UNIVE;SITA
DEGLI STUDI
DITRIESTE
UNIVERSITA DEGLI STUDI DI TRIESTE

XXXVIII CICLO DEL DOTTORATO DI RICERCA IN
APPLIED DATA SCIENCE AND ARTIFICIAL INTELLIGENCE

Fondazione Cassa Risparmio di Trieste

Machine Learning Methods for
Clinical Decision Support:
an Analysis Based on COVID-19 Data

Settore scientifico-disciplinare: INF/01
DOTTORANDO @L” | /&‘V /\
MICHELE RISPOLI = n°
COORDINATORE %? :
PROF. FRANCESCO PAULI /o522 2=
SUPERVISORE DI TESI %% 77

PROF. LUCA MANZONI .
CO-SUPERVISORE DI TESI WA
PROF. ALBERTO D’ONOFRIO

ANNO ACCADEMICO 2024/2025




POC L

o'...‘. S o S “ N,

.
L R o

Universita degli Studi di Trieste
Dipartmento di Matematica, Informatica e Geoscienze
PhD THESIS IN APPLIED DATA SCIENCE AND ARTIFICIAL
INTELLIGENCE

Machine Learning Methods for Clinical Decision Support:
an analysis based on COVID-19 Data

PhD Candidate:
Michele Rispoli

Supervisor:
Prof. Luca Manzoni

Co-supervisor:
Prof. Alberto d’Onofrio

December, 2025






Acknowledgements

I would like to thank my PhD supervisors Luca Manzoni and Alberto d’Onofrio, whose
guidance and expertise supported me in my research path, and were fundamental for the
development of the work presented in this thesis.

My PhD was funded by Fondazione Cassa Risparmio di Trieste, whose support is
gratefully acknowledged.

I would also like to thank Marco Confalonieri, Francesco Salton, Andrea Rocca, and all
the other collaborators from the pneumology unit of the University Hospital of Cattinara,
Trieste, who provided valuable field expertise and access to the data which made this work

possible.

Trieste, Italy
December, 2025






Contents

Abstract 1
1 Introduction 1
1.1  Context: the COVID-19 pandemic . . . . ... ... ... .. .. ...... 2
1.2 Contributions overview . . . . . . . . ... L L 3
1.3 Scientific Collaboration . . . . . . . ... .. ... .. ... ... 4
1.4 Funding . . . . . .. e 4
1.5 Structure of the thesis . . . . . . . . .. .. ... .. . 4

2 Background 5
2.1 Challenges of Clinical Data . . . . . . ... ... ... ... ... .. ..., 5
2.2 COVID-19 dataset . . . . . . . . . . . e 7
2.3 Machine Learning in Medicine . . . . . . .. ... ... ... ... 8
2.3.1 Supervised Learning . . . . . . . ... Lo 8

2.3.2 Unsupervised Learning . . . . . . .. ... ... .. oL 9

2.3.3 Explainable AT . . . . . ... .. 10

2.3.4 Generative AI/ML . . . .. ... Lo 10

2.3.5 Further Reading . . . . . . . .. .. ... .. .. .. ... 11

3 A tailored machine learning approach for mortality prediction in severe

COVID-19 treated with glucocorticoids. 13
3.1 Introduction . . . . . . . . .. L L 13
3.2 Methods . . . . . . .. 14
3.2.1 Data . . . .o 14
3.2.2 Machine Learning Methods . . . . . . ... ... ... ... ..... 14
3.2.3 Training set and Validation . . . . . ... ... ... ... .. .... 18
3.2.4 Evaluation Metrics . . . . . .. ... L o 18
3.2.5 Preprocessing . . . . . ..o 18
3.2.6 Feature Selection . . . . . . . .. ... 19
3.27 Training . . . . . . oL L e 19
3.2.8 Model Explanation . . . . . . . ... ... 19
3.2.9 Implementation Details . . . ... ... .. ... ... ........ 20

3.3 Results. . . . . . e 20



CONTENTS

3.4 Discussion and Conclusions . . . . . . . . . . . L e 21

4 Investigating Fairness with FanFAIR: is Pre-processing Useful Only for

Performances? 25
4.1 Introduction . . . . . . . . . . . . 25
4.2 Methods . . . . . . . e 27
4.2.1 FanFAIR . . . . . . . . . e 27
4.2.2 New functionalities in FanFAIR . . . . . . . . ... ... ... .... 28
4.2.3 Case study: COVID dataset . . . . . . .. ... .. ... ... .... 29
4.3 Results. . . . . . e 32
4.4 Conclusion . . . . . . . . . . e 34

5 Spectral Clustering-Powered Survival Analysis for heterogeneous clinical

datasets: a case study on COVID-19 37
5.1 Imtroduction . . . . . . . . .. 37
5.2 Background . . . . ... 38
5.2.1 Spectral Clustering . . . . . . . . .. ... o 38
5.2.2 Survival Analysis . . . . . ... 39
5.2.3 Landmark Analysis. . . . . . .. . ... ... ... .. 40

5.3 Proposed Method . . . . . . . . ... Lo 41
5.3.1 Data preparation . . . . . . ... .. o 41
5.3.2 Tuning. . . . . . . .. 42
5.3.3 Fitand analyzeresults . . . . . . .. ... ... oL 43

5.4 Case Study . . . . . . . 43
5.4.1 Dataset . . . . . . ... 43
5.4.2 Applying our method . . . . ... ... ... L. 44
5.4.3 Results . . . . . . 47

5.5 Conclusions . . . . . . . . . . e 50
6 Conclusions 51
6.1 Contributions Summary . . . . . . . ... Lo 51
6.2 Limitations . . . . . . . . . . 52
6.3 Future directions . . . . . . . . . .. 52
6.4 Closing remarks . . . . . . . . .. L L 53

Bibliography 55



Abstract

Between the years 2020 and 2023, COVID-19 posed an unprecedented challenge to
healthcare systems worldwide, rapidly evolving into a pandemic that claimed millions of
lives. While the disease has now reached an endemic stage, it continues to demand clinical
attention, and the prospect of future pandemics remains a concrete threat. Consequently,
developing robust data-driven tools to support healthcare and emergency response remains
of utmost importance.

In this context, Machine Learning (ML) and Artificial Intelligence (AI) have proven
to be valuable allies for healthcare professionals, enabling the extraction of meaningful in-
sights from clinical datasets, accelerating workflows, and supporting personalized care in
both diagnostic and prognostic settings.

This thesis contributes to these ongoing efforts by developing and applying novel ML
techniques for the analysis of clinical tabular data, with a particular focus on
COVID-19. The research was conducted in collaboration with the pneumology unit of
the University Hospital of Cattinara, Trieste, which is part of ASUGI (Azienda Sanitaria
Universitaria Giulioano-Isontina), the Public Health Authority for the provinces of Gorizia
and Trieste.

Three main studies are presented, each addressing a dual objective:

1. to design and validate methods for analyzing tabular clinical datasets, thereby pro-

viding ML practitioners with new methodological tools; and

2. to apply these methods to a real-world COVID-19 dataset to derive actionable in-

sights for clinical decision-making.

The first study presents a comprehensive ML pipeline to predict in-hospital mortality
of patients with severe COVID-19 pneumonia treated with glucocorticoids. Six supervised
algorithms, ranging from logistic regression and decision trees to ensemble methods and
neural networks, were trained and evaluated. The best models achieved strong predictive
performance (AUROC > 0.9), demonstrating that accurate predictions can be obtained
even from moderately sized datasets through careful preprocessing, feature selection, and
validation. Model explainability was ensured using SHAP values, which provided individ-
ualized explanations and confirmed the clinical relevance of factors such as age, comor-
bidities, C-reactive protein, and improvements in the PaOs/FiOgratio.

The second study focuses on fairness and bias detection in tabular datasets, pre-

senting an improved version of FanFAIR, a hybrid statistical-ML tool to quantify bias
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present in the data. The updated tool supports a wider range of data types, integrates
with pandas dataframes, and enables the specification of sensitive attributes. Application
of FanFAIR to our COVID-19 dataset revealed that suitable pre-processing can simultane-
ously enhance model accuracy and fairness, highlighting the importance of methodological
and ethical rigor in healthcare Al.

Finally, the third study introduces a novel framework combining spectral clustering
with landmark survival analysis to identify latent patient subgroups characterized
by distinct survival behaviors. Applied to our COVID-19 dataset, the method uncov-
ered clinically meaningful clusters corresponding to high- and low-risk patient groups,
whose survival trajectories and clinical profiles remained distinct across multiple temporal
landmarks. This approach extends the applicability of ML to survival data analysis in
heterogeneous datasets of limited size, where conventional or deep learning models may
struggle.

The results presented in this thesis demonstrate the potential of transparent, ethical, and
interpretable ML to support data-driven decision making in healthcare, particularly in
the context of future epidemic and pandemic preparedness. Furthermore, the developed
techniques form a comprehensive methodological toolkit adaptable to similar ML and Al
problems, with potential applications extending beyond healthcare to other scientific and

industrial domains.



Introduction

In the age of data, that we’re currently living in, Machine Learning (ML) and Artificial In-
telligence (AI) have emerged as tools of choice for processing the torrent of data produced
by our society, finding application in virtually any field of knowledge, and, increasingly
more often, directly impacting human well-being. In healthcare, ML and Al are allowing
clinicians and researchers to mine useful knowledge from electronic health records (EHR),
assisting in diagnosing and treating diseases, expediting clinical workflows, boosting phar-
maceutical research, and generally improving healthcare delivery [1]. While methods from
classical statistics are typically employed for describing general properties at population
levels, AI and ML can exploit complex patterns in the data to make predictions for indi-
vidual patients, offering clinical decision support for personalized care [2, 3]. In practice,
developing models that fulfill these promising expectations can be very challenging: data
quality and volume must be sufficient, which seldom corresponds to the state of raw clin-
ical data, due to the intrinsic complexity of the data and of the procedures to collect it,
thus requiring extensive pre-processing [4, 5]. The sensible nature of the clinical setting in-
troduces privacy restrictions that often limit data availability, and imposes the need for Al
and ML models that are not only accurate, but also understandable from the clinical per-
sonnel who has to take the final decisions. In this context, non-generative ML approaches
remain preferable over the more recent generative ones, as they are relatively less data-
intensive, and can rely on well-established performance measures, as well as techniques to
explain how outputs are computed [6].

The work presented in this thesis focuses on the development of non-generative Al and
ML techniques aimed at supporting decision making in a clinical setting. The proposed

techniques, while implemented with the primary goal of analyzing a specific dataset of

1
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COVID-19 patients, can be applied for any tabular dataset presenting similar characteris-
tics (i.e. mixed data-types, presence of time-varying features) and challenges (i.e. modest

size, unbalancedness of the output classes, data missingness).

The contents of this thesis are based on the following works:

e “A tailored machine learning approach for mortality prediction in severe COVID-19
treated with glucocorticoids”, journal paper published on The International Journal
of Tuberculosis and Lung Disease 28.9 (2024): 439-445, of which I am co-first author

[7];

e “Investigating Fairness with FanFAIR: is Pre-Processing Useful Only for Perfor-
mances?”, conference paper published on the proceedings of 2025 IEEE Symposium
on Computational Intelligence in Health and Medicine (CIHM), IEEE, 2025, of which
I am first author [8];

e “Spectral Clustering-Powered Survival Analysis for heterogeneous clinical datasets:
a case study on COVID-19”, submitted manuscript of which I am first and corre-

sponding author [9].

1.1 Context: the COVID-19 pandemic

The COVID-19 (Corona virus disease - 2019) pandemic was a major health crisis, which
affected the world globally between the years 2020 and 2023, infecting hundreds of millions
and causing millions of deaths worldwide, posing an unprecedented challenge for healthcare
systems across the globe. Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-
2) - the virus responsible for COVID-19 - was first identified in Wuhan, Hubei province,
China in late December 2019 [10], and is believed to have zootic origins [11, 12, 13].

The majority of infected patients develops flu-like symptoms (fever, coughing, shortness
of breath) ranging from mild to severe within the first two weeks, although a considerable
proportion of the population is asymptomatic carriers, greatly complicating the efforts to
track and limit the virus spread. Transmission mainly occurs through the respiratory route
with high efficacy, especially considering the elevated reproduction rate of the virus, and
its ability to survive on inanimate surfaces [11]. Combined with the ever increasing level of
global mobility, these factors favored the rapid spread of the disease during the pandemic
onset, inducing governments to apply unprecedented mobility restrictions between and
within countries [14].

Italy, in particular, was the first European country to be severely affected by COVID-
19: [15] three weeks after the initial outbreaks, registered on the 21st of February in
the northern regions of Lombardy and Veneto, the virus had already infected more than
10’000, killing more than 600, and prompting the Italian government to impose a national
lockdown. By the 20th of March, Italy had reportedly suffered the highest toll of COVID-
19 deaths than any other country in the world, with over 3’400 victims, and by the
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beginning of April, the Lombardy region alone reported more than 10’000 deaths - roughly
three times the amount reported in China at the time. The exact causes behind this
tragic escalation in Italy are hard to pinpoint, as multiple factors might have contributed:
reduced personnel due to cuts to the public healthcare system, high median age of the
susceptible population, absence of a protocol for testing healthcare professionals, lack
of personal protection equipment, a general underestimation of the danger by the both
the government and the public, which delayed the enforcement of social containment
measures [15]. Nevertheless, Italy was merely one of the first countries to suffer severe
consequences, inadvertently pioneering the application of containment measures which
most other countries in the world were soon forced to adopt.

The COVID-19 pandemic impacted public health well beyond its mortality rate, dis-
rupting social activities, causing a surge in emergence of mental health issues, and ag-
gravating pre-existing social and economic inequalities. At the same time, the emergency
motivated the global research efforts which allowed to develop vaccines and identify treat-
ments such as monoclonal antibodies, antiviral drugs and corticosteroids. Although the
pandemic is over, COVID-19 has reached the endemic stage, and still circulates to this day,
constituting an ongoing challenge for healthcare systems across the world. Furthermore,
never before in history there was such large availability of data regarding the same epidemic
event, offering an unprecedented opportunity for ML and Al researchers. Nonetheless, re-
search often had to be carried on datasets presenting several challenges, prompting ML

and Al practitioners to develop techniques capable of overcoming them.

1.2 Contributions overview

The research contributions presented in this thesis consist of three studies - two published
[7, 8] and one submitted [9]. Each of them had a two-fold objective:

1. developing techniques to conduct analyses on (clinical) tabular datasets,
providing ML and AI practitioners with novel tools to tackle similar problems (i.e.

classification, dataset evaluation, and survival analysis);

2. applying these techniques to analyze a specific COVID-19 dataset, obtaining

insights which may support clinical decision making in the treatment of this disease.

More specifically, in the first study (i.e. the published journal paper [7]) we propose
an original pipeline to train and evaluate six different ML algorithms - namely, logistic re-
gression, decision tree, random forest, extreme gradient boosting, support vector machine
and a (shallow) neural network - for predicting mortality of hospitalized COVID-19
patients, that is, tackling a binary classification problem in a supervised setting, further-
more employing additive SHAP values, an explainable AI (XAI) technique, to provide
detailed explanation for each individual outcome predicted by the best models.

In the second study (i.e. the published proceedings paper [8]) we present an improved
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version of FanFAIR, a tool which leverages both classical statistics and ML to compute
a score that quantifies the amount of bias present in a tabular dataset, furthermore
providing evidence that both the accuracy and the unbiasedness of ML models benefit
from (proper) data pre-processing.

Finally, in the third study (i.e. the submitted journal paper [9]) we propose a novel
technique that combines spectral clustering, an unsupervised ML algorithm, with land-
mark survival analysis to identify and characterize subgroups of individuals that
differ in terms of survival behaviors within tabular datasets that include both time-

dependent and time-independent features.

1.3 Scientific Collaboration

The research presented in this PhD Thesis was carried on in collaboration with the pneu-
mology unit of the University Hospital of Cattinara, Trieste, which is part of ASUGI
(Azienda Sanitaria Universitaria Giulioano-Isontina), the Public Health Authority for the

provinces of Gorizia and Trieste.

1.4 Funding

This PhD work has been funded by Cassa Risparmio di Trieste, within the Project “Di-
partimenti di Eccellenza 2018-2022”, project title: “Support to the personalized clinical

activity in respiratory medicine via artificial intelligence and machine learning methods.”

1.5 Structure of the thesis

The remainder of the thesis is structured as follows:

Chapter 2 provides an overview of the challenges of clinical data, a brief presentation of
our COVID-19 dataset, and a panoramic of ML/AT in medicine, focused in particular on
topics relevant to this work.

Chapters 3, 4 and 5 present the aforementioned studies [7, 8, 9], describing their method-
ology and results.

Finally, in Chapter 6, we conclude by summarizing the key findings of our studies, dis-

cussing their limitations, and outlining directions for future research.



Background

2.1 Challenges of Clinical Data

Clinical data are afflicted by several challenges, due to their sensitive nature, and to the
variety of methods, actors and circumstances involved in their life-cycle.

To begin with, collection of clinical data is time consuming and prone to error, as the
vast majority of it has to be carried on manually by healthcare workers, often across several
meetings with the patients [4, 5, 16]. A first broad distinction can be made between struc-
tured and unstructured clinical data. Structured data consist of ordered sets of values
describing the patient’s condition, such as lab results (e.g., levels of C-reactive proteins),
manually surveyed information (e.g., age, applied therapies), or medical signals (e.g., air
flow /volume/pressure signals recorded with mechanical ventilators, medical imaging), and
one of their most common forms is tabular data. Unstructured data, instead, comprise
free-form text annotated by healthcare workers during conversations with the patients,
such as amnestic information collected at hospital admission, or doctors’ investigation
records. [2]

In modern practice, clinical data are stored onto information systems known as elec-
tronic health records (EHRs) [1]. The ambitious purpose of these storage systems
is providing a unified interface for the acquisition and consultation of patient data, in-
cluding health as well as administrative information, thus answering the needs of health
care practitioners, administrators, patients, researchers, and public monitors ! . In prac-

tice, though, the strict safety requirements, combined with the lack of implementation

'In fact, initially EHRs were mainly designed to serve billing purposes, and only later evolved to include
clinical details useful for actual healthcare delivery [1].
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standards for these systems, often introduce complications during the dataset gathering
phase: security protocols, rightfully put in place to safeguard patient’s privacy, may not
allow exporting data in a tabular format, furthermore requiring several authentications
even to access data regarding a single patient, which is often spread across multiple EHRs.
Gathering the collected data into datasets for Al and ML development can thus be very
challenging, and must often be painstakingly carried on by hand, introducing further oc-
casions for human error to corrupt the data. During this phase, data missingness also
naturally arises from the fact that patient experiences may vary consistently (especially in
multi-centric studies), resulting in tabular datasets with features that cannot be evaluated
for all patients.

The heterogeneity of clinical information readily translates into datasets that have
high dimensionality, and present a variety of data-types [2], typically falling into one of

the following classes:
o Numerical - for quantitative data (e.g., age, physiological indicators, days of therapy)

o Categorical - for qualitative data, may present ordered levels (e.g., sex at birth, risk

group)

 Binary - indicate if patient meets a given condition (e.g., hypertension) or underwent

a specific therapy (e.g., mechanical ventilation)

o Date-time - temporal information (e.g., hospital admission/discharge, start/end of

therapy, sampling date)
o Text - unstructured data, or other unique values (e.g., patient ID, pathogen name).

The differences in format and information content among these data-types forces the
adoption of elaborate pre-processing strategies, and of models capable of handling this
diversity.

Data scarcity and unbalancedness of the features’ distributions are also common
issues in clinical datasets [6, 2|, as they naturally arise due to the rarity of some condi-
tions (e.g., rare diseases, low lethality), or due to biases that are inherently present in
the sampled population (e.g., older age, presence of minority groups). These are major
problems that should be taken into consideration since the design phase of a study, as
they negatively impact the performance and generalization capabilities of trained models,
and can only be partially solved by adopting resampling strategies.

Finally, the technologies employed in the creation of clinical datasets, as well as the
populations and diseases described in them, naturally evolve in time, introducing the so-
called data drifting and concept drifting problems [6]. These are responsible for the
obsolescence of trained models, as their ability to make predictions on data that are more
recent than the training data may deteriorate, or be completely shut down, thus requiring

to periodically update or completely retrain the models.
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These challenges provide a strong motivation for the development of AI/ML techniques
that are versatile, understandable, and effective, as well as of tools to evaluate the quality

of clinical datasets employed for this purpose.

2.2 COVID-19 dataset

The raw dataset comprises data regarding 951 COVID-19 patients which were hospi-
talized across 26 Italian centers between February 2020 and May 2023. It was extracted
from a pool of 1012 patients, obtained by combining the datasets of two former random-
ized trial studies investigating the efficacy of steroid treatments on patients affected by
SARS-COV-2-induced pneumonia [17, 18]. Data gathering and part of the data collection
were performed by our collaborators from the pneumology department of the university
hospital of Cattinara, in Trieste, who also authored these previous studies.

The raw dataset comprises the following 129 features:

 health history (24) - features collected at hospital admission, these include age, sex,
body-mass index, and 21 risk factors, namely, smoking habits, COVID-19 vaccination
status, and past occurrence of the following conditions: diabetes, oncologic diseases,
hypertension, asthma, chronic obstructive pulmonary disease (COPD), bronchiec-
tasis, dyslipidemia, chronic renal disease (CRD), atrial fibrillation, coronary artery
disease (CAD), chronic heart failure, cardiovascular diseases, obstructive sleep ap-
nea, cerebrovascular diseases, dementia, polycythemia, latent tuberculosis, autoim-
mune diseases, and pulmonary embolism. All of these features except the first four

mentioned are of binary datatype.

o therapy (20) - binary features detailing which therapies were administered to the pa-
tient, including ventilatory supports (high flow nasal cannula (HFNC), non invasive
ventilation (NIV), and invasive mechanical ventilation (IMV)), clinical procedures
(pronation, tracheostomy, and extra-corporeal membrane oxygenation (ECMO) and
medications (warfarin, new oral anticoagulants, tocilizumab, remdesvir, monoclonal
antibodies, heparine (non fractioned or low molecular weight with prophylactic or
anticoagulant dosages), and steroid therapy (with additional features specifying the

treatment group, and count of days of full dosage)).

o complications (21) - binary features detailing which complications occurred dur-
ing the treatment of the patients. These include: bradycardia, diarrhea, increased
liver enzymes, hypotension, hypokalemia, hypernatremia, shock, acute renal failure
(ARF), intravascular coagulation, acute heart failure, stroke, atrial fibrillation, su-
perinfection (and annex text feature with the micro-organism specification), hyper-
glycemia, respiratory acidosis, pneumothorax (PNX), pneumomediastium, critical

illness myopathy, pulmonary embolism, and cardio-respiratory arrest.

« serial measurements (45) - features comprising (up to) five measurements for each
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of nine variables, including: type of ventilatory support, sequential organ failure as-
sessment score (SOFA), and levels of arterial partial pressure of oxygen to fraction of
inspired oxygen ratio (PaO2/FiO2), C-reactive Protein (CRP), lymphocytes, lactase,
lactate dehydrogenase (LDH), and D-dimer.

o dates (18) - these include dates of birth, hospitalization, decease/discharge, enroll-
ment, symptoms onset, sampling of serial values, start/end of NIV, IMV and steroid

therapy;
e outcome (1) - binary indicator of patient’s death.

Of these, only 79 features could effectively be considered for data analysis, as others
were either excessively sparse (e.g., 7 out of the 9 serially measured features), or presented
uninformative distributions (e.g. same value for > 95% of the samples). The dataset is
heterogeneous, as it includes features of all the data-types mentioned in section 2.1, with
the majority of them being binary. Time information, present in the data in the form of
dates, necessitated extensive manual intervention to identify and correct inconsistencies,
furthermore requiring the introduction of specific strategies to be coupled with the per-
tinent features, and integrated into the models. Serial measurements, in particular, vary
both in quantity (from 0 to 5 samples) and exact timing across the patients. Furthermore,
the dataset is unbalanced with respect to the outcome, as 16% of the patients in the
dataset died. Details on the distributions of the features are discussed within the contexts

of the specific studies, presented in the following chapters.

2.3 Machine Learning in Medicine

Machine learning (ML) algorithms are computer programs that acquire the ability to
perform tasks by training onto data, and constitute the backbone of modern artificial in-
telligence (AI). In the medical domain, ML enables the automatic extraction of patterns
from complex, multi-modal datasets, supporting tasks that range from diagnosis and prog-
nosis to treatment recommendation and resource allocation. It is possible to distinguish
different families of ML approaches, basing on the tasks they can tackle, and on the data
required for training them. For the purpose of this work, we will briefly discuss supervised

and unsupervised approaches.

2.3.1 Supervised Learning

Supervised learning approaches extrapolate input-output mappings present in the training
data, producing models that are capable of predicting outputs for previously unseen inputs.

These algorithms are employed in prediction tasks, whose main instances are:

e Classification, when the outputs are of binary or categorical data-type, e.g., to
predict if a patient with given features will survive or not, as in our study detailed
in Chapter 3
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¢ Regression, when the outputs are quantitative, e.g., to estimate the level of a given

biomarker in patient’s blood.

A large variety of algorithms belong to this family of approaches, including linear models
(e.g., logistic regression), tree-based ensembles (random forests, gradient boosting), kernel
methods (support vector machines), and neural networks. Supervised learning methods
have been widely employed in medical research and clinical applications. Support Vec-
tor Machines (SVMs) have been used for diagnosing pulmonary hypertension [19] and
predicting optimal outcomes in intensive care settings [20], while Random Forests (RFs)
have shown effectiveness in analyzing gene expression data [21]. Convolutional Neural
Networks (CNNs) have also achieved remarkable success in medical imaging and signal
analysis, enabling the development of Al tools for screening breast cancer in mammograms
[22], diagnosing diabetic retinopathy from fundus photographs [23], classifying prostate
cancer using histopathologic whole-slide images [24], and detecting cardiac arrhythmias
from electrocardiogram signals [25].

Because of the challenges presented by clinical data (discussed in Section 2.1), care-
ful validation of the models’ generalization capabilities is essential [26]. Cross-validation,
stratified sampling, and bootstrap resampling are commonly employed to ensure that met-
rics such as accuracy, sensitivity, specificity, Area Under the Receiver Operating Charac-
teristic (AUROC), and Area Under the Precision—Recall Curve (AUPRC) provide unbiased

estimates of the models’ performance outside the training set [27].

2.3.2 Unsupervised Learning

In contrast, unsupervised learning approaches do not rely on labels in the training data.
Instead, they exploit complex patterns and relations among the features, producing models
that compute an alternative representation of the data, thus revealing the underlying
structure of the dataset. The typical use of these approaches concerns inferential and

exploratory tasks, such as:

e Clustering, which consists in finding meaningful partitions of the input data, e.g.,

to classify patients into risk groups, as in our study detailed in Chapter 5;

e« Anomaly detection, which identifies outliers or rare cases, as done by our tool

presented in Chapter 4;

e Dimensionality Reduction, that is, computing low-dimensional projections of
high-dimensional data while preserving their essential characteristics, often to facil-

itate visualization, or to improve downstream performance in supervised tasks.

Common unsupervised learning algorithms include spectral clustering, hierarchical clus-
tering, and k-means for clustering, principal component analysis (PCA), t-distributed
stochastic neighbor embedding (t-SNE), and uniform manifold approximation and pro-

jection (UMAP) for dimensionality reduction, and isolation forests and autoencoders for
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anomaly detection algorithms. These methods have been applied across diverse biomedi-
cal domains, including clustering analysis of imaging phenotypes [28], exploration of gene
expression profiles [29], discovery of novel features, protein signatures, and biomarkers
for disease diagnosis and monitoring [30], and identification of previously unrecognized
disease subtypes or patient subpopulations that may benefit from personalized treatment

strategies [31].

2.3.3 Explainable AI

A key consideration in applying ML to healthcare is interpretability. Clinicians must
understand the reasoning behind model outputs, especially when results could influence
patient treatment. Explainable Artificial Intelligence (XAI) addresses this need
by providing tools that make model outputs comprehensible to human experts, enabling
clinicians to interpret predictions in relation to their own knowledge and experience [32].
Among the most widely adopted approaches, Shapley Additive Explanations (SHAP) [33]
offer a unified framework for quantifying the contribution of each feature to individual
predictions. By decomposing a model’s output into additive components, SHAP allows
practitioners to verify whether the model relies on clinically meaningful variables, exposing
potential biases or inconsistencies in its reasoning. These explanations enhance trust in
model outputs, facilitate validation, and support the integration of data-driven systems
into clinical workflows. Explainable Al thus serves as a bridge between computational
inference and medical reasoning, ensuring that predictive models not only achieve high
performance but also provide insights that are interpretable, verifiable, and aligned with

clinical understanding.

2.3.4 Generative AI/ML

Generative ML represents a rapidly developing branch of Al aimed at producing new
data that resemble existing distributions, such as text, images, or multi-modal content [34,
35]. Recent advances—particularly in transformer-based large language models (LLMs),
generative adversarial networks (GANs), and diffusion models have greatly expanded their
applicability in medicine [36]. LLMs can summarize clinical documentation, generate stan-
dardized diagnostic reports, and facilitate medical education through interactive dialogue
systems [37]. Similarly, image-based generative models can create synthetic pathology or
radiology images, enriching limited datasets and enhancing model robustness [38]. More-
over, multi-modal and multi-agent frameworks have been employed to integrate textual,
imaging, and molecular data into unified diagnostic and decision-support tools [39].
Despite their promising capabilities, generative models raise concerns related to data
validity, bias propagation, and interpretability, which remain active research challenges
[40, 41]. Furthermore, the development and deployment of such models require mas-
sive datasets and substantial computational resources, positioning them within a research

venue that lies beyond the scope of the present work.
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2.3.5 Further Reading

Details on the specific techniques used in this work are discussed within the context of the
pertinent studies, presented in the following chapters. For an in-depth discussion on the
technical aspects of ML, the reader is addressed to the excellent manuals edited by Kevin
Murphy [26]; furthermore, the series of papers edited by Rashidi et al. [42] provides a

comprehensive review of the current state of ML and Al in the clinical context.
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CHAPTER 2. BACKGROUND



A tailored machine learning approach for mortality
prediction in severe COVID-19 treated with

glucocorticoids.

The present chapter is based on the paper “A tailored machine learning approach for
mortality prediction in severe COVID-19 treated with glucocorticoids”, published on The
International Journal of Tuberculosis and Lung Disease 28.9 (2024): 439-445, of which I

am co-first author [7].

3.1 Introduction

Severe pneumonia in COVID-19 patients poses a unique challenge to healthcare systems,
presenting a critical gap in the identification of individuals who undergo rapid deteriora-
tion, leading to unfavorable outcomes and post-acute sequelae [43]. Glucocorticoids (GCs)
are the most studied and effective agents for severe SARS-CoV-2-related pneumonia [44].
However, a current challenge of using GCs in severe COVID-19 arises from the inability to
predict non-responsive patients, hindering the timely escalation of respiratory support and
personalized pharmacological interventions. Indeed, it has been suggested that adjusting
the dose and duration of GC treatment according to clinical progression may ameliorate
outcomes [18]. While clinical prediction scores exist for risk stratification in community-
acquired pneumonia and COVID-19, they often rely on predefined clinical parameters
that may not fully capture the dynamic nature of pneumonia progression, nor are they de-

signed to predict the efficacy of pharmacological treatments like GCs [45, 46]. The recent

13
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diffusion of artificial intelligence (AI), especially machine learning (ML) techniques, has
enabled models to exhibit unprecedented predictive capabilities and adaptability to differ-
ent data types [47]. These advancements represent a stride towards providing healthcare
professionals with a useful tool to assist in clinical decision-making at the bedside, which
is crucial for obtaining more accurate forecasts regarding outcomes linked to the usage of
specific drugs in various clinical scenarios. While predictive ML solutions have been pro-
posed in clinical studies, to the best of our knowledge, no association between anamnestic
or therapeutic features, and adverse outcomes in a population of severe COVID-19 pa-
tients treated with GCs has been explored [48]. Starting from a large dataset of patients
with COVID-19 pneumonia, we implemented an ML pipeline to train and validate models
capable of integrating baseline clinical and laboratory data. Our aim was to effectively
predict the risk of death of patients treated with GCs and quantitatively estimate the

impact of each feature on individual predictions.

3.2 Methods

3.2.1 Data

Starting from the raw dataset, presented in section 2.2, we included only the patients
who underwent GC treatment for which outcome was known, obtaining a pool of 825
patients. We analyzed 52 features, including demographic information and data related
to medical history, therapy, and complications. Serial measurements were also available
for the arterial partial pressure of oxygen to fraction of inspired oxygen ratio (PaOs/FiOa,
mmHg) and C-reactive protein levels (CRP, mg/L) at Days 0, 3, 7, 14 and 28 from
hospitalization. We employed the earliest available measurement to deal with these time
series and applied expert-designed heuristics to determine if the data improved over time.

We classified a time series as ‘improving’ in the following cases:

1. for PaO2/FiOq, if the latest value was above 250 mmHg or if it increased by at least

40% compared to the earliest value;

2. for CRP level, if the latest value was below 10 mg/L, or if it decreased by at least

40% compared to the earliest value.

This study was approved by both the Italian National Ethics Committee, Rome, Italy (ap-
proval number 2020-006054-43, 2 January 2021) and the referral local Ethics Committee
(approval number CEUR-2020-0s-052, 23 March 2020).

3.2.2 Machine Learning Methods

We developed a pipeline to train different ML algorithms to predict patient death during
hospitalization and to evaluate them (figure 3.1). The task is an instance of a supervised
binary classification problem on tabular data. We trained and evaluated six ML algorithms

from the most commonly employed ones in clinical medicine, i.e. logistic regression (LR),
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Distribution Statistic

15

n (%) Missing Values n(%)

General information

Patients, n 825

Days hospitalized, median [IQR] 16 [11-23] 9 (1.1)

Days to enrollment, median [IQR] 1 [0-1] 65 (7.9)
Outcome: hospital death 118 (14.3) 0
Medical history

Age, years, median [IQR] 65 [55—74] 0

Sex 0

Male 574 (69.6)
Female 251 (30.4)

Body mass index, kg/m2, median [IQR] 27.4 [24.7-30. 123 (14.9)

Coronary artery disease 72 (8.7) 8 (1.0)

Chronic heart failure 64 (7.8) 11 (1.3)
Therapy and complications

Invasive mechanical ventilation 113 (13.7) 1(0.1)

Days of steroid therapy, median [IQR] 10 [8-11] 124 (15.0)

Acute renal failure 54 (6.6) 53 (6.4)
Extracted from time series

PaO3/FiOs improving 447 (54.2) 0

CRP improving 585 (70.9) 0

PaOy/FiOq earliest read, median [IQR]  180.0 [122.65-251.68] 33 (4)

CRP earliest read, median [IQR] 77.95 [37.0-128.1] 33 (4)

Table 3.1: Final dataset, including details about the distribution of the main features (as
determined during the feature selection step of the pipeline).

support vector machine (SVM), decision tree (DT), random forest (RF), extreme gradient
boosting (XGBoost, XGB) and a fully-connected feed-forward neural network, also known
as multi-layer perceptron (MLP). The following paragraphs provide a brief review of these

algorithms; for a more in-depth discussion, the reader is addressed to [49, 26].

3.2.2.1 Logistic regression (LR)

This is the classic machine learning algorithm for binary classification. It belongs to the
wider class of generalized linear models (GLMs), as the model it fits computes a linear
combination of the components of the input, and applies a non-linear function to it, in this
case a logistic function, returning a value in the interval [0, 1] that can be interpreted as
a probability. The model is trained using maximum likelihood estimation, which consists
in finding the values of the parameters (i.e. the weights) which maximize the likelihood of
observing the training data. The main hyper-parameters of the model are the choice of the
solving algorithm, which determines how the optimal parameters are actually computed,
and the choice of the regularization technique, which in this case consists in including an
extra term in the computation of the likelihood that penalizes the choice of larger weights,
effectively reducing overfitting to the training data, and thus improving the model’s ability
to generalize. Although easy to interpret, the resulting model is not able to capture more

complex distributions.
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3.2.2.2 Decision tree (DT)

As the name suggests, these models have a tree-like structure in which nodes correspond
to subsequent splits of the input space; input vectors are mapped to outputs by iteratively
comparing the values of their features against the splitting conditions associated with each
node of the tree, starting from its root and until they reach a leaf node, which is associated
with a specific output value (in our case, either 0 or 1). The training process consists
in iteratively splitting the training data by maximizing the separation of the resulting
splits with respect to the output classes; this is achieved using a greedy approach, that
is, choosing the single best variable to define the splitting condition at each step. The
resulting model is very easy to understand, since any output corresponds to a sequence of
answers to yes/no questions about the values of the input, and it is capable of fitting even
very complex distributions. Unfortunately these models also have a tendency to overfit
the training data; the maximum depth of the tree and the minimum number of samples
per leaf can be fine tuned to reduce this effect and improve the generalization capabilities
of the model.

3.2.2.3 Random forest (RF)

Random forests are ensemble models constituted by a collection of decision trees. Their
predictions are obtained by aggregating the outputs of several decision trees evaluated on
the same input [50]. Each of these trees is trained on a bootstrap dataset, obtained by
randomly resampling the original dataset with reinsertion, and keeping only a random
subset of the input features; due to limited access to the training data, the accuracy of
the individual trees is low, though aggregation has the effect of balancing their errors,
resulting in a model which is more accurate and less prone to overfit than a single decision
tree. The model can be tuned by changing the total number of trees in the forest, the
numbers of rows and features that will appear in each of the bootstrapped datasets, and

the parameters for fitting each of the trees.

3.2.2.4 Extreme Gradient Boosting (XGBoost)

XGBoost is yet another ensemble model based on decision trees [51]. Its predictions are
obtained by computing a linear combination of the of the outputs of several decision trees;
unlike random forests, in which all the trees are trained to perform the same task, in this
case each tree is trained to produce the best adjustment to the ensemble prediction of its
predecessors (= boosting), whereas the adjustments themselves are recomputed at each
step by optimizing a measure of the training error through gradient optimization methods
(e.g., SGD, adam); The weight of the contribution of each tree in the final prediction is
determined both by a prefixed learning rate and the performance of the individual tree
on a holdout set, which is estimated during training (more specifically, while performing
gradient optimization, as it is necessary for early stopping). Several parameters can be

adjusted to tune these models: beside those that we already mentioned for the single
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trees, it is possible to tweak the learning rate, choose different regularization term to add
to the loss, and pick and adjust the chosen SGD variant, which comes with its own set of

parameters.

3.2.2.5 Support Vector Machines (SVM)

Support vector machines [52] compute an optimal boundary between regions of the input
spaces belonging to distinct classes. Predictions are based on the distance of the input
vector from this surface, which is estimated by computing a weighted sum of some terms
that represent a sort of distance between the input vector and a set of so-called “support
vectors”, which concretely define the boundary. Model fitting thus consists in identifying
these support vectors within the training data and choosing their weight for the final
computation. The process involves the use of a kernel function, which maps the vectors
into a higher dimension space in which the desired boundary is a hyperplane. The weights,
and thus the hyperplane, are determined by optimizing a loss function which depends on
the size of the margin, that is, the boundary region. The hyper-parameters of the model
include the choice of the kernel function and the associated parameters, regularization

term/parameters, and optimization algorithm (e.g., SVG).

3.2.2.6 Multilayer Perceptron (MLP)

These models belong to the family of neural networks, that is, models whose mathematical
formulation is more easily described with the use of a directed graph; that of an MLP is
structured as a series of subsequent layers, in which every node is connected to all the
nodes in the subsequent layer, representing the fact the the input vector is iteratively
processed trough a series of parallel computations, resulting in an output vector of the
desired shape (in our case, a single number in the interval [0, 1]). Each node computes a
linear combination of its inputs and feeds it into a non-linear activation function, which
isn’t different from what happens in logistic regression. The computation performed by
the whole network though is much harder to comprehend intuitively, as several of these
simpler computations are arranged in a nested fashion, involving a large amount of pa-
rameters. Although scarcely interpretable, these models are highly versatile and able to
approximate any distribution (within the limits of the available data and computational
resources). The values of the parameters (i.e. the weights and biases of the linear com-
binations) are computed by optimizing a loss function which measures the error in fitting
the training data (e.g., Mean Squared Error, Cross Entropy), typically using variations of
SGD. Depending on the complexity of the problem and of the chosen network architec-
ture, this process can get quite intense in terms of computational resources. Fine-tuning
these models can thus be very challenging, both because of the ample variety of choices
available in terms of hyper-parameters (number and size of layers, activation functions,
optimization algorithm, loss function, regularization), and because of the non-negligible

costs required to evaluate the performance of any chosen configuration.
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Figure 3.1: Flow chart showing the machine learning pipeline developed to train all ma-
chine learning algorithms and to evaluate their performance.

3.2.3 Training set and Validation

The dataset is randomly split into training (80%) and test (20%) sets, enforcing stratifi-
cation to preserve the outcome proportions. The test set was not used in any step except

internal validation to obtain an unbiased estimate of the final models’ performance.

3.2.4 Evaluation Metrics

We use the areas under the precision-recall curve (AUPRC) and the area under the re-
ceiver operating characteristic curve (AUROC) to measure the performance of our models.
AUPRC is computed similarly to AUROC, replacing the false-positive rate with precision
(i.e. positive predictive value). While less popular than the latter, it has been regarded
as a better choice for tasks on imbalanced datasets [27]. For this reason, we used AUPRC
to determine the best models during variable selection and hyperparameter tuning. To
evaluate the final models, the AUROC and AUPRC were computed on both the training
set and the test set, with bootstrap sampling (with 1,000 samples) adopted to provide a

95% confidence interval of the considered metrics.

3.2.5 Preprocessing

Preprocessing consists of two steps: missing value imputation and feature scaling [53].
In the former step, we compute the mean of numeric features and the mode of bi-
nary/categorical features over the training set and used these to fill in the missing values.
We then apply feature scaling by dividing the real-valued features by their standard de-
viation over the training set, a common procedure for ML algorithms such as SVM and
NN.
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3.2.6 Feature Selection

The feature selection step allows us to determine which variables are most important for
the classification task. In line with the literature, we perform feature selection by ranking
them and selecting the best ones to be included in the final models [54]. We employ XGB
estimates of feature importance to rank the features, which are computed during model
fitting by evaluating how often each feature contributes to correct predictions. We fit an
XGB model (hyper-parameters: maximum depth=3, learning rate=0.2, and alpha=>5) on
100 random sub-samples, each consisting of 80% of the training set. We then average the
estimated importances and rank the features accordingly. After ranking the features, the
selection of the optimal number of features also relies on XGB: this involves fitting the
model, with the same hyper-parameters, on the training set while incrementally adding
features from one to 20 in the sequence provided by the ranking, and employing a five-
fold cross-validation (CV) scheme to estimate the associated generalization metrics [49].
XGB was chosen for these tasks as both the literature and preliminary tests suggested its
superiority compared to simpler neural network architectures for our case [55]. The final
feature sets are selected to maximize the estimated AUPRC and AUROC while keeping the
number of features as low as possible, thus reducing the risk of overfitting and improving

the interpretability of the models, as well as training costs and overall performance [26].

3.2.7 Training

The best hyper-parameters for each algorithm are determined by grid search [26]. A
single round consisted of training several configurations of the same algorithm, each cor-
responding to a point in the hyper-parameter space, and estimating their generalization
performance on the training set, employing a five-fold cross-validation scheme. Each al-

gorithm’s best scoring configuration across all rounds is picked. .

3.2.8 Model Explanation

We compute the Shapley additive explanation values (SHAP) for the predictions of the best
models on the training data [33]. SHAP values represent a powerful and versatile tool that
can be applied to explain how a model predicts the outcome for any given sample. Each
feature of each sample (i.e. patient) is associated with its own SHAP value, estimating how
that specific value affects the prediction of the model. The sum of the SHAP values for a
given sample corresponds to the difference between the prediction for that sample and the
average prediction of the model. In other words, SHAP values quantify how much—and
in which direction—each feature contributes to pushing the model’s prediction from its
“default guess” towards its final value. In our case, a positive SHAP value indicates that

the corresponding feature value increases the probability of death during hospitalization.
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Model Training metrics Test metrics
AUROC AUPRC AUROC AUPRC

LR 0.905 (0.882-0.926) 0.632 (0.553-0.709) 0.818 (0.7-0.924)  0.645 (0.467-0.792)
SVM  0.905 (0.881-0.927) 0.631 (0.549-0.709) 0.882 (0.812-0.94)  0.651 (0.458-0.81)
DT 0.851 (0.825-0.876) 0.632 (0.584-0.679) 0.888 (0.847-0.927)  0.69 (0.596-0.772
RF 0.934 (0.917-0.949) 0.704 (0.627-0.774) 0.938 (0.903-0.969) 0.714 (0.548-0.856)
XGB 0.957 (0.942-0.97)  0.776 (0.699-0.848) 0.937 (0.901-0.968)  0.701 (0.538-0.846)
NN 0.915 (0.896-0.933) 0.665 (0.601-0.724) 0.875 (0.829-0.916) 0.652 (0.549-0.745)

Table 3.2: Training and test metrics of the final models (Mean (CI)). Models in their
final configurations are trained on the whole training set, metrics are evaluated on 1,000
bootstrap samples of the training and test sets, respectively.

LR=Logistic Regression; SVM=Support vector machine; DT=Decision Tree; RF= Ran-
dom Forest; XGB=Extreme Gradient Boosting; NN=Neural Network; AUROC=area un-
der the receiver operating characteristic curve; AUPRC=area under the precision-recall
curve.

3.2.9 Implementation Details

All the code to perform the analysis was written in Python v3.10.8. We employed the ML
algorithm implementation provided in scikit-learn v1.2.0 (LR, SVM, DT, RF, NN) [56]
and XGBoost v1.7.3,[57] while SHAP v0.42.1 was used to compute SHAP values [58].

3.3 Results

We identified 9 features from the available 52 through the previously described selection
strategy. Following their ranking order, these were: CRP improvement, PaOy/FiO2 im-
provement, age, coronary artery disease, need for invasive mechanical ventilation (IMV),
acute renal failure, chronic heart failure, PaO2/FiO2 ratio earliest value, and body mass
index (BMI). Table 3.1 describes these features and the main characteristics of the study
population.

Random forest (RF) achieved the highest performance, scoring an AUROC of 0.938
(95%confidence interval [CI] 0.903-0.969) on the test set. XGB followed with a test AU-
ROC of 0.937 (95% CI 0.901-0.968). DT obtained the third-best test AUROC (0.888,
95% CI 0.847-0.927), suggesting that tree-based methods were the most appropriate in
our setting. 3.2 shows the training and test metrics of all investigated models.

The SHAP values for the best model (i.e. RF) indicated that PaO2/FiOy ratio im-
provement and age had the most substantial impact on the final predictions (see Figure
3.2) , their mean absolute SHAP being 0.149 and 0.13, respectively . Indeed, the model
found a strong positive correlation between age and outcome and a strong inverse corre-
lation between PaQOg/FiOg ratio improvement (average RF SHAP of —0.19 for improving
patients, +0.1 for the others) and outcome. CRP improvement and the earliest available
PaOy/FiO4 value were the most impactful features (mean absolute RF SHAP 0.071 and
0.045), presenting a negative correlation with the outcome. The use of IMV also posi-

tively correlated with the outcome, although with a progressively decreasing magnitude
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of impact (0.027) and a more pronounced harmful effect (4+0.07 average RF SHAP for
patients undergoing IMV vs —0.02 for those who did not require IMV). Concerning BMI,
the model associated values between 24 and 29 with a slight decrease in the probability
of death (-0.01 average RF SHAP), extremely low values with a slight increase (up to
+0.02 average RF SHAP), and extremely high values with an apparently protective effect.
Notably, XGB (i.e. the second-best model) only disagreed with RF on this last association
, most likely due to the scarcity of patients with extremely high BMIs. Altogether, BMI
and the remaining features (i.e. acute renal failure, coronary artery disease and chronic

heart failure) presented a relatively small average absolute impact (<0.009).

3.4 Discussion and Conclusions
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Figure 3.2: SHAP values for random forest on the training set. In the upper panel, the
SHAP values for each feature of each patient are displayed as dots on separate stacked
horizontal lines, with the color representing the value of the features (same as in the bottom
panels). SHAP values are expressed as probability variations in [—1, 1] and features are
ordered according to their average absolute SHAP, which indicates the magnitude of the
overall effect of a feature on the model’s predictions. In the bottom panels, the average
SHAP values of the numeric features (age, PaO2/FiOq ratio earliest value, and BMI) are
reported over 10 equispaced bins. Bar heights (y axis) represent the average SHAP value
in the bin; bar widths scale linearly with the number of patients in the bin (minimum 1,
maximum 339).

CRP=C-reactive protein; IMV=invasive mechanical ventilation; BMI=body mass index;
SHAP=Shapley additive explanation; PaOy/FiOo=arterial partial pressure of oxygen to
fraction of inspired oxygen ratio.
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Figure 3.3: Waterfall plots showing the SHAP values for all the features of two sample
patients offer a local explanation of the model’s output, estimating the impact of each
feature on the outcome predicted by the algorithm (random forest). The color represents
the sign of the SHAP contribution. The SHAP values attributed to the single features of
the patients are sorted by the most influential factors for individual prediction.

Left panel: Prediction for a survived patient; Right panel: prediction for a dead patient.
CRP=C-reactive protein; IMV=invasive mechanical ventilation; BMI=body mass index;
SHAP=Shapley additive explanation.

We employed ML techniques to predict hospital mortality among individuals experi-
encing SARS-CoV-2-related pneumonia treated with GCs per the WHO recommendations.
Unlike classical statistical analysis, which posits assumptions on the shape of the relation-
ship between variables and outcome, ML models can learn complex (i.e. highly non-linear)
relations in the data, with a development process that prioritizes the quality of prediction.
Our approach involved an initial ML algorithm (XGB) to identify the most relevant fea-
tures for mortality prediction from a pool of 52 variables. The available data included four
features derived from time-course data: notably, three of these (i.e. CRP improvement,
PaO2/FiO4y improvement and PaOy/FiO9 earliest read) were found particularly effective
for the task. In contrast, the earliest CRP read was excluded. We fitted and procedu-
rally optimized the hyper-parameters of six ML algorithms belonging to different classes
to determine which was most appropriate for our data. RF emerged with the highest test
AUROC, closely followed by XGB. The performance of each algorithm underwent blind
internal validation on a test cohort of patients. We then computed SHAP values for both
RF and XGB, obtaining a detailed account of each prediction. These values not only al-
low us to spot relations (not limited to linear correlation) between a given feature and the
outcome globally (i.e. across the whole training dataset) but also to estimate the effect of
features locally (i.e. at a single prediction level), which improves the interpretability of the
model’s behavior. Indeed, SHAP values offer more insightful information than p-values de-
rived from traditional statistical testing, as the latter provide a singular numerical estimate
of statistical confidence in hypotheses related to rather generic aspects of the relationship
between variables and outcomes. We found that improving PaOs /FiO4 and CRP readings,
younger age, absence of comorbidities and the need for IMV were predictive factors for a
higher likelihood of survival. Notably, the earliest PaOs/FiO2 reading demonstrated less

impact than PaOy/FiO9 improvement over time, suggesting the need for close monitoring
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and prompt escalation of respiratory support if the trend shows no improvement or deteri-
oration. These results also indicate that the improvement of PaOgy/FiO9 is more relevant
than the improvement of CRP in determining the prognosis of patients treated with pro-
longed GCs, which has not been previously reported. Indeed, a strength of ML techniques
is their ability to surpass prevailing clinical assumptions [59]. Limited prior research has
assessed the use of ML methodologies to develop predictive models for patients with severe
COVID-19 pneumonia [60, 61, 62, 63, 64]. In contrast to our report, these studies often
achieved lower performance levels, did not consistently focus on patients with respiratory
involvement due to COVID-19 pneumonia and did not selectively include patients treated
with GCs [65]. Additionally, all the algorithms were exclusively trained on baseline data,
neglecting the incorporation of time-course data crucial in critical care scenarios.

Our study exhibits some limitations. As in many ML-driven analyses, understanding
each step of the algorithm’s decision-making process is a challenge that is not entirely over-
come using SHAP values, which explain the final prediction but not all the internal steps.
However, this can also be considered a necessary trade-off since some complex relations
can only be handled with algorithms producing non-fully explainable models. Further-
more, despite our study centered on a population undergoing GCs, our results cannot
differentiate between features predicting GC treatment failure and those contributing to
an unfavorable outcome due to factors independent from GC susceptibility. As a final
remark, our algorithm does not provide specific recommendations for treatment adjust-
ments, even if previous literature demonstrated that the timely escalation of dose and
duration of GC treatment in patients who deteriorate may enhance survival [66]. How-
ever, this dynamic model can adjust its predictions based on time-course data inputted
during clinical re-evaluations. This allows clinicians to assess the potential benefits of
adopted management changes over time. Our ML tool is not intended to relieve clinicians
of their responsibilities but to empower them in their daily practice to increase awareness
and attentiveness to the potential consequences of their therapeutic choices. In conclu-
sion, the algorithm we trained obtained a high AUROC and underwent blind validation,
paving the way to its future practical and customizable application in real-world clinical
settings. Our ML pipeline can be adapted to datasets with similar clinical features, en-
suring the extraction of reliable insights that align with the unique characteristics of each

study cohort.
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Investigating Fairness with FanFAIR: is

Pre-processing Useful Only for Performances?

The present chapter is based on the conference paper “Investigating Fairness with Fan-
FAIR: is Pre-Processing Useful Only for Performances?”, published on the proceedings of
2025 IEEE Symposium on Computational Intelligence in Health and Medicine (CIHM),
IEEE, 2025, of which I am first author [8].

4.1 Introduction

As Artificial Intelligence (AI) continues to be increasingly employed across different do-
mains, especially in high-stakes fields such as healthcare, discussion over its societal impact
has gradually become more present in the literature. One of the main concerns in Al and
Machine Learning (ML) ethics is the notion of fairness concerning datasets used in train-
ing ATl models [67]. Fairness, in this context, relates to mitigating biases embedded in
datasets to prevent Al systems from perpetuating or exacerbating inequities. While tech-
nical methods like debiasing have been advanced to address these challenges, a broader
debate questions the effectiveness of such approaches, raising fundamental concerns about
their ability to address systemic inequalities.

At the core of dataset fairness is the recognition that datasets can encode historical
and structural biases that reflect an unfair world [68]. Such biases are shaped by gendered,
racial, colonial, and other discriminatory practices that are embedded in healthcare, em-
ployment, and other societal structures [69].

The European Union has taken steps to address the issue of fairness in Al systems, such
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as enacting provisions that mandate fairness, transparency, and accountability in Al design
[70]. However, as the European Digital Rights (EDRIi) report highlights, these policies
often take a limited view of fairness, focusing on debiasing data without addressing the
larger societal context in which Al systems are deployed. Furthermore, the report suggest
that even efforts to conform to the Al Act ensuring that the datasets are “representative,
error-free, and complete” may still result in Al systems that reflect an inequitable world
[68].

This highlights a significant tension: while datasets can be technically debiased —
according to some predefined fairness metrics — they may still perpetuate and amplify the
injustices inherent in the systems from which they were derived. In line with this critique,
Hanna et al. emphasize the importance of reframing discussions about fairness in Al away
from the algorithmic level and toward the social and institutional contexts in which these
systems are implemented [71]. Nevertheless, both the EDRi report and the literature
recognize the importance of data quality and statistical considerations pertaining to data,
as those significantly influence the quality of the ML model [72, 73, 74]. This tension
between the goals of dataset fairness and the realities of an unjust world points to a need
for broader, more comprehensive approaches to fairness in Al It is not enough to focus
solely on the technical aspects of fairness — such as ensuring that datasets are balanced
and free from errors — without also considering the social, political, and economic systems
that shape Al’s development and deployment. Addressing fairness in Al requires engaging
with these larger systems of power and inequality, rather than relying solely on technical
solutions to solve deeply entrenched social problems.

More concretely, we believe that unfairness is not solely depending on the data, but
it extends to several human activities that impact how data is collected and processed.
Some examples are ensuring the consent to collect and reuse patients’ personal data [75],
enacting the transparency principle over the reuse of data [76], and performing an extensive
ethics assessment, which is much broader than just obtaining the permission from an
Ethical Review Board [77]. The ethics assessment includes abiding to principles such as
Accountability, Dignity and Self-Determination, Traceability, Involvement of Stakeholders,
Risk Assessment, and Impact on Society, which are important evaluations for the whole
AT life cycle and can help in mitigating and preventing several Al harms.

FanFAIR was published in this context: a software solution for the evaluation of (med-
ical) datasets, that exploits a rule-based fuzzy inference system to provide a quick, semi-
automatic assessment of the fairness of data [78]. In FanFAIR, all the aforementioned
literature was considered by integrating statistical properties of the dataset, which are
computed autonomously by our software, with qualitative considerations entered by the
user. FanFAIR can be useful to decide how to pre-process the dataset, and even to decide
whether discarding the dataset altogether would be the most appropriate choice, in order
to avoid the risk of increasing Al harm. We thus believe that the assessment provided by
FanFAIR may serve as the basis for the dataset evaluation, offering helpful insights since

the earliest stages of development of Al systems.
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In this work, we extend FanFAIR with additional functionalities to simplify data im-
port (Section 4.2.2.3) and to perform an improved outliers detection also in presence of
missing data (Section 4.2.2.2). We also introduce a novel facility for the analysis of sen-
sitive variables, which was integrated with the fuzzy inference system (Section 4.2.2.1).
Additionally, we test our improved method on a real world dataset about COVID patients,
presenting a concrete example of analysis performed with FanFAIR, and discussing the
impact of pre-processing on fairness and predicting performance of ML models trained
on our data (Section 4.2.3). After presenting our results in Section 4.3, we conclude
the manuscript with some comments about limitations of FanFAIR, and possible future
developments.

Both the source code and the documentation for FanFAIR are available on GITHUB:
https://github.com/aresio/FanFAIR. FanFAIR can also be installed using pip.

4.2 Methods

4.2.1 FanFAIR

FanFAIR is a Python library designed for the semi-automatic assessment of dataset fairness
using a rule-based approach that leverages fuzzy logic [78]. The tool calculates multiple
fairness metrics over a dataset, and combines them into a single score, which enables
researchers to evaluate a dataset’s fairness more efficiently. The metrics considered by

FanFAIR for the assessment of a dataset are the following [78]:
e balance: how balanced the dataset is, with respect to the output labels;

o numerosity: whether the number of samples is reasonable with respect to the number

of variables;
e unevenness: how frequent outliers are;
e incompleteness: how frequent missing values are within the dataset;

e quality: a manually set feature evaluating the quality of the dataset, with respect to

noise or similar characteristics;

o (legal) compliance: whether the creator(s) of the dataset respected all laws and legal

duties.

FanFAIR aggregates these features into an overall fairness score by using a Fuzzy Infer-
ence System (FIS) based on a 0-order Sugeno reasoner. The system relies on fuzzy logic to
handle the inherent fuzziness in fairness assessments, which is generally not black-or-white
and cannot rely on crisp arbitrary thresholds. FanFAIR is semi-automatic because most
of the process is automated, although two metrics (namely, quality and legal compliance)

inherently require a human intervention.
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4.2.2 New functionalities in FanFAIR

In this work, we updated FanFAIR with three new functionalities: (i) the analysis for
sensitive variables; (ii) the identification of outliers with an improved isolation forest able
to deal with missing values in data; (iii) extended support for Pandas dataframes and non
real-valued variables in the dataset. These functionalities are described in the following

subsections.

4.2.2.1 Sensitive variables analysis

FanFAIR exposes a new method to specify which variables of the dataset should be con-
sidered sensitive. In this work, we define as “sensitive” all the variables that should not
be directly responsible for a given prediction of the system.

The user can now specify a list of sensitive variables using a novel set_sensitive_variables()
method of the FanFAIR object (we will denote by S the list of sensitive variables). So do-
ing, FanFAIR will automatically calculate the Pearson’s correlation coefficient between

each input variable x € S, and the output variable y !, which is computed as follows:

S @D
VY () (v - 9)? (4.1)

where z and y denote the sample mean of the sensitive variable and the output variable,

Txy

respectively. Pearson’s correlation is symmetric, so that r;, = ry,. The possible values of
Ty Tange between —1 and +1, representing negative and positive correlation, respectively.
Since we are only interested in detecting correlation, we will discard the sign by considering
the absolute value, i.e. Ry, = [rgy|. Finally, we will assess the fairness with respect to

sensitive input variables of the dataset as:

p = max(Ray). (4.2)

The rationale of Equation 4.2 is that a high correlation of the output to even a single
variable marked as sensitive (e.g., gender, ethnicity, age, political orientation) is enough
to classify the whole dataset as unfair. In such a case, the removal of the variable from

the dataset before the training of the model is strongly advised.

4.2.2.2 Improved Isolation Forest

We integrated an improved implementation of Isolation Forest [79, 80], which enables
FanFAIR to perform multivariate outlier detection leveraging any combination of nu-

meric, boolean, or categorical variables, and also providing support for data with missing

!Please note that FanFAIR is currently limited to datasets related to classification problems. Hence,
it can be used for regression problems only if the output value is properly converted, e.g., by means of
binning.
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values. The underlying implementation is provided by the Python module “isotree”?,
which was added to FanFAIR’s dependencies. This new method may be used by setting
outliers_detection method="isotree" during the creation of a FanFAIR object.
Internally, a score between 0 and 1 is computed for each row in the data, with higher
scores indicating that the corresponding sample presents a combination of values that is
more unusual than those seen in the rest of the data. We then determine the outlier status

O; of each row by performing the following computation:

TRUE if 0; > min(0.7, po + 30
0: = = (0.7, o 300) (43)
FALSE otherwise

where o; is the score associated to the i-th row, and u, and o, are the mean and standard
deviation of the score across the dataset, respectively. We opted to use the dynamic
thresholding detailed in equation (4.3), rather than applying a fixed threshold, to adapt
the sensitivity of the method to the sparsity of the available data. Furthermore, we employ
the default parameters for the detector (500 trees; 1 randomly selected variable per split;
maximum tree depth = height of balanced binary tree with a number of leaves equal to

the samples), which we reckon should perform well in most cases.

4.2.2.3 Extended support for datatypes and dataframes

It is now possible to feed a Pandas[81] dataframe directly to FanFAIR through the
dataframe parameter when creating a FanFAIR object. This enables an easier integra-
tion of FanFAIR into pipelines that adopt this very popular Python module, and, more
crucially, grants the user control over the determination of variables’ datatypes, providing
an alternative to automatic type inference carried on by the csv parser.

Concurrently, we provided FanFAIR with the ability to automatically select the ap-
propriate variables during each step of the computation of the fairness score, accordingly
to the chosen parameters (e.g., during the determination of outliers, binary and categor-
ical features are only preserved when employing “isotree”, while dates are excluded in
all cases), informing the user of the actions taken. These additions improve FanFAIR’s

usability, and extend its applicability to a wider variety of datasets.

4.2.3 Case study: COVID dataset

To investigate how data processing applied during the development of an Al system can
affect the fairness of a dataset, we relied on our previous study (presented in Chapter 3),
as it provided us with several incrementally more processed versions of the same clinical

dataset, corresponding to subsequent stages of the data processing pipeline.

2The documentation, complete with the list of literature referenced by the developer, is available online
on the original author’s GitHub repository.
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4.2.3.1 Relevant stages of the data processing pipeline

More specifically, we used FanFAIR to evaluate four versions of our dataset:

1. raw - (947 rows, 129 columns) imported from csv, it comprises all the available
variables; minimal processing was applied, just to allow FanFAIR to evaluate the
data, namely: datatype enforcement, removal of patients without outcome, and

automated removal of invalid entries of numeric variables;

2. clean - (825 rows, 79 columns) uninformative and highly sparse variables were re-
moved, as well as rows pertaining patients not belonging to the population of interest
(i.e. those that were not treated with GCs), or presenting clearly anomalous val-
ues. Only two out of the nine serially measured variables available were preserved,
namely, PaO2/FiO3 ratio and CRP level,

3. reseried - (825 rows, 57 columns) dates are removed, raw serial measurements are
condensed into three fields per series, namely, first and last sample, and a binary
“improving” field computed from the raw readings according to heuristics designed

by medical experts;

4. selected - (825 rows, 10 columns) it only includes the 9 predictors determined during
the variable selection phase of the processing pipeline adopted in the original study,

and the outcome.

4.2.3.2 Quality, compliance and sensitive variables

In order to evaluate our dataset(s) with FanFAIR, we need to assess the appropriate values
for the quality and compliance parameters, as well as identify sensible variables in our
data (as per the definition given in section 4.2.2.1).

Concerning the quality, a fair assessment should be based on the reliability of the
data collection and on the professional opinion of domain experts. In our case, the data
collection consisted in the manual annotation of the values by clinical doctors over multiple
sessions for each patient, and the final manual assembly of the collected data into a single
Excel dataset. Human errors might occur at different steps of this articulated process,
resulting in noisy data values. As a matter of fact, we discovered evidence of such errors
during an extensive quality checking of the date variables in our dataset. The domain
experts deliberated that a penalty of 0.1 would be sufficient to account for this noise.
Additional source of noise, due to unforeseeable factors, should be accounted too. For
these reasons, we decided to use an overall penalty value of 0.2. We consider the final
value of 0.8 a very conservative estimate of the quality of the least processed version of
our dataset (i.e. raw). In addition, it would be reasonable to assume that subsequent

processing steps improved the quality of the data; nonetheless, we deemed it safer to
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adopt the same quality value across all the dataset, to prevent any artificial inflation of
the final fairness score.

Compliance assessment was rather straightforward, since some of the authors of the
present work were directly involved in the original studies that produced the dataset
[82, 17]: the clinical and medical data were collected in compliance with legal and eth-
ical standards. Specifically, the data were pseudonymized, handled in accordance with
transparency obligations and the rights of the individuals, and the appropriate legal com-
pliance was performed. Formal authorization from the Central Ethical Committee and
informed patient consent were obtained prior to data collection. All relevant clinical and
diagnostic regulations were followed. Lastly, principles of non-discrimination, fairness, and
other standard ethical guidelines were adhered to in the collection, storage, and use of the
patient data. On the basis of these considerations, we determined that our dataset meets
all five compliance criteria considered by FanFAIR, namely: data protection, copyright,
medical, non discrimination and ethics.

Finally, we identified age and sex (referring to the assigned sex at birth, not the gender
identity of the patient) as the only sensible variables in our dataset; the latter in particular
was excluded during the variable selection phase of the original study, therefore it does
not appear in the final instance of the dataset. It is worth noting that we do expect to
detect some degree of correlation between age and mortality in our data, given that the
results of the previous study indeed point to age as the second most influential variable,

in terms of mean absolute SHAP value associated to the final model.

4.2.3.3 Training and evaluating ML models

To show how model performance and fairness evolve in parallel, we train a Random Forest
(RF) classifier on each dataset, and estimate its generalization performances in terms of
classic ML metrics. We adopt a very basic pipeline to train and evaluate the models,
designed to ensure that both technical and problem-specific prerequisites are met in all
four instances of the classification task (briefly summarized in Section 4.2.3.1). Specifically,

the pipeline articulates as follows:

1. task-specific selection - patients that did not undergo GCs treatment are excluded
(122, only in raw); variables that would make the prediction task trivial, according

to our medical experts, are removed (2, in all datasets except selected);

2. technical preprocessing - date columns are dropped; categorical values are replaced
with the respective numeric codes; missing values are filled with the median (or

modal, in case of categorical) values of the respective variables;

3. model training and evaluation - a vanilla RandomForestClassifier (scikit-learn
v1.5.1[83]) is trained and evaluated adopting a 5-fold cross-validation scheme with

stratification, to preserve outcome proportions.
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Hyper-parameter tuning was skipped, as the achievement of optimal performances was
not within the scope of the present work. It’s also worth noting that, since the variables
present in the last dataset (i.e. “selected”) were chosen accordingly to a different pipeline,
we do not expect that models trained on it according to the present pipeline will necessarily

achieve the best overall performance scores.

4.3 Results

We applied FanFAIR to the four versions of the COVID datasets described in Section

4.2.3. We set “age” and “sex” as sensitive variables.

Dataset
raw
clean
reseried
selected

ROC-AUC

Precision - Survived

Precision - Deceased

Recall - Survived

Metric

Recall - Deceased

F1 Score - Survived

F1 Score - Deceased

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Score

Figure 4.1: Overview of performance metrics of the Random Forest models fitted on each
dataset.

The fairness scores calculated by FanFAIR, are the following:
o raw : 75.9%

o clean : 82.3%

o reseried : 83.8%

o selected : 84.3%

These values show a clear improving trend in accordance with the progression of the data
processing pipeline.

Concurrently, performance metrics (see Figure 4.1) indicate that models trained on
more processed versions of the dataset are better at identifying patients who did not
survive, which arguably constitutes the most crucial aspect of the task. Specifically, recall
on deceased patients using the “selected” dataset almost doubles with respect to the “raw”
dataset (from 23.6% to 40.9% ), and likewise the F1 score on deceased patients improved
by more than 10 percentile points (from 35.1% in “raw” to 46.9% in “selected”, and up to
51.7% in “reseried”); the other metrics are only slightly affected, with the sole exception of
precision for deceased, which dropped from 72.8% in “raw” to 56.9% in “selected”, while
still resulting improved with respect to the baseline in “clean” (78.4%).

Given the nature of the task and the strong unbalance in the data, we believe that

these results support the hypothesis that adequate pre-processing of the data is not only
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Figure 4.2: Membership values calculated for the fully processed version (i.e. “selected”)
of the COVID dataset.

necessary to improve the performance of ML solutions, but also constitutes a valid means
to reduce the unfairness embedded in the data. In this specific case, the most substan-
tial contribution to the fairness score (+6.4%) was achieved in the first step of the data
processing pipeline, which consisted in the exclusion of variables presenting a high level
of sparsity (i.e. with 50% or more undefined values), and the restriction of the cohort to

patients within the population of interest.

Concerning the analysis of sensitive variables, FanFAIR reports a noteworthy level of
correlation between age and mortality (32% in raw, increased to 35% in all other datasets),
although domain experts are keen to consider this as a manifestation of the well known “age
pattern of mortality”, rather than the evidence of the unfair administration of treatments
at the expense of elderly patients, especially considering that half of the cohort belongs
to this category (median age is 65). The 3% increase in the correlation can be explained
by the fact that patients that were dropped from the dataset in the first step lowered
the mean age among deceased in the first dataset (Figure 4.3). Furthermore, FanFAIR
reports negligible correlation between sex and outcome (2% in “raw”, 0% in “clean” and

“reseried”).

A further inspection of the membership functions reveals that an important issue of
the dataset is the balance of the labels, which was assessed around 50% (see Figure 4.2,
top-left panel). All other variables do not seem to have a negative impact to the fairness,
with the exception of quality which could be slightly improved, e.g., by automating (parts
of) the data collection procedure. The numerosity, according to FanFAIR, was excellent

to develop a fairer predictive model.

For this dataset, the overall improvement of fairness due to pre-processing was limited

(< 10%). Although this may not necessarily be the case for every dataset, this result is in
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Figure 4.3: Box-plots of age, stratified by outcome, in the group of patients excluded
during the first data processing step (left) against the rest (center), and in the entire raw
dataset (right); labels indicate numerosity, and age meantstandard deviation for each

group.

agreement with the idea, discussed in this work, that the fairness of data (and hence, of the
AT systems trained on them) is dependent also on additional factors that must be taken
into account since the beginning of the study. These factors include (but are not limited
to) a proper design of the data collection phase, and a careful review and fulfillment of all

legal requirements that apply to research, at both general and case-specific levels.

4.4 Conclusion

In this work we presented an improvement to FanFAIR, a Python library that leverages
fuzzy reasoning for the semi-automatic assessment of datasets fairness. Specifically, we
extended FanFAIR to support the specification of one or more sensitive variables. A cor-
relation check is automatically performed on all sensitive variables and that information is
later fed to a fuzzy rule, which determines whether the sensitive variables have an excessive
influence on the output labels. This preliminary analysis can help to identify potential
bias in the data that can be traced back to even a single variable. We also implemented
a few missing but useful functionalities, e.g., the import of Pandas’ dataframes.

FanFAIR was applied to the analysis of a COVID dataset. Our results showed that
both data fairness and model performance can improve in parallel when appropriate data
processing is set in place during the development of Al systems. In this regard, Fan-
FAIR can help researchers in deciding whether a given dataset should be pre-processed,
or discarded altogether, due to its limitations.

From a computational standpoint, we report that FanFAIR was able to process our
tabular dataset in under a minute on a consumer laptop equipped with a CPU Intel i3

of 12" generation, which is arguably efficient for any similar use case. Early testing per-
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formed during our study showed that the newly introduced multi-variate outlier detection
methods? are more computationally demanding than the available uni-variate options,
which could be expected. We plan to further inquire on the complexity and scalability
of FanFAIR by systematic benchmarking and testing, as this would provide the insight
necessary to extend our tool’s applicability and reliability.

It is important to highlight that FanFAIR is not a debiasing algorithm, but rather
a means to help healthcare workers and data scientists to pre-evaluate the dataset they
intend to use to train a ML model, as we demonstrated by applying it to a study case
on COVID-19 data. In addition, FanFAIR does not claim to address all potential biases
related to Al fairness, as many discriminatory factors are systemic and embedded in
society, such as the unavailability of healthcare for certain marginalized groups and their
consequent absence in the dataset. Our tool aims to provide a way to assess the dataset
so that the risk of unfairness is decreased.

It is often the case that a combination of variables might contribute to a discriminatory
prediction. We will extend this feature in future versions of FanFAIR with the possibility
to perform multi-variate influence analysis of sensitive variables and also to perform post-
hoc analysis by leveraging user-provided ML models trained on the data.

FanFAIR is designed to be as intuitive as possible, with a minimal interface, and the
capability to autonomously determine the most appropriate values for the parameters that
regulate its functioning. The rationale is that our tool is designed to be used by anyone,
including professionals who are not experts in the fields of machine learning and data
science. Nevertheless, we understand that many practitioners might want to tweak and
configure some of its internal settings (e.g., the hyper-parameters of the outlier detection
algorithms). As future developments, we will provide FanFAIR with additional (optional)

arguments to properly choose such settings.

3Benchmarks for the isotree and PyOD Python modules are available at the respective homepages.
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Spectral Clustering-Powered Survival Analysis for

heterogeneous clinical datasets: a case study on

COVID-19

The present chapter is based on the submitted manuscript “Spectral Clustering-Powered
Survival Analysis for heterogeneous clinical datasets: a case study on COVID-19”, of

which I am first and corresponding author [9].

5.1 Introduction

Tabular clinical data are most often heterogeneous [84, 85], due to their very nature and
to the variety of methods and supports employed for their collection, especially in ap-
plied research. Clinical data are notoriously hard to collect [4, 5, 16, 86] and often suffers
of a considerable degree of imprecision [87]. These criticalities emerge in most concrete
scenarios, such as treatment of rare diseases, clinical response to epidemic outbreaks, or
the identification of bio-medically relevant subpopulations of patients affected by major
diseases. These problems negatively impact on general health data analytics, as they are
the main culprits for the limited size and sub-optimal quality of health datasets [2, 8],
limiting the applicability of more data-intensive Machine Learning (ML) techniques.

Furthermore, the existence of several unavoidable constraints on retrospective studies im-
ply that datasets that are small (from the viewpoint of ML) are still going to be widely
employed in field health research. In fact, similar problems occur in many other research

fields, urging ML researchers to provide targeted methods: indeed, using more sophisti-
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cated methods in presence of small heterogeneous datasets may lead to wrong and likely
harmful conclusions [89].

The motivation to write this work stemmed from an investigation we conducted on a
specific medical dataset which presented the aforementioned criticalities; the analysis of
our dataset serves as pilot case study to present a novel and widely applicable technique
for the analysis of relatively small survival dataset (i.e. within the thousand of samples).
More specifically, our dataset includes 946 hospitalized COVID-19 patients for which we
wanted to analyze the survival dynamics. We had previously conducted another study to
investigate the applicability of classification ML algorithms on this dataset [7].

In the present study, we have designed and applied an original pipeline which leverages
unsupervised clustering[26] and survival analysis[90], with the aim of studying the survival
behavior of COVID-19 patients, and how they relate to the available features.

The main goals of this work are the following:

1. providing a replicable pipeline to identify and characterize subpopulations with dif-

fering survival behaviors in challenging datasets;
2. analyze our specific dataset with it, concretely demonstrating our method.

We will begin by reviewing the ML and statistical techniques featured in our method
(Section 5.2), and then present our pipeline (Section 5.3); Subsequently we present the
dataset from our case study, discussing in detail how we applied our method to analyze
it, and reviewing the results of the analysis (Section 5.4). We then conclude with a short

summary and some remarks on the method’s applicability and limitations (Section 5.5).

5.2 Background

This section provides a brief overview of the techniques employed in our method.

5.2.1 Spectral Clustering

Spectral clustering [91, 92] is a powerful and versatile non-parametric clustering method,
which belongs to the broader class of unsupervised learning (UL) techniques [26]. It
leverages spectral decomposition to partition the dataset, and consists of the following

steps:

1. a similarity measure is chosen and computed between each pair of points. The
resulting N x N matrix M can be interpreted as the adjacency matrix of a complete

weighted graph;

2. the corresponding (normalized) graph laplacian [93] and its eigenvalues are com-

puted;

3. the number of clusters k is determined by identifying the tallest gap in the spectrum

of the laplacian;
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4. a low-dimensional embedding of the datapoints, corresponding to eigenvectors of the

k smallest eigenvalues, is obtained;

5. cluster labels are computed by applying an auxiliary clustering algorithm (e.g., K-
Means [26] ) to the embeddings.

Crucial choices are the similarity measure, the number of clusters, and the auxiliary
clustering algorithm.
The main advantage of this technique is that it is capable of identifying hidden non-linear
structures in the data, since it makes no assumption on the cluster shapes. On the other
hand, the complexity of the computation scales polynomially with the number of samples,
possibly resulting unpractical to process large datasets (e.g., N > 10'000), which, however,

are not the focus of our study.

5.2.2 Survival Analysis

Survival Analysis (SA)[94, 95, 96, 97, 98] is a statistical framework, based on Continuous-
Time Markov Chains [99, 100], for modeling time-to-event and making inferences on them.
SA finds its most important and impactful application in medicine, to model time from
an initial observation to a specific clinical event of interest. Examples of the latter are
patient death, recurrence of a disease (e.g., a cancer recurrence after a chemotherapy), and
patient recovery. SA has a key role in several other fields as well, such as engineering, to
model time to machine failure [101], business intelligence, to model time until customers
churn[102], and several others.

In the context of SA, time is expressed relatively to the individual subject’s time of origin
(t =0), and limited up to a maximum follow-up time T. The main subject of inquiry of
SA is the survival probability S(t[,z]), that is, the probability that a subject with features
x = (x1,...,£4) will not experience a predetermined event of interest (EOI) before time ¢.
Equally important is the hazard function h(t[,z]), corresponding to the rate at which an
individual risks to experience the EOI at time ¢. The two functions are related by means

of the following equation:

d
—%UOQ(S)]‘

A key difficulty in this type of analysis is dealing with right censoring, that is, the fact that

h(t) =

some patients may have exited the study before experiencing the EOI, which is particularly
common in the context of medical studies, e.g. hospitalized patients are dismissed as soon
as they successfully recover, before the end of the study, and miss follow-up communication
(patients "lost to follow-up”); or the study may have ended while the patient was still
hospitalized. For such a patient x, information may only be available up to a given
censoring time t,,

The Kaplan-Meier method (KM)[103] provides a nonparametric estimate of S which relies

on observed survival times, both censored and uncensored, according to the following
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expression:
S(t) = S(t; 1) (1 - ffﬂ) tE [ty ti41)
J

where 0 < t; <2 < ... <ty < T are the ordered event times of subjects, IV; is the number
of subjects under observation just before ¢; (that is, those that didn’t experience EOI, and
weren’t lost to follow-up at t < t;), and D; is the number of subjects who experienced the
EOI at t;. S(0) is set to 1, to reflect the fact that neither subject has experienced EOI
before the time of origin. The model relies on the basic assumptions that event times are
mutually independent, and that censoring is uninformative. KM does not leverage other
features in the data, nonetheless it is possible to compute the KM estimate for different
groups of subjects, and compare them [103, 104]. This is commonly accomplished by
means of a nonparametric log-rank test, which compares the estimated hazard rates of
two survival curves [104].

Another fundamental method in survival analysis is Cox proportional hazard regression
(Cox PH) [98], which — fully taking into account the partial information linked to right
censored patients — directly models the hazard for each patient as a function of the features

in the data, according to the following expression:
h(t,x) = ho(t) exp(b - x).

This model assumes that all subjects in the cohort share a common base hazard hg(t),
which scales proportionally to a term that depends explicitly on a linear combination of
the values of the features (z1,...,24) = x with coefficients (by,...,b5) = b. The terms
exp(bg) > 0 are known as hazard ratios, and offer a clear interpretation of the contribution
of each feature: values above 1 suggest the existence of a positive correlation between the
corresponding feature’s value and the probability of experiencing EOI, while values below

1 indicate a negative correlation.

5.2.3 Landmark Analysis

Falsely assuming feature values are known at baseline introduces the so called immortal-
time bias [105, 106], which causes over-estimation of beneficial effects, under-estimation
of harmful effects, and pretend beneficial effect of factors that are actually unrelated to
survival. Moreover, the farther from baseline the information actually becomes available,
the larger the bias.

A possible approach to mitigate this important problem is the use of landmark analy-
51s[107, 108, 109], which consists in selecting multiple time points, called landmarks, and
repeating the analysis basing on the information available at those times; in practice,
this requires excluding subjects that have experienced EOI or have been censored by the
landmark, and updating the values of time-dependent features for the other subjects.

The choice of landmarks should be done basing on when information becomes avail-

able (e.g.,in proximity of sampling times adopted during data collection), and, possibly,
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leveraging field knowledge to determine when this information is less likely to change, as

high variability may still introduce bias.

5.3 Proposed Method

In a nutshell, the key idea behind our method is to combine clustering, which is very effec-
tive at extracting complex patterns in the data, with the well established survival analysis
framework: the cluster labels act as an hidden feature, condensing the information carried
by the original co-variates into a single categorical feature [110, 111, 112]; we propose to
compare the KM curves associated to the clusters and to fit a Cox PH model onto the
cluster labels at each landmark, in order to determine if clustering managed to capture
any pattern that is relevant for survival. In such case, these survival patterns may be
characterized by comparing the features’ distributions between the clusters using classical
statistical tests.

By combining the high versatility of unsupervised learning with more traditional tech-
niques, we aim to offer an interpretable and straightforward alternative to perform multi-
variate survival analysis with time-varying features, bypassing the limits that affect other
available alternatives, such as the need of more conspicuous datasets of deep survival
models[113], or the increased difficulty in interpreting results [97].

The procedure to apply our method may be summarized in the following steps:
1. Data Preparation
2. Tuning
3. Fit and Analyze results

In the next sections we will discuss each of these steps in detail.

5.3.1 Data preparation

The aim of this step is assessing and extracting time-dependent information from the
data.

First of all, since we intend to perform survival analysis, it is necessary to define and
identify fields associated with origin time, event of interest, and censoring, as well as
defining the maximum duration of follow-up (i.e. the time after which censoring is implied),
so that EOI and censoring times can be obtained for each subject.

Second, time-dependent features must be distinguished from those that remain constant
(throughout follow-up); it is necessary to provide a method that leverages the available
time data to evaluate time-dependent features at the chosen landmarks. Some examples

of how to accomplish this in practice are provided in Table 5.1.

Time-dependent features for which timing data is not available should be excluded

(e.g., features signaling that a patient began a treatment at some unspecified time during
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Feature(s) in the dataset ‘ Time-dependent feature ‘ Final data-type

Date of event Event occurrence flag/count | boolean/numeric
Start/End date of condition Condition duration numeric

Serial measurements Earliest/Latest measurement | (same of series)

Table 5.1: Examples of extraction of time-dependent features.

followup). Likewise, samples (i.e. patients in our case) for which time information is
not available may only be included in the analysis at baseline (i.e. ¢ = 0), and should
be excluded at later landmarks. Finally, in this phase we must choose landmark times,
basing on field-specific knowledge.

Summarizing, the outputs of this step are:
1. EOI and Censoring times
2. List of landmarks

3. Series of datasets, one for each landmark.

5.3.2 Tuning

This step consists in determining the details necessary to perform clustering.

Our method aims at identifying subpopulations which differ in terms of survival and
features distributions, describing how they evolve through follow-up. To ensure compara-
bility, we propose to apply a common clustering pipeline at each landmark. The tuning
phase consists in determining the “hyper-parameters” for spectral clustering, which will

be fixed for all landmarks. These parameters are:
1. The affinity measure (and any processing necessary to evaluate it)
2. The number of clusters
3. A cluster labeling criteria

We recommend adopting an unbiased affinity measure, that is, one which leverages
all the available features and weights their contribution equally (see Section 5.4.2 for a
concrete example). Doing otherwise might steer the analysis towards conclusions that are
not purely data-driven, although it may provide an opportunity to counterbalance any bias
that is demonstrably present in the data, given the existence of solid field knowledge and /or
dataset specific considerations in support of more nuanced choices. Moreover, preliminary
data cleaning, as well as the feature selection strategy detailed in Section 5.3.3, are meant
to minimize the bias due to confounding features.

The number of clusters K should be determined basing on the state of data at the
earliest landmark, to avoid any bias deriving from using future information to take deci-
sions in the past. Besides this detail, this operation can be carried out according to the

standard procedure, which we briefly outlined in Section 5.2.1.
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Finally, it is necessary to define a criteria to name the clusters, since spectral clustering
assigns random labels to each of the identified clusters. Unlike the number of clusters,
this labeling can leverage future information (e.g., the outcome), as it only affects how the

inherently retrospective results will be presented.

5.3.3 Fit and analyze results

This step consists in actually computing the clusters, and applying statistical tests to
qualify and measure if and how clusters differ.

To begin, spectral clustering is performed multiple times at each landmark, adopting
the parameters defined previously, to carry on the following backwards feature selection
procedure: for each feature, clustering is performed with and without it, and the Normal-
ized Mutual Information index (NMI) between the resulting clusterings is measured. The
feature corresponding to the least decrease in NMI is then removed, and the process is
repeated until removing any feature would cause an excessive drop in NMI. We recom-
mend pre-selecting a sufficiently high stopping threshold (e.g.,0.98), to ensure the least
bias, although it would also be possible to observe the variation of NMI as all the features
are gradually removed, and then choose the threshold basing on the tallest gap between
subsequent estimates. The final spectral clustering is performed on the reduced feature
pool, and the chosen labeling criteria is applied to obtain the final clusters.

Clusters at each landmark are then compared, in terms of Kaplan-Meier survival curves,
by performing log-rank tests between them, in terms of hazard ratios, obtained by fitting
a Cox PH model onto the cluster labels, and in terms of distributions of all features (i.e.
regardless of their exclusion during feature selection), by performing the appropriate sta-
tistical tests (e.g., Chi-squared for categorical /binary features, and Kolmogorov-Smirnoff
for numeric features).

Furthermore, the evaluation of these indicators at each landmark offers a comprehensive

description of how the sub-populations characterize in time.

5.4 Case Study

In this section we present a concrete example of how our method can be applied to analyze
a clinical dataset. The analysis of this case study constituted the main motivation behind

the development of our method.

5.4.1 Dataset

Starting from the raw dataset, presented in section 2.2, we included all the patients for
which outcome was known, and time data was present, obtaining a pool of 944 patients.
Furthermore, we analyzed 79 potentially relevant features, including medical history, ther-
apy, complications, relevant dates, and serial measurements of arterial partial pressure of

ozygen to fraction of inspired oxygen ratio (PaO2/FiOq, mmHg), and of C-reactive protein
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levels (CRP, mg/L) .

Medical History Features
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Figure 5.1: Distribution of medical history features in the final dataset, for the population
at time 0.

5.4.2 Applying our method

The goal of the present analysis is investigating the cohort’s survival times within 60 days
from hospitalization. Since part of the data was already cleaned during previous studies,
cleaning in this case mostly concerned date fields’ validity and consistency with other fea-
tures; it resulted in the manual fixing of erroneous dates, and the exclusion of 2 patients
(deceased at unspecified date).

Decease and censoring times from hospitalization were computed from the respective date
fields and capped at 60 days; note that only 14% of the included patients are still hos-
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Figure 5.2: Data count (top plot) and evolution of categorical time-varying features in the
final dataset. Detailed counts are displayed for landmarks at times ¢t = 2,4, 8,15, 30 and
60.

pitalized by day 30. In order to properly apply landmark analysis, we had to exclude

from the analysis all the features whose values became available at unknown times during
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hospitalization, that is, complications and most therapies, whereas we condensed each set
of serial measurements into three time-dependent features.

The final datasets comprise 24 features summarized in the following:

o Medical History - 15 features - (Figure 5.1) recorded at hospitalization, these
features remain constant throughout the follow-up, and include age, biological sex,
smoking habits, and health risks tied to the patient’s medical history (e.g.,hypertension,

asthma, diabetes, etc...);

o Therapy - 3 features - (Figure 5.2) detail whether the patient has been treated
with non-invasive ventilation (NIV), invasive machine ventilation (IMV), and steroid
therapy; these are time dependent, since their value is deduced from the respective

therapy start dates,

e Physiological measurements’ summaries - 6 features - time dependent, these
include the earliest and latest available samples of PaOy/FiO2 and CRP, along with
a categorical "improving” feature (Figure 5.2), indicating whether the corresponding

series presents an improving trend or not:

— Pa0y/FiO; is considered improving if the latest measurement is either above
250 mmHg or presents an increase of at least 40% with respect to the earliest

sample;

— CRP is considered improving if the latest measurement is either below 10 mg/L

or it is decreased of at least 40% with respect to the earliest sample;
A dedicated “undefined” label is assigned when less than two samples are available.

Dates necessary to evaluate time-varying features were unavailable for 163 patients, which
had to be excluded at landmarks after baseline (i.e. at ¢ > 0). Sampling times presented
the most obvious candidates for landmarks, since they were determined before data collec-
tion by the medical experts at days 0,1,3,7 and 14; in practice, though, sampling occurring
after baseline (i.e. for t > 0) was often' delayed of one day with respect to the intended
intervals. This was caused by problems during the data acquisition phase, such as a de-
layed insertion of the sample data, or the impossibility to take the sample earlier due to
the occurrence of medical complications. Such criticalities were particularly common dur-
ing the COVID-19 pandemic outbreak in Italy, which constituted the environment for the
collection of these data, therefore we decided to keep it into account to ensure maximal
data availability. We thus set the final landmarks at days 0 (=baseline), 2, 4, 8 and 15
from hospitalization.

We then determined the details of the pipeline to process the data and apply spectral

clustering at each landmark, specifically:

li.e. in more than 50% of the cases, as verified by checking their modal values.
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Figure 5.3: Eigenvalues of the graph laplacian for the dataset at ¢ = 0, showing that the
largest gap occurs between the first and second eigenvalue, and thus suggesting that the
appropriate number of clusters is 2.

1. data preprocessing would be applied, to fill missing values in the data (we used the
mean value for numeric features, and the modal value for binary and categorical
features), and to normalize all feature values to result between 0 and 1. In this
case, normalization is preferred over standardization as it ensures that each feature
contributes equally to affinity evaluation. Non-binary categorical features in our data
(i.e.smoking habits, improving PaOy/FiO9 and improving CRP) presented ordered

levels, hence we could map them onto evenly spaced values in [0; 1];

2. affinity between patients would be 1 minus the mean absolute difference between the
(normalized) values of the patients’ features, so that the adjacency matrix would be
defined as :

1
Mij=1- 2 > i — ikl € [0;1]
k

3. the number of clusters would be 2, as suggested by the analysis of the eigenvalues
of the graph laplacian of our data at time ¢t = 0 (Figure 5.3). This implies that we
will be fitting a uni-variate Cox PH model and that the covariate can assume two

values.

The two clusters computed at each landmark would be labeled “High Risk” and “Low

Risk”, according to the average time-to-decease among included patients.

5.4.3 Results

The results show that the survival curves of the two clusters can be significantly distin-
guished at each landmark, with high risk patients consistently experiencing an increased
hazard (Table 5.2). The greatest separation between the clusters is found at time ¢t = 8,

in which the hazard ratio between the cluster reaches 4.57: this is consistent with the
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Landmark Time | Log-Rank p-value | Hazard Ratio
0 0.00166 1.68
2 2.2e-05 2.28
4 0.000449 2.03
8 2.98e-05 4.57
15 0.000899 3.94
Table 5.2: Survival curves comparison at each landmark.
Survival Curves of clusters defined at day 8 (from hospitalization)
(log-rank p-value:3e-05 ; Hazard ratio: 4.57)
- |
2 oe-
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Figure 5.4: Survival curves of the clusters computed basing on the data available at day
8 from hospitalization.

clinicians’ experience, who observe that, after a week in hospital, less severe patients have
likely been dismissed, while more severe patients are less likely to recover, and, at the
same time, more data is available about the patients which are still hospitalized, making
it easier to estimate risk.

Feature selection at time ¢ = 0 retained only 7 out of the 15 available baseline features,
namely: history of Smoking, Diabetes, Hypertension, Chronic Renal Disease, Coronary
Artery Disease and Chronic Heart Failure, indicating that these are mainly responsible
for the partitioning of the data when therapy information is not yet available; in contrast,
fewer features were excluded at other landmarks (six at time ¢ = 2, and only one at subse-
quent landmarks), with all time-varying features contributing to clustering at landmarks
t = 4,8, and 15, suggesting their importance in determining the partitioning.

Furthermore, the results detailed in Figure 5.5 provide insights on the role of each

feature at each landmark, and across them:

e history of hypertension is always used for clustering, and presents the most separated
distribution between clusters at all landmarks (although slightly tapering in time),
with higher incidence in the high risk cluster, which is consistent with literature
[114];

e age ends among the top five most distinctly distributed features at all landmarks

except the last, with a prevalence of older patients in the high risk clusters;

e concordantly with expectations, history of comorbidities result statistically more

prevalent in the high risk cluster, with diabetes, coronary artery disease, chronic
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Figure 5.5: Comparison of feature distributions between clusters at each landmark. Cells’
label and background color show the p-value of the statistical test used to compare the
distributions (Kolmogorov-Smirnoff or Chi-squared); grey background is used when the p-
value is above the significance threshold of 0.05. Abbreviations: BMI = body mass index,
COPD = chronic obstructive pulmonary disease, IMV = invasive machine ventilation,
NIV = non-invasive ventilation, P/F = arterial partial pressure of oxygen to fraction of
inspired oxygen ratio, CRP = C-reactive protein.

renal disease, and chronic heart failure presenting the most distinct distributions,

although with a degree of significance that slightly decreases with time;

e sex, and history of asthma, bronchiectasis and pulmonary embolism result scarcely

separated;

o improvement and latest sample of both PaOy/FiO2 and CRP result more distinctly
distributed at the last two landmarks (¢ = 8 and 15), with worse values (i.e. low
PaOy/FiOy and high CRP) occurring in the high risk group, in agreement with

clinicians’ expectations;

e Other time-varying features regarding steroid, NIV and IMV therapies result more
prevalent in the high risk cluster; in particular, features regarding ventilatory support
become increasingly more distinct with time, in concordance with the fact that more
severe patients tend to stay in hospital longer and are more likely to receive these

treatments.
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5.5 Conclusions

In this work we presented an original method which combines unsupervised learning and
landmark survival analysis to identify subpopulations in a dataset, describing their survival
behavior, and characterizing its relation with the available features, offering a comprehen-
sive view of their evolution in time; furthermore, we demonstrated its application on a
medical dataset of 944 COVID-19 patients, successfully partitioning the population into
two groups, namely high risk and low risk, which presented statistically distinguishable
survival curves and feature distributions.

Our method is designed for the analysis of tabular datasets that include time-varying
features, whose limited size (i.e. between hundreds and thousands of rows) could hinder
the applicability of more sophisticated methods; in fact, since data scarcity is a frequent
condition in applied research for healthcare, as well as other fields, we believe our method
is widely applicable, and could provide useful insights to Al practitioners working with
real world survival datasets.

We recognize that our work is afflicted by some limitations. First and most importantly,
our method relies on the geometric disposition of the data points in the feature space
to identify clusters, and thus its effectiveness in splitting the dataset, and the fact that
the computed clusters effectively capture differing survival behaviors ultimately depend
on the available data. Furthermore, while highly adaptable, our pipeline requires manual
intervention of the experts in determining landmark times, and in implementing a method
to extract the state of the dataset at the chosen landmark times; we believe this to be
inevitable, given the highly case-specific nature of these aspects. Sections 5.3.1 and 5.4.2
provide useful considerations and examples on how to accomplish this.

Finally, while in this work we demonstrated that our method can be used for inference,
we believe it could be easily adapted for prediction on larger datasets, by training an

additional classification algorithm on the cluster labels computed with our technique.



Conclusions

The focus of this work was the development of machine learning (ML) and artificial in-
telligence (AI) techniques aimed at supporting clinical decision making. To this end,
we conducted three complementary studies, each addressing specific methodological and

practical challenges.

6.1 Contributions Summary

In the first study we developed a ML pipeline for predicting in-hospital mortality of pa-
tients affected by severe COVID-19 pneumonia and treated with glucocorticoids. Multi-
ple supervised algorithms, ranging from logistic regression to ensemble methods such as
random forests and extreme gradient boosting, were compared in terms of predictive per-
formance. The best models achieved high discrimination, with AUROC values above 0.9,
showing that meaningful predictions can be obtained even from moderately sized datasets
when proper preprocessing, feature selection, and validation are employed. Furthermore,
explainability was prioritized through the integration of SHAP values, allowing detailed
insight into the contribution of each variable to individual predictions. This analysis con-
firmed the clinical importance of variables such as PaOy/FiOy improvement, C-reactive
protein levels, age, and comorbidities, in confirming established medical knowledge and
uncovering additional data-driven nuances. The proposed pipeline provides a transparent
and versatile tool that could support clinicians in monitoring patients.

In the second study we expanded on the theme of model fairness and data integrity
by presenting an improved version of FanFAIR, a hybrid statistical-ML tool designed to

assess dataset bias. The enhanced version of the tool features extended data-type support,

o1



52 CHAPTER 6. CONCLUSIONS

compatibility with pandas dataframes, and the possibility to specify sensitive variables, to
help identify potential sources of bias. Furthermore, we applied FanFAIR to analyze the
COVID-19 dataset, providing evidence that appropriate preprocessing can simultaneously
improve predictive accuracy and reduce bias. These findings emphasize the importance
of ethical and methodological awareness in ML for healthcare, where biased models may
amplify inequities in clinical practice.

In the third study we introduced an original pipeline which combines spectral cluster-
ing with landmark survival analysis, enabling the discovery of latent patient subgroups
characterized by distinct survival trajectories. This method proved capable of partition-
ing our COVID-19 dataset into statistically distinct clusters corresponding to low and
high risk patient groups, whose survival curves and clinical profiles differed consistently
across multiple temporal landmarks. Beyond its specific case study, this approach repre-
sents a broadly applicable framework for analyzing survival data in small or heterogeneous
datasets where classical models or deep learning approaches may fail due to data limita-
tions.

Together, the three studies illustrate a coherent strategy for leveraging ML in chal-
lenging clinical contexts. The combination of supervised learning for outcome prediction,
fairness evaluation for bias quantification, and unsupervised learning for subgroup discov-
ery provides a comprehensive toolkit adaptable to a wide range of medical and biomedical

datasets.

6.2 Limitations

Nonetheless, several limitations remain. Analyses solely relied on a retrospective dataset,
therefore external validation on independent cohorts is required before clinical deploy-
ment. Moreover, the interpretability of complex ML systems, though improved through
explainable Al techniques, still poses challenges for full clinical integration. Finally, the
manual steps foreseen by the presented techniques highlight the need for domain expertise

and interdisciplinary collaboration between data scientists and clinicians.

6.3 Future directions

Building on this work, several promising avenues for future research can be identified.
First, the generalization and external validation of the proposed models onto larger datasets
should be pursued to ensure robustness, reproducibility, and clinical reliability. Integrat-
ing these models within EHRs would allow real-time inference, supporting clinicians dur-
ing decision-making without disrupting established workflows. FanFAIR’s functionalities
could be extended by adding the possibility to perform multi-variate influence analysis of
sensitive variables, as well as post-hoc analysis against user-provided ML models. Fur-
thermore, providing FanFAIR with a stand-alone user interface could greatly improve its

usability. The spectral clustering and landmark survival analysis framework could also be
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extended to incorporate predictive capabilities, enabling not only subgroup discovery but
also dynamic outcome forecasting. Finally, future investigations could explore the con-
trolled use of generative and foundation models, once data availability and transparency
safeguards are sufficient, thereby expanding the analytical potential of Al in clinical con-

texts while maintaining ethical and regulatory compliance.

6.4 Closing remarks

This thesis contributes to the growing body of research bridging ML and clinical practice
through methods that are transparent, adaptable, and grounded in real-world constraints.
By developing and validating algorithms that respect both statistical rigor and ethical
principles, it takes a step toward Al systems that genuinely support the work of clinicians,
rather than replace it. The presented approaches form a solid foundation for future inter-

disciplinary efforts toward explainable, equitable, and effective data-driven healthcare.
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