, with 10 patients per specialty
(totaling 90 patients), to the largest, with 1000 patients per specialty (totaling
9000 patients). Small instances (1040 patients per specialty) include a lim-
ited number of cases, medium-sized instances (50-200 patients per specialty)
involve a moderate workload for a surgical operating theater, while large in-
stances (400-1000 patients per specialty) represent full-scale hospital scenarios.
The results show a progressive improvement in both efficiency and quality of
solutions obtained with the different algorithms implemented. Metaheuristic
approaches, such as Tabu Ad, have proven particularly effective in reducing
computation times compared to the other algorithms. In terms of objective
function values, these metaheuristic algorithms closely approximate the solu-
tions provided by the ILP model, finding near-optimal solutions in significantly
shorter times.

If we look at Table 6.2, which shows the gap between the ILP model and
the metaheuristic solutions, we notice that it is negligible for small instances,
slightly increases for medium-sized instances, and becomes more noticeable
for large instances. Despite this, metaheuristics remain near-optimal across all
instance sizes, offering high accuracy for small and medium instances and ac-
ceptable precision for large ones, while significantly reducing computation time.
This makes them particularly suitable for solving large-scale instances, where
the exact optimization model encounters difficulties in achieving optimality
within a reasonable time due to the high computational complexity. While
the optimization model generates optimal solutions for small and medium
sized instances, it begins to encounter difficulties in solving problems from

instance 200 and above (i.e., with almost 2000 patients). Therefore, the meta-
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heuristic approach proves to be a valid alternative when dealing with larger
problems. However, there remains a slight difference in objective function
values, as heuristics converge towards near optimal solutions but not always
reach the exact optimum. In conclusion, while the MILP model remains the
best tool for ensuring optimal solutions for smaller instances, the algorithms
demonstrate to be a better approach for large scale problems getting good
solutions in a smaller period of time, offering a balance between precision and
execution time. Overall, the slight gap between heuristics and the exact model
is an acceptable compromise, providing near-optimal results with considerable

computational savings.

6.3 Real world application Comparison

This section presents the numerical results obtained by comparing the sched-
ules generated by the optimization model with those implemented in the hos-
pital by physicians and nurses. The analysis covers 28 weeks (9 January to
31 July 2023), involving 286 operating spaces in three operating rooms and
1,959 patients from three specialties. In our analysis, we excluded patients
who were removed from the waiting list during this period. The analysis relies
on a snapshot of the waiting lists taken at the time of planning. This implies
that the model considered only the patients listed at that specific moment,
without accounting for fluctuations due to new entries or removals. To align
with real-world practice, where planning is carried out weekly, we applied the
model using a rolling-horizon logic. At the beginning of each week, the waiting
list was updated by removing patients who had already been scheduled and
including any new entries that occurred in the meantime. Patient profit was
computed on the first day of each weekly planning period and kept fixed during
the period. This profit definition served for evaluating both the model solu-
tion and the real world solutions designed by practitioners. The profit chosen
to evaluate the solutions is the score, which, as a reminder, was defined as

follows:

Waiting time limit of the class with lowest priority (days
score = WT X 5 p y (days)

Waiting time limit of the patient class (days)

A similar approach for evaluating the quality of different planning strategies
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has been addressed in previous studies, such as Aringhieri et al. [5]. By defin-
ing fixed profits within a period, we avoid undesired model behavior, where
urgent patients would be scheduled later in the week to increase their scores.
To enrich the analysis, the model was run with two different inputs: once using
estimated surgery times (Model E.T.) and once using actual surgery times, i.e.,
real times observed ex post (Model R.T.). This approach allowed for a more
nuanced assessment of the model’s performance under both ideal assumptions
and real-world conditions. To fairly evaluate the scheduling produced by the
model using estimated times as input, we replaced the estimated times with
actual times after the scheduling decisions were made. In other words, the
scheduling was carried out based on estimated durations, but its performance
was assessed using the actual surgery times, which were unknown at the time of
planning. This allowed for a proper evaluation of critical issues, including op-
erating room overtime and real bed capacity. Analytically, the best we can do
is to register and evaluate the amount of overtime introduced by uncertainty,
while the practical effect (i.e. delay, postponement or cancellation of the pro-
cedure) depends on the medical decision and cannot be estimated a priori. We
compare the solutions produced by the model with those of the practitioners
using two metrics: the overall weekly score and the number of hospitalized
patients, whose trends are depicted in Figures 6.1 and 6.2, respectively.

From Figure 6.1, we can observe that the weekly score obtained by Model
R.T. and Model E.T. exhibits a very similar trend. However, when compared
to the actual scheduling performed by practitioners, we notice that the model’s
prescription and performance differ significantly from the implemented prac-

titioner solution. In the initial weeks, the models achieve significantly higher

Figure 6.1: Score of the weekly sched- Figure 6.2: Number of weekly sched-
uled patients uled patients
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score as they prioritize urgent patients, a practice that is not always strictly
adhered to in reality. Over time, the gap gradually narrows until the imple-
mented scheduling achieves higher scores in the last weeks. This outcome
is not surprising, as the model’s scheduling would have already treated high
score patients in earlier weeks. Additionally, the better performance of the
model scheduling in the early weeks leads to a lower average waiting time for
patients still on the list. This, in turn, results in a subsequent reduction in the
score of selected patients when their scores are updated. From Figure 6.2, we
observe that the difference in the number of patients scheduled weekly is larger
in the initial weeks and then gradually decreases over time. This phenomenon
can be explained by the fact that, given a group of patients with similar score,
the model tends to prioritize those requiring fewer resources, allowing more pa-
tients to be processed in the initial weeks. Over the observation period, the
curve obtained by the optimized scheduling dominates the curve representing
the practitioners scheduling, highlighting that, although the model prioritizes
certain patients, the optimized schedule achieves a better throughput.

The numerical values for the number of patients scheduled by both the
models and the practitioners, and the corresponding average score, are pre-
sented in Table 6.4.

In addition, an analysis was performed on the status of the waiting list at
the end of the observation period to assess its size and the average score of
the remaining patients. This analysis aimed to evaluate the equity of patient
treatment, which was one of the initial objectives. The results are shown in
Table 6.5.

From Table 6.5 we observe that, for both the Model R.T. and Model E.T.,
the average score of patients is lower compared to reality, and, more impor-
tantly, it is balanced across different priority classes. This outcome aligns with

the primary objective of the model, which is to ensure equity in patients treat-

Table 6.4: Scheduled patients

‘ Number of Patients ‘ Average score

Priority Class ‘ Real Model R. T. Model E.T. ‘ Real Model R. T. Model E.T.

A 39 35 36 278.6 527.4 524.2
B 345 444 453 1060.6 966.3 960.4
C 347 520 513 738.3 682.2 700.1
D 196 182 184 590.4 596.7 615.5

Total 927 1181 1186 807.6 771.2 781.0
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Table 6.5: Waiting List state at the end of the planning horizon

‘ Number of Patients ‘ Average score

Priority Class ‘ Real Model R. T. Model E.T. ‘ Real Model R. T. Model E.T.

A 1 5 4 584.0 489.2 380.3
B 213 114 105 948.7 337.0 297.7
C 584 411 418 466.0 324.4 314.5
D 234 248 246 300.6 324.7 307.4
Total 1042 778 773 523.2 327.4 310.3

ment. When solving Model E.T., potential issues arising from the scheduling
process were evaluated for both bed and operating room (OR) capacities. This
resulted in 73 cases out of 784 (approximately 9.31%) where the actual capac-
ity of a ward was insufficient to accommodate all scheduled patients. In these
cases, where the ward capacity was exceeded, the average excess was 6%, with
a peak of 20%. If this event occurs, the planned intervention may be canceled
and will need to be rescheduled in the following days. Concerning the OR, we
evaluated how many times the procedures exceeded the times slot, resulting in
109 cases over 286 (approximately 38.18 %) with an average overrun of 15.8%
of the slot duration. This situation is not ideal, but it can be managed as
overtime without the need to reschedule the procedure to the following days.
For the Model E.T., the results are therefore highly dependent on the accuracy

of the predictions for surgical durations and patient length of stay.






7 Simulation

7.1 Introduction

The use of simulation in healthcare is widely use across various areas, including
operating room scheduling (Xue et al. [89]). For the surgical scheduling, it can
be used to help define the Master Surgical Schedule as in Cappanera et al.[16].
It is often combined with optimization models, sometimes fully integrated into
the model itself, but mainly used to assess the robustness of the proposed
solution (Banditori et al. [10], Kougias et al. [46] and Xiao et al. [88]). A

similar approach to those described so far will be used in this chapter.

7.2 Simulation Case Study

In this chapter, we design a simulation-based framework that models the op-
erating room environment and the entire hospital stay of patients.
The simulator is used to test different scheduling strategies under varying con-
ditions, allowing the analysis of delays, cancellations, and bottlenecks in the
surgical pathway. Special attention is given to the effect of inaccurate predic-
tions of surgery durations, modeled by increasing variance in procedure times.
This simulation based approach takes as input the assignment of patients to
operating rooms from the ILP Model, and then proceeds to an actual schedul-
ing phase, in which patients are temporally ordered within the operating slots.
The use of this approach is due to a limitation that arises from the definition
of the LOS matrix itself, as presented in Table 4.1. In this representation, for
each day the value reported in each cell corresponds to the percentage of the
day that the patient is expected to spend in a given ward. Unfortunately, this
does not provide any information about the specific time of day. For example,

if the value is 0.5, it means that the patient will spend half a day (i.e., 12

o7
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hours) in that ward, but it is not possible to determine whether this will occur
in the morning or in the afternoon.

Due to this characteristic, and given that in the model’s constraints these
percentages are simply summed in order to remain within ward capacity, a
potential issue may arise if patients overlap in the same ward at the same time
of day. To mitigate this problem, the simulation framework becomes essential,
as it allows us to test different criteria for ordering patients into operating

room slots, to reduce the likelihood of such overlaps.

7.3 Objectives

The simulation aims to:

o FEvaluate the effectiveness of different scheduling strategies in ordering

patients within surgical slots

« Explore the impact of variability in surgical and recovery times on hos-

pital operations.

To measure the effectiveness of the different scenarios, several performance
indicators will be employed. These indicators capture both the frequency and
the impact of undesired events, such as delays in admission or ward transfer, as
well as the use of operating room resources beyond the expected time horizons.

In particular, the following indicators will be considered:
o Number of canceled surgeries
o Number of delayed hospitalizations and surgeries,

o Operating room overruns

7.4 Conceptual Simulation Framework

The simulation in this study was performed using the Salabim library, an
Object Oriented Environment for DES (van der Ham, 2016 [82]). Salabim is
a Discrete Event Simulation Python framework designed to enable modeling of
complex and dynamic systems whose development is marked by the occurrence

of discrete events. It combines object oriented design with a process oriented
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simulation paradigm enabling modeling of real world systems as collections of
interacting entities such as processes, resources, and queues each defined by
specific behaviors, and event triggered interactions.

In the simulation environment, objects are implemented as components.
Each component, once instantiated, executes its own process governing his
behavior, doing things, and interfacing with other objects within the system.
Such interactions may involve waiting for events or intervals, and interfacing
with shared resources that can be acquired, held, and released as per the rules
defined within the simulated world.

This make it a useful tool for research as well as decision making in real
life, particularly where scheduling strategy, resource policy, or process redesign

programs have to be analyzed under uncertainty.

7.5 Simulation Components

This section presents the components that form the simulation model. A quick

overview of their roles and activities is provided:

o Patient: This component represents the patients in the system that
originates from the optimization model and its process defines which

resources each patient will use and for how long

e Operating Room: This component represents an operating room within
the hospital. It could have been modeled as a resource, but it was im-
plemented as a component to achieve more flexibility in managing the
queue of patients awaiting surgery. This approach also gives the compo-
nent the capacity to check if the duration of the next scheduled procedure

is expected to exceed the planned closing time of the operating room.

e Operating Room Scheduler: This component is responsible for open-
ing and closing the operating room according to the slots defined in the

Master Surgical Schedule

« Ward Bed: This last component represents a hospital bed, like the
operating rooms it was modeled as a component rather than a resource.
This component manages the movement of patients between wards by
activating and passivating them, handling transfer requests, to patient

care pathways, and bed availability.
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Each of these components will be described in detail in the following sub-
sections, except for the Operating Room Scheduler, which is straightforward
and does not require a dedicated section. The behavior of this component
is defined by a process, which is illustrated in the pseudo-code presented in
Algorithm 8.

Algorithm 8 Operating Room Scheduler Component

Input: comp or, moment, action, duration
if action = ’open’ then
Set comp_or.open = 1
if comp_or is passive then
Activate comp_or
comp_or.estimated_end = actual_time + duration
end if
else if action = ’close’ then
Set comp_or.open = 0
if comp_or is active then
passivate comp_or
end if
end if

7.5.1 Patient Component

The Patient component represents an individual patient that is assigned by
the ILP Model. To simplify the implementation of the model, the length of
stay is defined using two arrays: the first contains the specialties included in
the patient’s pathway, while the second specifies the duration of stay in each

corresponding unit. Each patient is instantiated with specific attributes:

e arrival time: it is the date on which the patient is scheduled

duration: it is the time of the surgical procedure
o or_id: it is the id of the operating room in which it is scheduled
e patient id: it is the id of the patient

o list: it is the list of wards, that the patient will visit during his hospital-

ization

o length path: it is the length of array list, it is usually 1 or 3 (if the
patient need ICU)
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o time path:it is the list of hospital stay’s duration

When a patient is created, their process starts and searches for the index
of the ward of their first transfer list. If the corresponding ward has available
capacity, they are immediately admitted; otherwise, they join a waiting queue,
where they remain passivated until capacity becomes available. Every ward
has two types of queues: admission queue queue_pl_ric, used before initial
hospitalization, and transfer queue queue_pl, used when the patient needs to
move to another unit but no bed is currently free.

Once admitted, the patient must undergo a surgical procedure as part of
their path. They join the operating room queue, waiting for the assigned
operating room to become available. At this point, two scenarios may occur:
either the operating room is open, meaning it is available according to the
master surgical schedule, and the room is empty, in which case they activate
the operating room and begin their procedure; or the room is closed or still
occupied with a previous patient, in which case they remain in the queue
waiting to be called. In both scenarios, when they leave the queue, they wait
for the specified duration and then set their parameter procedure_done to
1 indicating that the procedure has been performed and will not need to be
repeated during any subsequent transfer. After that, they remain in the ward
for the duration of the corresponding time_path. In the case where the patient
has undergone surgery, their length of stay starts being counted from that
moment. This is because, if they had waited several days before being called
due to schedule disruptions, those days should not be included in the length
of stay. Therefore, inpatient stay is considered to start from the time of the
intervention. However, this value is then adjusted by a few hours, representing
the theoretical time that should elapse between the patient’s admission and
their entry into the operating room, since, in our model, this portion of time
is already accounted for in the patient pathway.

At the end of the current transfer, if it is not the last one, before leaving the
ward they check the next ward in the path; if no beds are available, they join
the transfer queue queue_pl for that ward while still occupying their current
bed. When they are reactivated from the queue, or if the next ward was
already available, they free their current bed and restart the cycle, without
repeating the surgical procedure step. If it is their final transfer, at the end of

the transfer period, they are discharged, thus freeing their bed.
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Algorithm 9 Patient Component

Input: arrival_time, duration, or_id, patient_id, list, length_path,
time_path
Initialize procedure_done = 0
for i in length path do
id_bed < ID of the WardBed component such that
Ward Bed.specialty = list[i] transfer=i
if WardBed|id_bed].capacity_res > 0 then
WardBed[id_bed|.capacity_res -= 1
else if i == 1 then
Enter WardBed[id_bed].queue_pl_ric
Wait activation
Leave WardBed[id_bed|.queue_pl_ric
else
Enter WardBed[id_bed].queue_pl
Wait activation
Leave WardBed[id_bed].queue_pl
end if
if procedure_done == 0 then
Enter OperatingRoom[id_or].queue_or
if (OperatingRoom[id_or] is passive &
OperatingRoom|[id_or|.open == 1 &
OperatingRoom[id_or].patient_call== 0) then
OperatingRoom|[id_or].patient_call =1
Activate OperatingRoom[id_or]
Wait activation
else
Wait activation
end if
Leave OperatingRoom[id_or|.queue_or
Wait for duration
procedure_done = 1
Wait max(time_pathli] - 8 hours, 0)
else
Wait time_pathli]
end if
if i < length_path then
next_id_bed < ID of the WardBed component such that
Ward Bed.specialty = list[i+]1]
if WardBed[next_id_bed|.capacity_res <= 0 then
Enter WardBed[next_id_bed|.queue_pl
Wait activation
Leave WardBed|next_id_bed].queue_pl
end if
end if
WardBed[id_bed|.capacity_res +=1
Activate WardBed[id_bed)|
end for
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7.5.2 Operating Room Component

The Operating Room components are instantiated at the beginning of the
simulation and require only the room id_or as input. At the time of their
creation, they are set as closed, meaning they are not currently available to
admit patients, and their estimated_end time is set to zero. A request queue
queue_or associated with the room is created, along with the patient_call
parameter, which is used to manage the calls of patients from the queue_or
in the case that the room is open but passive due to an empty queue. This
ensures that the arrival of a new patient triggers the start of their procedure.

The opening and closing of the Operating Rooms are managed by the
Operating Room Scheduler component, which, based on the Master Surgical
Schedule, opens and closes the operating rooms. At the time of opening,
it sets the estimated_end time of the slot, which is necessary when calling a
new patient, allowing the system to verify that the procedure can be performed
within the available time frame.

The Operating Room process begins once the room is open.

Its patient_to_activate attribute is initialized with a dummy patient. Then,
if its queue queue_or is not empty, the room searches, in the order patients
were added to the queue, for those who meet specific criteria: that the end
of the patient’s procedure does not exceed the slot’s estimated_end by more
than 20 minutes, and that, if the patient requires a bed in the subsequent
ward, this bed is available.

If a patient meets these criteria, they are selected and stored in the
patient_to_activate. If no suitable patient is found, the room becomes
passive, waiting to be triggered by a new incoming patient.

If the patient call attribute is zero, meaning the room itself determines
which patient to operate on. the selected patient is activated, and the room
remains busy for the duration of the procedure. Otherwise, if the activation
was triggered by a new patient, that patient is already active and does not
need to be reactivated. In this case as well, the room waits for the duration
of the patient’s procedure and then resets its patient_to_activate attribute

to zero.
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Algorithm 10 Operating Room Component

Input: id_or
Initialize open = 0
Initialize patient_call = 0
Initialize estimated_end = 0
Initialize queue_or
Wait activation
while open = 1 do
Set patient_to_activate = 10000
if queue_or not empty then
for all Patient p in queue_or do
if p.duration + actual time < estimated_end 4+ 20minutes &
check + Next Ward Availability check(p..patient_id) then
patient_to_activate = p.patient_id
break
end if
end for
end if
if patient_to_activate = 10000 then
Wait activation
else if queue_or not empty & patient_call == 0 then
Activate Patientpatient to_activate
Wait for Patient[patient_to_activate].duration
else if queue_or not empty & patient_call == 1 then
patient_call =0
Activate Patient[patient_to_activate]
Wait for Patient[patient_to_activate].duration
else
Wait activation
end if
end while

Algorithm 11 Next Ward Availability check
Input: patient_id
Initialize check = True
if Patient[patient_id|.transfer < Patient|patient_id|.length_path
then
next_id_bed < ID of the WardBed component such that
WardBed.specialty = Patient|patient_id|.list[transfer+1]
if WardBed|next_id_bed].capacity_res <= 0 then
check = False
end if
end if
return: check
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7.5.3 Ward Bed Component

The WardBed component manages patient bed requests and utilization. Es-
sentially, it is assigned a certain number of beds (capacity) associated with
a specific specialty. Upon creation, each ward generates two associated
queues: one for patients who are already hospitalized and require a transfer
(queue_pl), and a second for new admissions (queue_pl_ric).

The component continuously checks for patient requests whenever beds are
available, first checking the queue of already admitted patients, and only after-
ward the queue of new admissions. If both queues are empty, the component
becomes passive and waits to be activated by the arrival of a new request.

The decision to use two separate queues reflects real world hospital opera-
tions: patients who are already admitted are given higher priority to facilitate
discharges. By preventing unnecessary extensions of their hospital stay, this

approach allows a greater number of patients to be treated overall.

Algorithm 12 Ward Bed Component
Input: capacity, specialty, id_bed
Initialize capacity_res = capacity
Initialize queue_pl
Initialize queue_pl_ric
while True do
Wait activation
if capacity_res > 0 & queue_pl not empty then
Select first patient queue_pl
Activate patient
else if capacity_res > 0 & queue_pl_ric not empty then
Select first patient from queue_pl_ric
Activate patient
end if
Wait activation
end while

7.6 Simulation Framework Overview

Following the description of the components that make up the simulation, a
schematic representation of the simulation itself is presented below:
At the beginning of the run, all components are created: the patients

derived from the ILP model assignment, each with their own admission date;
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Figure 7.1: Conceptual simulation of surgical scheduling

the operating rooms, which are managed by the operating room scheduler; and
the wards, which will host patients during their hospitalization.

The diagram also includes the ICU block, even though it conceptually
belongs to the Ward Bed components. Its inclusion highlights that while single-
transition patients are admitted to the wards and return there after surgery,
some patients experience an intermediate stay in the ICU before returning to

their assigned ward.

7.7 Simulation Scenarios

One of the objectives of developing this simulation is to test different ap-
proaches for ordering patients within operating room slots, in order to identify
the strategy that minimizes scheduling disruptions and facilitates patient flow.

The strategies tested for patient ordering were as follows:

Patients ordered by decreasing surgery duration: Decr_surg_time

Patients ordered by increasing surgery duration: Incr_surg_time

Patients ordered by decreasing total length of stay: Decr_los

Patients ordered by increasing total length of stay: Incr_los

The other objective is to evaluate the impact of inaccurate predictions of
surgery and hospitalization durations on the system. To achieve this, deter-
ministic durations were replaced with normal distributions, where the mean
was set to the original value and the standard deviation varied from 0 to 1 in

increments of 0.1. In the versions where probability distributions were used,
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the Operating Room component, when selecting patients from its queue, per-
forms the check to ensure that the procedure ends within the slot estimated
end plus 20 minutes using the original duration. This is because the actual
duration is considered unknown at that moment.

The four ordering criteria were tested in each of these scenarios, and the
results are shown in the following graphs.

On the horizontal axis the applied standard deviation values for the dura-
tions are shown. On the vertical axis, the corresponding metric is reported,
which, as mentioned, includes the number of patients not scheduled on, the to-
tal number of minutes of operating room overrun, and the number of hospital

admissions that were postponed.
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Figure 7.4: Delayed hospitalization

As can be seen in the graphs, both strategies that order patients in de-
creasing order, either by surgery duration or by total length of stay, perform
better in terms of unscheduled patients and postponed admissions. This is
because delaying a particularly long procedure has a greater cascading effect
in subsequent days, as more demanding procedures in terms of resources will
then have to be rescheduled. However, this approach also increases the like-
lihood of exceeding operating room time. On the other hand, the other two
criteria help reduce the risk of overruns but can cause significant inefficiencies
in keeping to the original schedule. Although overruns are certainly something
to avoid, in real hospital settings, reorganizing surgeries on the following days
is often extremely complicated. For this reason, it is generally more practical

to schedule patients in decreasing order of surgery duration.

7.8 Discussion

The simulation model presented in this section provides an environment to
simulate the performance of different surgical scheduling strategies. The pres-
ence of both operating room processes and the hospitalization pathway in the
model mimics the dynamics of real hospital operations. This approach makes
possible to study not only surgery delays but also their effects on patient flow.

Including both deterministic and stochastic representations of surgery and
hospitalization durations, the simulation captures the uncertain nature of

healthcare operations. This stochastic aspect is crucial when evaluating the
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robustness of different scheduling strategies with respect to variability in the
expected duration of surgery or patient recovery.

The experiments carried out showed how different ordering criteria, based
on the duration of surgery or total LOS, affect system performance. The result
shows that prioritizing longer procedures can reduce unscheduled procedures
and delayed admissions, but it increases the likelihood of operating room over-
runs. Ordering patients by shorter durations helps to limit overruns but can
lead to inefficiencies in maintaining the planned schedule.

In conclusion, other than comparing ordering strategies, the simulation
was useful to measure how sensitive hospital operations are to inaccuracies in
duration estimates. By adding normally distributed uncertainty around the
expected values, the model made it possible to see how changes in prediction

accuracy impact overall performance.






8 Conclusion

8.1 Summary and Findings

This thesis has presented an integrated and holistic framework for operat-
ing room (OR) scheduling that starts from data-driven patient information
analysis, and then proposes an optimization model with a simulation based
validation. The proposed framework has the objective of supporting hospitals
in achieving efficient and resource based surgical planning, tackling probably
the most complex and critical challenge in healthcare operations management.

This research started with an analysis of the waiting list information, aim-
ing to extract meaningful features using Natural Language Processing
techniques. This part of the work was important to improve the quality of
input data necessary for the following part of the work, both in the optimiza-
tion and simulation phases. Using a larger amount of information from the
waiting list, we achieved a more accurate representation of surgical resource
requirement improving realism and adherence to reality.

The next step was the development of a mathematical optimization model,
that unlike traditional scheduling approaches that used to focus solely on the
operating room efficiency and sometimes a single ward scenario, attempts to in-
corporate the hospitalization pathway, including post operative intensive care
unit (ICU) and bed occupancy. This integration was necessary, as the bed
availability often represents the main bottleneck in surgical planning processes.
By optimizing the assignment of patients to operating room and post opera-
tive patient flow, the model achieves a more balanced utilization of hospital
resources, reducing procedure cancellations, delays and bed shortages. The
objective of the model was not only to improve resources utilization but also
to ensure greater equity of treatment, respecting patient’s urgencies according

to the Regional guidelines.

71
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For large size instances, using the ILP Model becomes computationally
difficult. The research therefore proposes Metaheuristic Algorithms de-
signed to efficiently produce good quality solution in a reasonable computation
time. Many experiments, conducted on different instance sizes, demonstrate
that the proposed algorithms achieve near optimal solutions. They also offer
the possibility of generating multiple scheduling proposals suitable for imple-
mentation in real hospital settings, facilitating their use by surgeons and nurses
responsible for preparing the operative notes.

To validate and assess the performance of the proposed assignment solu-
tions under realistic and uncertain conditions, a simulation model was pro-
posed. This model has two main goals: to test the model solution across dif-
ferent scenarios of uncertainty and to find the best policy for ordering patients
within the surgical procedure time slot. By evaluating different scenarios, we
provided decision makers with useful metrics, highlighting the potential of the
proposed framework to align surgical planning with institutional goals, such
as patient safety, service quality, and resource efficiency.

Overall, this research contributes to the field of Healthcare Operations
Management by proposing an end-to-end methodological framework that in-
tegrates data analytics, optimization, and simulation. The holistic approach,
which begins with data preprocessing and extends all the way to operational
validation, ensures that the methodology is both rigorous and practically ap-

plicable.

8.2 Future Work

The proposed work was primarily designed to support the weekly operational
planning of scheduled patients. With minor adjustments, it can also be applied
over a longer time horizon to support tactical-level decision-making. In this
extended application, the model retains the ability to allocate operating room
slots across different specialties, effectively integrating both scheduling and the
development of a master surgical schedule.

Future research directions may also include the incorporation of urgent
patient management, which can disrupt the planned schedule. To achieve
this, it would be possible to introduce a dynamic rescheduling mechanism,

allowing adaptation to new initial conditions in response to unexpected events.
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An additional area for improvement is the predictive aspect, with the goal
of more accurately forecasting the input parameters for the model and the
simulation. As shown by both the simulation studies and the comparison
between model outputs and real world data, the precision of these predictions
greatly influences the overall performance of the hospital system. This could
be accomplished by refining the selection of the most significant words or word
pairs from the dictionaries. A more challenging and ambitious step would be
to include medical test reports, which could offer deeper insights into patients’
health conditions, often containing information even more valuable than that
recorded in nursing notes.

Finally, the ultimate goal of this work is its application in real world set-
tings, aiming to have an impact on the improvement of hospital systems. To
achieve this goal, collaboration will be needed between the hospital IT infras-
tructure, Operations Management Engineers capable of adapting operations
research and machine learning tools to the specific context, and healthcare

professionals, thus engaging all stakeholders and fostering their cooperation.
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Figure A.3: Confusion Matrices Logistic Regression
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Figure A.4: Confusion Matrices Random Forest
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A.2 ROC Curves

Roc Curves of the prevision Models:
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Figure A.6: ROC Curves Decision Tree
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Figure A.8: ROC Curves Logistic Regression
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Figure A.9: ROC Curves Random Forest
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Figure A.10: ROC Curves Neural Network
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