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Abstract

On 30 January 2020, the World Health Organization (WHO) declared the spread of
the COVID-19 pandemic as a cause of concern and called for raising the level of health
emergencies. Since then, the pandemic has spread dramatically, causing a large number
of human losses and havoc in the economic, social, societal, and health systems around
the world; although the vaccination process and the genomic evolution of the virus have
reduced the impact of the pandemic, we still need to improve our understanding of the
disease. An important aspect in clinical research is to understand how the characteristics
of the SARS-CoV-2 virus, which is responsible for the disease, may influence the course
of the disease of each individual patient, in addition to the other patient’s conditions at
hospital admission.

My thesis project took place in the context of a collaboration between the group of
bioinformatics within DEIB at Politecnico di Milano and the ’Dipartimento di Malattie
Infettive, ASST-FBF-Sacco’, a major hospital in Milano, primarily focused on fighting
infectious diseases; my role in this project has been very significant, as I have been involved
in all phases of the project, including the fusion of clinical and virological data and
its organization within a single normalized database, and then the statistical study to
determine how the various variables in the database can determine the clinical outcome.
We have found that a positive SARS-CoV-2 viremia (viral charge) at hospital admission
is associated with increased odds of death in subjects hospitalized for COVID-19. This
finding confirms what was known for the first and second wave of the pandemics, but
extends also to the third and fourth wave - characterized by the rise of different viral
variants and by the impact of the vaccination process. The main clinical result is that
viremia can still nowadays be used as a significant factor to anticipate the prognosis of
COVID-19 hospitalized patients.

While this process was driven by the hypothesis made by the clinicians and virologists,
we then considered if the same input dataset could be used to infer different knowledge,
with an unsupervised approach. Then, we developed a method that requires a clinician
to define the target variable (in our case, death) but can explain the target variable using
other arbitrary variables within the available dataset. This second contribution of my
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thesis can be considered as a step towards Data Science democratization, a process that
tries to reduce the entry barriers to the use of Data Science by delivering user-friendly
methods, where the domain expert can obtain results even when she has limited computer
science or statistical skills.

Keywords:data science; data analysis; logistic regression; inferrence; sars-cov-2; viremia;
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Abstract in lingua italiana

Il 30 gennaio 2020 l’Organizzazione Mondiale della Sanità (OMS) ha dichiarato il focolaio
da SARS-CoV-19 un’emergenza sanitaria di pubblica rilevanza internazionale. Da allora,
la pandemia si è diffusa in modo drammatico, causando scompiglio nei sistemi economici,
sociali, societari e sanitari di tutto il mondo ma soprattutto la perdita di numero rilevante
di vite. Sebbene il processo di vaccinazione e l’evoluzione genomica del virus abbiano
ridotto l’impatto della pandemia, è ancora necessario investire tempo e denaro nello studio
della malattia. Un aspetto importante nella ricerca clinica è capire come le caratteristiche
del virus SARS-CoV-2, responsabile della malattia, possano influenzarne il decorso in ogni
singolo paziente già al momento del ricovero e nell’evoluzione del morbo.

Il mio progetto di tesi si è svolto nell’ambito di una collaborazione tra il gruppo di bioin-
formatica del DEIB del Politecnico di Milano e il "Dipartimento di Malattie Infettive,
ASST-FBF-Sacco", importante ospedale di Milano, focalizzato principalmente sulla lotta
contro le malattie infettive. Il mio ruolo in questo progetto è stato molto significativo, in
quanto ho partecipato a tutte le fasi del progetto, compresa l’estrapolazione dei dati clinici
e virologici nonchè alla loro organizzazione all’interno di un unico database normalizzato;
in seguito ho portato avanti uno studio statistico per determinare come le diverse variabili
presenti nel database possano aver determinato l’esito clinico. Abbiamo verificato che, una
viremia positiva per la SARS-CoV-2 (carica virale) al momento del ricovero in ospedale, è
associata ad un aumento delle probabilità di morte nei soggetti ricoverati per COVID-19.
Infatti il risultato conferma quanto già noto in relazione alla prima e la seconda ondata
pandemica, ma si estende anche alla terza e alla quarta, caratterizzate dall’insorgenza
di diverse varianti virali e dall’avvenuto processo di vaccinazione. Il principale risultato
clinico è che la viremia può ancora oggi essere utilizzata come fattore significativo per
anticipare la prognosi dei pazienti ricoverati in ospedale con il COVID-19.

Questo processo era guidato dalle ipotesi formulate da clinici e virologi, tuttaviaabbiamo
poi considerato se lo stesso set di dati potesse essere utilizzato per dedurre conoscenze
diverse, con un approccio non supervisionato. Abbiamo quindi sviluppato un metodo che
richiede al clinico di definire la variabile target (nel nostro caso, la morte) in maniera da
determinare come altre variabili arbitrarie all’interno del dataset possano determinare la



variabile stessa. Questo secondo contributo della mia tesi può essere considerato come un
passo verso la democratizzazione della Data Science, un processo che cerca di dare anche a
chi abbia limitate competenze informatiche o statistiche la possibilità di impiegare questo
tipo di metodi Data Science.

Parole chiave: data science; analisi dei dati; regressione logistica; inferenza; sars-cov-2;
viremia;
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1| Introduction

At a time when more than 1.7 megabytes of data is generated on average every second
by every person on Earth1, it is crucial to know how to manage such amount of data and
analyze it to extract valuable information. This scenario has prompted greater demand
for the growth of what is called Data Science, an interdisciplinary discipline that combines
Computer Science, Statistics and domain knowledge. The aim of Data Science is to ap-
ply advanced analytic techniques and scientific principles to extract valuable information
from data for many application, including business, decision-making, strategic planning,
scientific research and many other.

In particular, Data Science can be used by medical researchers to identify disease signs and
risk factors and by doctors to help diagnose illnesses and medical conditions in patients.
In addition, a combination of data from electronic health records, social media sites, the
web and other sources gives healthcare organizations and government agencies up-to-date
information on infectious disease threats or outbreaks. Finally, biomedical researchers
using Data Science methods on the huge amount of biological data available can obtain
important findings and improve/create new diagnostic tools in the medical field. For
example, doctors, who have data samples and data analytics tools, may be able to identify
the warning signs of a serious illness before it arises. Treating diseases at an early stage can
improve the chance of success in therapeutics intervention and lower the costs compared
to a late intervention [4].

Using the words of Najat Khan, Chief Data Science Officer and Global Head of Strategy
and Operations for Research & Development in Janssen®: "What Data Science efforts
like these are doing is augmenting clinicians’ knowledge and know-how and what’s already
in the medical literature by actually recording what patients are dealing with in the real
world."

Thus, Data Science holds the promise of exploiting patient data so as to allow for rapid and
accurate intervention of physicians, who can refer to patient’s entire health history [45].

1https://webtribunal.net/blog/how-much-data-is-created-every-day/
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I have demonstrated the strength of using a Data Science approach in the context of a
new collaboration between the group of bioinformatics at Politecnico di Milano and the
Department of Infectious Diseases and Intensive Care Unit (ICU) of Luigi Sacco hospital,
located in Milan. Within this collaboration, I have performed a number of tasks, ranging
from data collection at two different units of the Sacco hospital (respectively involved
with the clinical care of patients and the provisioning of SARS-CoV-2 testing at patient’s
admission), the integration of the two datasets within a single, well-organized database,
and the accurate definition of clinical variables; this work was assisted by clinicians and
virologists of the hospital and was mostly performed within the hospital premises. We
had to overcome various difficulties, including an hacker attack to the hospital informa-
tion resources that hampered connectivity between us and the clinicians and virologists;
luckily, all data was saved/recovered. Once a properly anonymized and curated dataset
was available, I applied Data Science methods in order to answer the main research ques-
tion, concerned with understanding the factors/variables which negatively influenced the
survival of the patient affected by Covid-19. The study enrolled all of the adult COVID-19
patients admitted to the Department of Infectious Diseases and the Intensive Care Unit
(ICU) of Luigi Sacco Hospital between February 2020 and January 2022. A total of 2,822
COVID-19 patients was involved in the study.

The most relevant finding obtained by the study is that the SARS-CoV-2 viremia (pres-
ence of the virus in the blood) is strongly associated with COVID-19 mortality and for
this reason it should be considered in the initial assessment of COVID-19 hospitalized
patients. This result confirms and extends what as previously known in the literature;
our main contribution is providing a longer study in time, which includes four waves of
the viral infection, and also a larger number of cases when compared with other clinical
studies on the same subject. In particular, the fact that viremia is significant over the
various distinct waves and regardless of the vaccination process being new; these results
are presented in a research article currently submitted for a journal publication.

While these results are generally very encouraging, we considered if the method used in our
study could be generalized and exploited for finding additional results. We then developed
a general method, that considers all variables present in the dataset (and not just viremia)
and tries to infer more knowledge, in particular which variables also explain the patient’s
death. This method combines the apriori algorithm and logistic regression, and it aims at
inferring the strength of the relationships between a target variable (e.g., Covid mortality)
and one or more independent variables (e.g., age and comorbidities), considering both the
dataset as a whole and semantic subsets of it. It is domain independent and can be
applied to any tabular dataset; it was implemented using Python. The main merit of the
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method is to be user-friendly, as the clinician can use the method just by providing simple
directions that indicate thresholds to limit the number of solutions to be considered or
choices about how to deal with missing values and their imputation.

Thus, results presented in these thesis are twofold: we present a specific contribution to
increase our knowledge on COVID-19 and a general method to be used in Data Science.

1.1. Structure of the thesis

The thesis is organized as follows:

• Chapter 1 (Introduction) is dedicated to the introduction of the topic, the descrip-
tion of our work at Sacco, and the reasons for generalizing our approach.

• Chapter 2 (Background) presents the project within the context of Data Science;

• Chapter 3 (Research activity at Sacco Hospital) describes our work in detail, from
data collection, to data integration, to the main discovery of the connection between
viral viremia and patients’ death.

• Chapter 4 (Method) explains how we developed a general method, aiming at making
it easy to use; we also show that the method allows to discover, in addition to
viremia, other variables that influence the patient’s outcome, such as sex, age and
co-morbidities, along with a ranking of these variables and viremia.

• Chapter 5 (Conclusion) presents a short summary of the work done.
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2| Background

2.1. Data Science

Data Science is a cross-disciplinary field of research and development that aims to build
statistical models and computing algorithms to extract meaningful insights – typically
to answer specific problem statements – from a wide variety of data sets, including both
structured and unstructured information [5]. It combines aspects of computer science,
mathematics and statistics, and domain knowledge, as shown in Figure 2.1. In practice,
Data Science uses algorithms, procedures, and processes to examine large amounts of
data in order to uncover hidden patterns, generate insights, and direct decision making:
a melting pot of statistics, machine learning, and data analysis, which are used to their
strengths to understand and conceptualize real-world phenomena.
Referenced as early as 1960, the term "Data Science" didn’t really come into use until
the 90’s. As technology became more powerful, and the access to information became
more widespread, the applications of Data Science proliferated. Turing award winner Jim
Gray refers to Data Science as the "fourth paradigm" of science, along with empirical,
theoretical, and computational.
Since the exponential increase in computational power, and the proliferation of a more
connected world, Data Science has become more relevant than ever. Data Science can
be applied in almost any discipline that involves taking in large data sets and extracting
insight. From warehouse delivery logistics, to the cutting edge of artificial intelligence,
Data Science is an invaluable tool for the creation and functioning of much of our modern
world [15].
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Figure 2.1: Disciplines incorporated in Data Science.

In particular, data scientists construct questions around specific datasets and then use
data analytics and advanced analytics to find patterns, create predictive models, and
develop insights that guide decision making within businesses. As a consequence, Data
Science impact can be seen concretely throughout the world today. Some examples of Data
Science or Data Science-powered services that can be found all around us are advertising
and marketing, E-commerce, transportation, and many others as shown in the Figure 2.2.

Figure 2.2: Example of Data Science main fields of application.
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2.1.1. Data Science in healthcare

Among the many different fields that can take great advantage from the use of Data
Science, healthcare is one of the most important. Nowadays, the availability of vast
amount of data and powerful computational methods, open up to data driven discoveries
in the medical field [33, 44]. Figure 2.3 shows some of the applications of Data Science
in the medicine; data driven research can be used, among other purposes, for clinical
decision support, population health management and patients stratification, paving the
ground to personalized medicine.

Figure 2.3: Applications of Data Science in the medicine.

In particular, we are now able to accumulate a huge amount of information related to pa-
tients’ medical history, disease threats and epidemiological data and also to integrate those
information with other information coming from all over the the world. As a consequence
in order to analyse and comprehend all those information Data Science applications are
becoming especially beneficial to health care. Those types of applications are used for a
wide range of purposes, including:

• medical image analysis: even medical operations have benefited from Data Science
innovations. Employing a range of methods and frameworks, such as MapReduce,
Data Science has been used to identify malignancies, artery stenosis, and organ
demarcation. Moreover, support vector machines (SVM), content-based health care
image indexing, and wavelet analysis are among the machine learning approaches
used to classify solid textures;
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• genomics and genetics: Data Science implementations provide a better level of ther-
apy customization via genetics and genomics analysis. The goal is to identify partic-
ular molecular linkages between genetics, disorders, and pharmaceutical responses
to gain a better understanding of how DNA affects human health;

• pharmaceutical research and development: Data Science techniques and artificial
educational algorithms ease and streamline pharmaceutical RD, giving a new per-
spective at every stage, from the initial screening of medicinal substances to fore-
casting the rate of success based on biological characteristics. Besides "lab tests",
these algorithms use sophisticated mathematical modeling and simulations to fore-
cast how a drug will react inside the body. Algorithmic drug development aims
to create computational prediction models in the form of a biologically suitable
network, making it easier to predict future outcomes with high precision;

• bots for health and virtual assistants: AI-powered mobile applications, such as
chatbots, can give basic health care assistance. Simply describe your health concerns
or ask any health-related questions, and you’ll receive critical information on your
health status based on a large network of clinical symptoms and signs. Apps can
remind you to take your prescription on time and, if necessary, make a doctor’s
appointment. [13]

To sum up, health care analytics is a subset of data analytics that uses both historic
and current data to produce actionable insights, improve decision making, and optimize
outcomes within the health care industry. Health care analytics is not only used to
benefit health care organizations but also to improve the patient’s experience and health
outcomes.

Going more in depth in the characterization of Data Science, there are three main types
of methods that can be used to extrapolate knowledge from data; those are predictive,
prescriptive and descriptive analytics.

Predictive analytics is the use of historical data to identify past trends and project associ-
ated future outcomes. In the health care industry, predictive analytics has many impactful
uses, such as identifying a patient’s risk for developing a health condition, streamlining
treatment courses, and reducing a hospital’s number of 30-day readmissions (which can
result in costly fines for the hospital).
For instance, considering the case of genetic irregularities which are present in at least
10% of adults, catching some of them at the early stages can help manage them and
avoid complications later in life. However, analyzing genetic information is a complicated
process, as the human genome is a complex system. Predictive analytics can be used to
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analyze and compare the person’s genetic data with a database of possible defects and
illnesses connected to them. Furthermore, it can be used as early as the neonatal stages,
warning the parents of the condition their child might have [43].
A 2021 study conducted by a University of Michigan research team illustrates the posi-
tive impact that predictive analytics can have on patient treatment. During the study, re-
searchers devised a sensitive blood test that predicted how well patients with HPV-positive
throat cancer would respond to specific treatment courses. Overall, the researchers found
that their method could predict treatment effectiveness many months earlier than tradi-
tional scans [14].

Differently, prescriptive analytics is the use of historical data to identify an appropriate
course of action. In the health care industry, prescriptive analytics is used to both direct
business decisions and to literally prescribe treatment plans for patients. As a result,
some of the most common uses of prescriptive analytics in health care include identifying
a patient’s likelihood of developing diabetes, allocating ventilators for a hospital unit, and
enhancing diagnostic imaging tools [14].

Finally, descriptive analytics consists in the use of historical data to draw comparisons or
discover patterns for answering questions about what has already occurred. In practice,
descriptive analysis can be used to gain insight into the past.
For instance, descriptive analytics can help in determine how contagious a virus is by
examining the rate of positive tests in a specific population over time or it can be used
to diagnose a patient with a particular illness or injury based on the symptoms he/she is
experiencing [35].

To conclude, health care analytics offers benefits to health businesses, hospital administra-
tors and patients. Although it can be tempting to imagine health care analysts working in
a virtual data cloud, the reality is that their work has a tangible impact on how hospitals
operate, treatment is provided and medical research is conducted.

At a glance, some of the most common benefits of health care analytics include:

• improved patient care, such as offering more effective courses of treatment;

• predictions for a patient’s vulnerability to a particular medical condition;

• more accurate health insurance rates;

• improved scheduling for both patients and staff;

• optimized resource allocation.

Now, the computer science community is challenged in creating and developing methods
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that without any prejudices, in a relative short time and with low human effort are able
to investigate available data at our disposal.

2.1.2. Data Science to Mitigate the Covid19 Pandemic

The Covid19 is a disease caused by the infection of the SARS-CoV-2 virus, which firstly
appeared in a Chinese seafood and poultry market in December 2019 and has spread to
nearly every country, upending life and derailing the global economy. The disease has
killed more than 6 million and sickened more than 630 million people over the last three
years. The World Health Organization (WHO) on March 11 2020 declared COVID-19 a
pandemic, pointing to the over 118,000 cases of the coronavirus illness in over 110 countries
and territories around the world and the sustained risk of further global spread [41].

The pandemic has spread dramatically, from that time causing a large number of human
losses and havoc in the economic, social, societal, and health systems around the world.
Luckily in the early December 2020, nations began the race to secure vaccines and a few
Western countries began administering shots to its most vulnerable population, in an
effort to bring the virus under control.

With respect to the previous pandemics (including SARS-CoV-1), the Covid19 pan-
demic has been characterized by a huge amount of data collected about both
viral sequences and infected patients. Such amount of data has been used
to infer information useful to mitigate the effects, both socio-economic and
healthcare-related of the pandemic [30].

2.1.2.1. Data about COVID19 disease

Most people infected with the virus usually experience mild to moderate respiratory illness
and recover without requiring special treatment. However, some become seriously ill and
require medical attention. For instance, older people and those with underlying medical
conditions like cardiovascular diseases, diabetes, chronic respiratory diseases or cancer are
more likely to develop a serious illness. Anyway, anyone can get sick with COVID-19 and
become seriously ill or die at any age [51].

Many epidemiological data have been collected over the past few years; data
driven analysis of such data allowed governments around the world to enforce restrictions
to reduce the spread of the virus.

At the same time a huge amount of sequencing data about the genome of virus have been
collected. Nowadays more than 11 Million sequences are publicly available for investiga-
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tion. This vast collection of viral sequences allowed to better categorize the
virus and its evolution. In particular, many virus lineages, commonly referred to as
variants have been identified and associated with their level of contagiousness and disease
severity. During late 2020, the emergence of variants that posed an increased risk to global
public health prompted the characterisation of specific Variants of Interest (VOIs) and
Variants of Concern (VOCs), in order to prioritise global monitoring and research, and
ultimately to inform the ongoing response to the COVID-19 pandemic. Three nomencla-
ture systems for naming and tracking SARS-CoV-2 genetic lineages are currently in use:
the Global Initiative on Sharing All Influenza Data (GISAID), Nextstrain and Pango.
Each system has its own scientific approach to classify and name lineages. The existence
of different nomenclature systems can mean that the same variant has multiple names. In
order to assist with public discussions of variants, WHO has recommended using letters
of the Greek Alphabet, i.e., Alpha, Beta, Gamma, Delta, Omicron thanks to which it is
easier and more practical to discuss with non-scientific audiences [52]. The Figure 2.4
gives some details of the most known and widespread coronavirus variants.

Finally, many hospitals collected clinical data about infected patients. Clinical data is
either collected during the course patient care or as part of a formal clinical trial program.
Conventionally, clinical data are classified into four major types [26]: (a) electronic health
records, often referred to as electronic medical record (EMR) are obtained at a medical
facility include administrative and demographic information, diagnosis, treatment, pre-
scription drugs, laboratory tests, physiologic monitoring data, hospitalization, etc; (b)
patient/disease registries report information of comorbidities of the patients, chronic con-
ditions (e.g., Alzheimer’s disease, cancer, diabetes, heart disease, and asthma); (c) clinical
trials collects information about a medical clinical research (e.g., efficacy of a vaccine);
(d) health survey data, collected on voluntary basis, provide a statistical estimation of
the population health.

Among all those types of clinical data, the ones which are more interesting from a medical
research point of view are the electronic health records and the disease registries. From
those two sources of information we can extract demographic information, diagnosis, treat-
ment, prescription drugs, laboratory tests, physiologic monitoring data, hospitalization,
chronic disease conditions and so on. Starting from those data and applying some data
analytics methods it is possible to extract significant insights which can may help medical
science to tackle many diseases and conditions that affect human health.
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Figure 2.4: Most known and widespread coronavirus variants.
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3| Research activity at ‘Luigi

Sacco’ Hospital

In this chapter I explain how I have collected, modified and integrated all information
coming from the Department of Infectious Diseases and Intensive Care Unit of Luigi Sacco
hospital in Milan. Moreover I also present the most significant result obtained during the
analysis of the newly generated clinical/epidemiological medical dataset.

3.1. Data sources

The construction of the dataset used for my thesis study was the result of a collaboration
between:

• the ‘Dipartimento di Malattie Infettive, Azienda-Socio-Sanitaria-Territoriale FateBene-
Fratelli Luigi Sacco’ of Milan;

• the ‘Laboratory of Clinical Microbiology, Virology and Bioemergencies, Azienda-
Socio-Sanitaria-Territoriale FateBeneFratelli Luigi Sacco, Milan’;

• the ‘Dipartimento di Scienze Biomediche e Cliniche Luigi Sacco, Università degli
Studi di Milano’.

I built the medical dataset by integrating information coming from the three different
departments in Sacco Hospital; all the clinical and epidemiological information were col-
lected during Covid-19 pandemic.

3.2. Data wrangling

The first step of any Data Science approach is the so called ‘data wrangling’ process.

Data wrangling, sometimes referred to as data munging, is the process of transforming and
mapping data from one "raw" data form into another format with the intent of making
it more appropriate and valuable for a variety of downstream purposes such as analytics.
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The goal of data wrangling is to assure quality and useful data [69].

The reason why data wrangling step is extremely important can be summarize with the
sentence:

’Garbage in, garbage out’ [1]

GIGO (garbage in, garbage out) is a concept common to Computer Science and mathe-
matics: the quality of the output is determined by the quality of the input.

In my work I have followed all the steps typically present in the data wrangling approach,
displayed in the Figure 3.1: data collection, data cleansing and data integration.

Figure 3.1: Main steps of a data wrangling process.

In the following sections I discuss those three steps considering both their definition and
how I have applied the theory on the medical dataset.

3.2.1. Data collection

Data collection is the process of gathering information on targeted variables in an estab-
lished system, which then enables one to answer relevant questions and evaluate outcomes.
The goal for any data collection process is to capture quality evidence that allows analysis
to lead to the formulation of convincing and credible answers to the questions that have
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been posed (which are the factors that mostly increase the chance of a bad response to
coronavirus infection?) [54].

As previously said, these datasets were collected from three different departments of
the ASST-FBF-Sacco Hospital in Milan. All the datasets considered adult (age>= 18)
COVID-19 patients admitted to the hospital’s Department of Infectious Diseases and ICU
between 1st March 2020 (the day in which the SARS-CoV-2 viremia test was implemented
at the hospital center) and 31st January 2022, who were observed until the time of death
or discharge.
The vital status of the patients who were transferred to other facilities was ascertained
by means of telephone calls and, when appropriate, during an on-site examination by a
member of a dedicated post-COVID-19 outpatient service.
The diagnosis of COVID-19 was confirmed by a positive real-time reverse-transcription
polymerase chain reaction on a nasopharyngeal swab.

I need to point out as the entire data wrangling process from data collection to data inte-
gration was performed directly on site, from ’Luigi Sacco’ hospital, as the data contained
highly sensitive personal information. Only after the pseudo-anonymization I was able to
export the medical data and work on that also remotely.

1. Clinical information

Considering at first the clinical information, in the hospital’s Department of Infectious
Diseases and ICU, day by day, patient related information such as sensitive data (name,
age and etc.), diseases and biological tests are registered in some applications that then
rely on a database to permanently store them.

The retrieval of this first data source was quite difficult due to the presence of missing
information in the database and to an hacker attack which involved the Sacco hospital in
the May of 2022.
Missing information would have implied reducing the data available for the analysis. In
reality most of the data were simply missing in the database but present in some other
datasets (different from the one designed for store them) in the hospital information
system.

Most important, there were about 100 patients without any information related to the
death or the discharge; luckily, directly acceding the hospital application and searching
in each patient diary I was able to input the missing fields.

Moreover, other two tasks were necessary for being able to retrieve all medical informa-
tion: the categorization of radiology test notes and the categorization of oxygen-therapy
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information present in the patient diary.
Thanks to my work, two new columns were and added to the dataset, respectively ’X
ray signs of lung changes at Hospital admission’ and ’O2 therapy at hospital admission’
which were used to define the state of patients during the convalescence in ’Luigi Sacco’
hospital.

During the x-ray and tac analysis doctors usually take notes considering the information
provided by the images and the clinical history of the patient. Due to the lack of time of
the specialists, especially during the SARS-COV-2 emergency, those details were rarely
copied in the required application section and just leaved as written notes in the x-ray/tac
medical report.
I had to use those written notes to understand if patients were affected by lung changes at
hospital admission. In practice, the written notes were translated in a binary column (0/1)
(’X ray signs of lung changes at Hospital admission’ ) to fit the structure of a relational
database.

Another categorization was required for oxygen-therapy information.
Oxygen therapy, also known as supplemental oxygen, is the use of oxygen as medical
treatment which helps people with lung diseases or breathing problems get the oxygen
their bodies need to function [56].
My job consisted in understanding from the patient diary the type of oxygen therapy
applied at hospital admission.

Instead of writing directly in the new column ’O2 therapy at hospital admission’ the
names of the different type of oxygen therapies, it was preferred storing a numerical code
for referring to them.
Below the legend employed:

• 0: No O2 therapy

• 1: Nasal cannula

• 2: Venturi

• 3: Reservoir

• 4: C-PAP / NIMV

• 5: IOT

All the above terms are related to devices used to deliver supplemental oxygen or increased
airflow to a patient or person in need of respiratory help.
Note that 0 denotes when no therapy is applied while 5 denotes the heavier therapy;
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meaning that as the number increases in value also the oxygen therapy become more
supporting the breathing function.

2. Epidemiological information: SARS-CoV-2 variant test result

The epidemiological information related to SARS-CoV-2 variant test results were obtained
thanks to the collaboration of ’Polytechnic of Milan’ with the ’Laboratory of Clinical
Microbiology, Virology and Bioemergencies, ASST-FBF-Sacco, Milan’.

The data contained the diagnosis of COVID-19 by a positive real-time reverse-transcription
polymerase chain reaction on a nasopharyngeal swab.
Real-time reverse transcription-polymerase chain reaction (qRT-PCR) is the current “gold
standard” method to diagnose COVID-19. It requires the collection of a nasopharyngeal
(NP) sample from the suspected COVID-19 patient by trained healthcare workers. The
real-time RT-PCR molecular methods use the amplification of the viral genes that are
most expressed during infection. This analysis can be done exclusively in highly spe-
cialised laboratories, identified by health authorities. It averagely requires 2 to 6 hours
from the time when the sample is sent to be processed in the lab [29].

The Clinical Microbiology, Virology and Bioemergencies laboratory was appointed to
analyse the NP (nasopharyngeal) samples coming from suspected COVID-19 people liv-
ing in the province of Milan, for this reasons the dataset contained information of both
hospitalized and not hospitalized people.

3. Epidemiological information: SARS-CoV-2 viremia test result

The epidemiological information related to SARS-CoV-2 viremia test results were ob-
tained thanks to the collaboration of ’Polytechnic of Milan’ with the ’Laboratory of Clin-
ical Microbiology, Virology and Bioemergencies, ASST-FBF-Sacco, Milan’.

The data contained the SARS-CoV-2 viremia test results of suspected COVID-19 people.
Viremia is a medical term for viruses present in the bloodstream. Primary viremia refers
to the initial spread of virus in the blood from the first site of infection. Secondary
viremia occurs when primary viremia has resulted in infection of additional tissues via
bloodstream, in which the virus has replicated and once more entered the circulation.
This test is performed, at physician discretion, to have a deeper insight on the disease
progress of hospitalized patients.

This dataset contained less information with respect the previous datasets as the viremia
test is usually performed only on seriously ill patients.
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3.2.2. Data cleansing

Data cleansing, also referred to as data cleaning or data scrubbing, is the process of fix-
ing incorrect, incomplete, duplicate or otherwise erroneous data in a dataset. It involves
identifying data errors and then changing, updating or removing data to correct them.
Moreover, data cleansing improves data quality and it helps provide more accurate, con-
sistent and reliable information for decision-making in an organization.

Data cleansing is a key part of the overall data management process and one of the core
components of data preparation work that readies datasets for use in business intelligence
and Data Science applications [39].

In the specific case of my thesis project data cleansing was essential to:

• improve the quality and correct errors present in the instances of the datasets

• add or modify some columns in order to facilitate the data integration step.

The main benefits that the usage of data cleansing can bring are listed in the Figure 3.2.

Figure 3.2: Main benefits of the data cleaning process.

1. Clinical information

The clinical dataset was well structured, thanks to a good data collection approach, so
the intervention at this step was minimal.

The dataset contained a column called ’Name’ in which both firstname and lastname of
a person was listed. As a comma was present between the firstname and lastname, it was
easy to create two new columns for firstname and surname respectively using an Excel
function.
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Also the column ’Age’ required intervention as the age written was not the current age
but the age at the hospitalization admission. I changed the name of the column to ’Age at
Hospital admission’ and I introduced a new column called ’Current Age’ which stored the
current age of people computed using the column ’Date of birth’ present in the dataset.
For calculating the actual age an Excel function was used ( =today()-value , as value I
mean the value of the cell containing the date of birth of the patient).

It is important to notice as introducing this new column was redundant: the age could
have been derived from the date of birth, however the column was introduced with the
intent of simplifying the data match step.

Finally, I introduced a new column Period which divided patients into four groups on the
basis of the time of their hospital admission.
The four consecutive periods through which patients where divided were created by con-
sidering the surges in COVID-19 cases and hospitalizations in Italy. In particular, the
four time interval were the following ones:

• First wave: from 01-01-2020 to 01-06-2020

• Second wave: from 02-06-2020 to 31-01-2021

• Third wave: from 01-02-2021 to 31-06-2021

• Fourth wave: from 01-07-2021 till now.

2. Epidemiological information: SARS-CoV-2 variant test

The dataset containing SARS-CoV-2 variant test results had already two different columns
for firstname and surname of patients and so no modifications were required for those type
of information.
As previously, I introduced a new column called ’Current age’ to facilitate the integration
process.

Moreover, the data presented a column ’lineage’ which defined the lineage of SARS-CoV-
2 obtained during the molecular test.
Viruses like SARS-CoV-2 continuously evolve as changes in the genetic code (caused by
genetic mutations or viral recombination) occur during replication of the genome. A
lineage is a genetically closely related group of virus sequences derived from a common
ancestor. Usually, organizations such as GISAID, Nextstrain and Pango cluster together
sequences with similar initiations. A variant has one or more mutations that differentiate
it from other variants of the SARS-CoV-2 viruses [34]. The most diffused SARS-CoV-2
variants were named by the WHO (World Health Organization) using the Greek alphabet,
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starting with the Alpha variant, which emerged in 2020. Each patient was assigned
with a ’Variant type’ considering the name provided by the WHO organization. This
’codification/translation’ process required the supervision and directives of bio-medical
personnel.

The different ’Variant type’ names introduced in the dataset were the following ones:

• ’first wave’ associated to the first lineage (B.1) circulating to which the WHO has
given no general name;

• ’second wave’ covered the lineage B.1.177 (called Spanish variant) to which the
WHO has given no general name;

• ’alpha’ that represented the lineage B.1.1.7;

• ’beta-gamma’ associated to both lineage P.1 and B.1.351 (these two variants were
put together as in most of the cases the test realized in the laboratory was not able
to distinguish between them);

• ’delta-delta+’ (delta and delta like) that covered the lineage B.1.617.2 also known
as AY.1 and all lineages deriving from that;

• ’omicron’ that considered the lineage B.1.1.529 also known as BA.1 (omicron 1).
We decided to not specifying omicron 1 as this category covered also few instances
having BA.2 (omicron 2) as lineage;

• ’others’ associated to all the lineages which did not fit in the previous clusters.

3. Epidemiological information: SARS-CoV-2 viremia test

As in the previous dataset, a new ’Current age’ column was introduced (starting from
the information related to the patient’s date of birth) to facilitate the integration process.

Viremia is a medical term for viruses present in the bloodstream; viremia test is performed,
at physician discretion, to have a deeper insight on the disease progress of hospitalized
patients. The viremia dataset contained three columns: ’Ct I’,’Ct II’ and ’Result viremia’,
which were respectively the Cycle amplification threshold performed on two different genes
and the consequent result of the SARS-CoV-2 viremia test.

For detecting viremia, Ct analysis is performed. The Ct value is defined as the number of
cycles of amplification (using rRT-PCR) required for the fluorescence of a PCR product
(i.e. the target/amplicon) to be detected crossing a threshold, which is above the back-
ground signal (a low level signal that is present in the assay regardless of whether target
is present). The cut-off (highest Ct value) for positivity is usually placed at a Ct value
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similar to that generated by the lowest copies of target that can be reliably detected in the
assay (e.g. Ct ≤ 38). This Ct cut-off value is determined by manufacturers of commercial
assays, or by laboratories during the validation of laboratory developed tests. A negative
cut-off is assigned to the Ct value at which target is no longer expected to be detected
(e.g. Ct ≤ 40) [19]. At the end of the Ct analysis a numerical value is extracted which
represents the viral load of the patients.

Sometimes having just an high level information about the viremia load test is appropriate.
For this reason, while ’Ct I’,’Ct II’ columns contained the continuous numerical values
(the output of the tests), I added to the dataset a new column ’Result viremia’ containing
only ’positive’ and ’negative’, which simplified and grouped together the information
obtained during the two Ct tests.

3.2.3. Data integration

Data integration involves combining data residing in different sources and providing users
a unified view of them [57]. Data Integration is a strategic practice of integrating data to
transform it into meaningful and valuable information.

The main need of this matching phase, in my thesis project, was to merge together
instances referring to the same patient but present in different datasets. For this objective
firstname, lastname and age, obtained and cleared in previous step, were essential.
In my project the clinical dataset was the fundamental one which contained all information
related to single patients such as personal data but also biological tests and treatments
during hospitalization. Considering that, I matched both variant/lineage and viremia test
information with the data present in the clinical datasets.

As firstname, lastname and age would have been used to perform a match among different
datasets, it was required to access and test the uniqueness of the triples in the three
datasets. The result was that there were patients with multiple variant and viremia tests.
The decision, after a consultation with the physicians, was to select, for each patient, the
variant and viremia tests outcome nearer to the date of hospital admission.

Moreover, after an accurate revision of the three matching columns I found out that the
lastnames were usually written correctly while firstnames presented errors in typing: some
first names were truncated, middle names were sometimes present in one dataset but not
in another, some middle names were directly attached to the firstnames with no space or
comma and other inconsistency.
Starting from these considerations I decided to perform the matching phase in two sub-
sequent steps:
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• firstly match lastname and age,

• then for each instance obtained in the previous step, control that the firstnames
present in the different databases were similar.

The first step was performed using an Excel function. After that, for each instance the
similarity between the two firstnames were considered and I found out that only few of the
matches performed in the first step were incorrect. To validate the result obtained using
Excel function, I created a Python script which performed the same process described
before but using Python libraries. Luckily, the outcome was the same.

Data cleansing after data integration

After the data integration step, the Excel sheet obtained contained all the columns present
in each of the three datasets.

Some data cleansing was required.
First of all, I deleted the duplicate columns related to personal information, such as
firstname, lastname, age, date of birth and sex (some of which were used just for the
matching phase).

Considering the fact that not all clinical patients had a Covid-19 variant/lineage or a
viremia test available, two new columns where introduced:

• Variant present

• Viremia present

which stored 0 in case of absence and 1 in case of presence of respectively Covid-19
lineage/variant, viremia test for each patient present in the dataset.

Moreover, I elided some columns containing too low level information, such as ’lineage’,
which would have just increased the size of the dataset without bringing any benefit.

To uniquely identify each instance/patient in this new dataset, a new alphanumerical
incremental column called ’ID analysis’ was introduced.

Finally, I deleted the sensitive information related to each patient such as firstname,
lastname, current age and CF in order to anonymise data and not share sensitive contents
to not authorized people.

At last, I reordered and renamed some columns such that all of them were grouped by
information area, in a similar format and without ambiguous names.
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3.2.4. Data description

In this section I describe accurately the content of the dataset obtained after all the
previous steps.

Here some information related to the size of the dataset:

• 2822 total instances/patients

• 615 instances having Covid-19 variant/lineage test result information

• 445 instances having Covid-19 viremia test result information

• 218 instances having both Covid-19 variant/lineage and viremia test result informa-
tion

For giving a clear understanding of the content of the available data I provide a list of all
the columns with a short definition.

The dataset is divided in three main sections:

• personal information

• clinical information

• SARS-CoV-2 test result information

Personal information: (a screenshot of this section is shown in the Figure 3.3)

• Id analysis : incremental alphanumerical id which uniquely identify each patient in
the entire new dataset

• Sex : sex of the patient

• Age at admission: age of the patient at hospital admission

• Place of residence: place of residence of the patient

Figure 3.3: Screenshot of the personal information section of the medical dataset.
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Clinical information: (a screenshot of this section is shown in the Figures 3.4, 3.5
and 3.6)

• ID Group: reference hospital from which the patient came from

• Date of Hospital admission: date of hospital admission of the patient

• Period : period in which the patient was hospitalized (1,2,3,4 respectively for first,
second, third, fourth wave)

• CCI : age-adjusted Charlson Commorbidity Index ( predict risk of death within 1
year of hospitalization for patients with specific comorbidity conditions)

• Obesity : 1 if the patient was affected by obesity, 0 otherwise

• Diabetes : 1 if the patient was affected by diabetes, 0 otherwise

• Lung diseases : 1 if the patient was affected by lung diseases, 0 otherwise

• Heart diseases : 1 if the patient was affected by heart diseases, 0 otherwise

• Metabolic disorders : 1 if the patient was affected by metabolic disorders, 0 otherwise

• Renal diseases : 1 if he patient was affected by renal diseases, 0 otherwise

• Oncological diseases : 1 if the patient was affected by oncological diseases, 0 otherwise

• Diseases immune system: 1 if the patient was affected by diseases of the immune
system, 0 otherwise

• Liver diseases : 1 if the patient was affected by liver diseases, 0 otherwise

• Number of comorbidities : number of diseases the patient was affected by

• X ray signs of lung changes at Hospital admission: 1 if there was presence of lung
changes in the X ray of the patient at admission time, 0 otherwise

• O2 therapy at Hospital admission: type of O2 therapy at admission time (0,1,2,3,4,5
respectively for No O2 therapy, nasal cannula, venturi, reservoir, C-PAP/NIMV,
IOT)

• Disease severity at Hospital admission: disease severity at admission time (from low
to high: mild, moderate, severe, critical)

• Days from symptoms onset to Hospital admission: days between onset symptoms
and hospital admission

• Death: 1 if the patient died during hospitalization, 0 otherwise
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• Doses of SARS CoV 2 Vaccine: number of doses administered to the patient at the
time of hospitalization

Figure 3.4: Screenshot of the clinical information section of the medical dataset (segment
1).

Figure 3.5: Screenshot of the clinical information section of the medical dataset (segment
2).

Figure 3.6: Screenshot of the clinical information section of the medical dataset (segment
3).

SARS-CoV-2 test result information: (a screenshot of this section is shown in the
Figure 3.7)

• Variant present : 1 if there are Covid-19 variant/lineage test information related to
the patient, 0 otherwise
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• Viremia present : 1 if there are Covid-19 viremia test information related to the
patient, 0 otherwise

• Variant type: variant type (first wave, second wave, alpha, beta+gamma, delta-
delta+, omicron, others) of the sample analysed

• Result viremia: result of the viremia test (P/N)

Figure 3.7: Screenshot of the SARS-CoV-2 test result information section of the medical
dataset.

3.3. Data statistic and visualization

In this section I discuss the characteristics and statistics of the previously mentioned
dataset.

Data visualization is the graphical representation of information and data. By using visual
elements like charts, graphs, and maps, data visualization provides an accessible way to
see and understand trends, outliers and patterns in data. Additionally, it provides an
excellent way to present data to non-technical audiences without confusion and aligning
people to the same page.
In practice data visualization tools and technologies are a good first step to start analyzing
information and make data-driven decisions [40].

The recorded information, present in the dataset, lasts from the February of 2020 to
February of 2022.
During this study period 2,822 COVID-19 patients, 62.5% of which are male, were enrolled
in the Luigi Sacco COVID-19 hospital registry; out of these, 520 (18.4%) died.

Having in mind the previous percentage we can go deep in the analysis by displaying the
number of hospitalizations per each single week of the period February 2020 - February
2022.
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Taking into consideration the evolution of the SARS-CoV-2 pandemic it is possible to
divide its duration into four different periods/waves :

• First wave: from 01-01-2020 to 01-06-2020 (Wuhan variant)

• Second wave: from 02-06-2020 to 31-01-2021 (Alpha variant)

• Third wave: from 01-02-2021 to 31-06-2021 (Delta variant)

• Fourth wave: from 01-07-2021 till now. (Omicron variant)

The red dashed vertical lines, present in the bar charts below, mark the end/the start of
the four intervals of time.

As we can clearly see from the Figure 3.8 each period shows the same pattern: a bell-
shaped distribution with bars increasing toward maximum value almost in the middle of
the period and then decreasing.

Figure 3.8: Bar chart of the number of hospital admissions over time.

Moreover, using a similar graph to the one above, we could understand how many of the
patients died or were discharged during each period.
The graph in Figure 3.9 shows that the discharged people (blue part of the bars) are many
more than the dead ones, and the days with the highest mortality are also the days which
correspond to the highest number of hospital admissions.
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Figure 3.9: Bar chart of the number of death and discharged patients over time.

Furthermore, the number of mild/moderate patients is almost the same of severe/critical
ones; in particular 52.1% vs 47.9%, as shown in the Figure 3.10.

Figure 3.10: Pie chart of the percentage of patients grouped by disease severity at hospital
admission.

Moreover, we can analyse the proportion of people hospitalized during the different waves,
the result of this analysis is presented in the Figure 3.11.
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Figure 3.11: Pie chart of the percentage of people hospitalized divided by period of hospital
admission.

Continuing with the analysis we can try to depict how the positive and negative test
results distribute in the periods analysed.
For most of the patients no viremia test was performed. Focusing the attention only on
the ones for which a viremia test is available we can clearly say that the highest positivity
rate almost coincides with the highest hospital admission rate, as it can be seen in the
Figure 3.12.

Figure 3.12: Bar chart of the number of patients tested positive or negative to viremia and
the ones for which no viremia test was performed.

Finally, we can analyse which are the categories of patients that recorded the highest
hospitalization admission over time.
Differently, from the previous situations it seems that there isn’t a clear correspondence
between the increase of hospital admissions and the increase of patients considered severe
or critical during the first hours of hospitalization, as shown in the Figure 3.13.
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Figure 3.13: Bar chart of the number of mild/moderate and severe/critical patients hos-
pitalized over time.

3.3.1. Descriptive statistics

To have a clear picture of the data at our disposal I have also created a descriptive statistic.
In particular, the descriptive statistic was used to access the proportions for categorical
variables and median values and interquartile range (IQR) values for continuous variables
of the patients enrolled in the analysis.

The baseline demographic and clinico-epidemiological characteristics of the patients ac-
cording to the COVID-19 outcome (death vs discharged alive) were compared using the χ2

or, when necessary, Fisher’s exact test in the case of categorical variables, and Wilcoxon’s
rank-sum test in the case of continuous variables as shown in the Table 3.1.

• Fisher’s exact test is a statistical test used to determine if there are nonrandom
associations (contingency) between two categorical variables [50].

• A chi-squared test (also chi-square or 2 test) is a statistical hypothesis test used to
determine whether there is a statistically significant difference between the expected
frequencies and the observed frequencies in one or more categories of a contingency
table [67].

• The Wilcoxon test is a nonparametric statistical test that compares two paired
groups. The test essentially calculates the difference between sets of pairs and
analyze these differences to establish if they are statistically significantly different
from one another. In short, this statistic test is used to test the hypothesis that two
populations have the same continuous distribution [53].
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Characteristics Overall Alive Death
2822 (100%) 2302 (81.6%) 520 (18.4%)

Male biological sex, n (%) 1763 (62.5%) 1424 (61.9%) 339 (65.2%)
Age, years
median (IQR) 66 (54-78) 63 (52-75) 77 (69-85)
<45 years, n (%) 285 (10.1%) 273 (11.9%) 12 (2.3%)
[45-60] years, n (%) 680 (24%) 653 (28.4%) 27 (5.1%)
[60-75] years, n (%) 899 (31.8%) 736 (32%) 163 (30.9%)
>75 years, n (%) 965 (34.1%) 640 (27.8%) 325 (61.7%)

Date of hospital admission,
years-month, n (%)
2020-02, n (%) 59 (2.1%) 41 (1.8%) 18 (3.5%)
2020-03, n (%) 332 (11.8%) 256 (11.1%) 76 (14.6%)
2020-04, n (%) 116 (4.1%) 96 (4.2%) 20 (3.8%)
2020-05, n (%) 13 (0.5%) 12 (0.5%) 1 (0.2%)
2020-06, n (%) 13 (0.5%) 12 (0.5%) 1 (0.2%)
2020-07, n (%) 20 (0.7%) 18 (0.8%) 2 (0.4%)
2020-08, n (%) 55 (1.9%) 50 (2.2%) 5 (1.0%)
2020-09, n (%) 75 (2.7%) 68 (3.0%) 7 (1.3%)
2020-10, n (%) 243 (8.6%) 175 (7.6%) 68 (13.1%)
2020-11, n (%) 254 (9.0%) 174 (7.6%) 80 (15.4%)
2020-12, n (%) 111 (3.9%) 90 (3.9%) 21 (4.0%)
2021-01, n (%) 99 (3.5%) 81 (3.5%) 18 (3.5%)
2021-02, n (%) 167 (5.9%) 140 (6.1%) 27 (5.2%)
2021-03, n (%) 285 (10.1%) 237 (10.3%) 48 (9.2%)
2021-04, n (%) 179 (6.3%) 154 (6.7%) 25 (4.8%)
2021-05, n (%) 50 (1.8%) 44 (1.9%) 6 (1.2%)
2021-06, n (%) 61 (2.2%) 57 (2.5%) 4 (0.8%)
2021-07, n (%) 43 (1.5%) 41 (1.8%) 2 (0.4%)
2021-08, n (%) 93 (3.3%) 86 (3.7%) 7 (1.3%)
2021-09, n (%) 90 (3.2%) 79 (3.4%) 11 (2.1%)
2021-10, n (%) 66 (2.3%) 60 (2.6%) 6 (1.2%)
2021-11, n (%) 86 (3.0%) 72 (3.1%) 14 (2.7%)
2021-12, n (%) 144 (5.1%) 122 (5.3%) 22 (4.2%)
2022-01, n (%) 168 (6.0%) 137 (6.0%) 31 (0.6%)
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Characteristics Overall Alive Death
2822 (100%) 2302 (81.6%) 520 (18.4%)

SARS-CoV-2 pandemic wave, n (%)
1, n (%) 520 (18.4%) 405 (17.6%) 115 (22.1%)
2, n (%) 870 (30.8%) 668 (29.0%) 202 (38.8%)
3, n (%) 742 (26.3%) 632 (27.5%) 110 (21.2%)
4, n (%) 690 (24.5%) 597 (25.9%) 93 (17.9%)

O2 therapy
at hospital admission, n (%)
0, n (%) 746 (26.4%) 691 (30.0%) 55 (10.6%)
1, n (%) 704 (24.9%) 602 (26.2%) 102 (19.6%)
2, n (%) 629 (22.3%) 536 (23.3%) 93 (17.9%)
3, n (%) 198 (7.0%) 119 (5.2%) 79 (15.2%)
4, n (%) 456 (16.2%) 305 (13.2%) 151 (29.0%)
5, n (%) 89 (3.2%) 49 (2.1%) 40 (7.7%)

Positive X ray signs of lung changes 2522 (89.4%) 2021 (87.8%) 501 (96.3%)
at hospital admission, n (%)

Disease severity
at hospital admission, n (%)
Mild, n (%) 300 (10.6%) 281 (12.2%) 19 (3.7%)
Moderate, n (%) 1170 (41.5%) 1031 (44.8%) 139 (26.7%)
Severe, n (%) 807 (28.6%) 636 (27.6%) 171 (32.9%)
Critical, n (%) 545 (19.3%) 354 (15.4%) 191 (36.7%)

Days from symptoms onset 7 (4-10) 7 (0-11) 6 (3-9)
to hospital admission, median (IQR)

CCI, median (IQR) 3 (1-5) 2 (1-4) 4 (3-6)
Obesity, n (%) 693 (24.6%) 549 (23.8%) 144 (27.7%)
Diabetes, n (%) 399 (14.1%) 305 (13.2%) 94 (18.1%)
Lung diseases, n (%) 433 (15.3%) 323 (14.0%) 110 (21.2%)
Heart diseases, n (%) 1538 (54.5%) 1153 (50.1%) 385 (74.0%)
Metabolic disorders, n (%) 929 (32.9%) 731 (31.8%) 198 (38.1%)
Renal diseases, n (%) 256 (9.1%) 178 (7.7%) 78 (15.0%)
Oncological diseases, n (%) 349 (12.4%) 265 (11.5%) 84 (16.2%)
Diseases immune system, n (%) 200 (7.1%) 161 (7.0%) 39 (7.5%)
Liver diseases, n (%) 97 (3.4%) 83 (3.6%) 14 (2.7%)
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Characteristics Overall Alive Death
2822 (100%) 2302 (81.6%) 520 (18.4%)

Number of comorbidities 1 (0-2) 1 (0-2) 2 (1-2)
median (IQR)

Doses of COVID-19 Vaccine, n (%)
0, n (%) 2410 (85.9%) 1957 (85.6%) 453 (87.1%)
1, n (%) 119 (4.2%) 102 (4.5%) 17 (3.3%)
2, n (%) 231 (8.2%) 189 (8.3%) 42 (8.1%)
3, n (%) 46 (1.6%) 38 (1.7%) 8 (1.5%)

Variant class of SARS-CoV-2, n (%)
first-wave, n (%) 519 (46.9%) 404 (44.9%) 115 (55.8%)
second-wave, n (%) 60 (5.4%) 48 (5.3%) 12 (5.8%)
alpha, n (%) 265 (24.0%) 220 (24.4%) 45 (21.8%)
beta+gamma, n (%) 10 (0.9%) 9 (1.0%) 1 (0.5%)
delta-delta+, n (%) 184 (16.6%) 162 (18.0%) 22 (10.7%)
omicron, n (%) 58 (5.2%) 47 (5.2%) 11 (5.3%)
others, n (%) 10 (0.9%) 10 (1.1%) 0 (0%)

Positive SARS-CoV-2 viremia 134 (30.1%) 81 (22.7%) 53 (60.2%)
at hospital admission, n (%)

Table 3.1: Characteristics of the study population according to being alive or
death after hospitalization for COVID-19.

3.4. Data analysis and findings

After having obtained the dataset using all the steps described in the previous sections
I have performed some data analysis on those data in order to extract the relevant in-
formation from that. The main research question concerned the understanding of the
factors/variables which negatively influenced the survival of the 2,822 patients coming
from the Department of Infectious Diseases and the Intensive Care Unit (ICU) of Luigi
Sacco Hospital affected by Covid-19. Thus, the data analysis consisted in detecting the
relationships among a target variable (death) and other feature variables present in the
epidemiological-clinical dataset.

The relationships are usually expressed as odds ratios, i.e., a measure of strength of as-
sociation between two events A and B; the odds ratio is defined as the ratio of the odds
of A in the presence of B and the odds of A in the absence of B. In our scenario, A and



34 3| Research activity at ‘Luigi Sacco’ Hospital

B are two values of the target variable and a feature variable, respectively. For exam-
ple, suppose that the 80 percent of patients are exposed to a given risk factor develop a
certain disease, while only the 40 percent of patients are not exposed to the risk factor
develop the disease, than the odds ratio associating the exposure to the risk factor and
the development of the disease is 6 = (80 ∗ 60)/(20 ∗ 40). The calculation of the odds
ratio become more complicated when the feature variable and the target variable have
many values, in presence of continuous values and in presence of many feature variables
contributing to the outcome (value of the target variable). In case of complex analysis
logistic regression (univariable in case of just one feature variable or multivariable in case
of multiple feature variables) is used.

In this study, univariable logistic regression models were used to investigate the rela-
tionship between the SARS-CoV-2 viremia and the outcome of interest (death). The
associations among each feature variable and the target variables (death) were estimated
using odds ratios (ORs) with their 95% confidence intervals (CIs). Moreover, multivari-
able Logistic regression models were used to adjust the ORs for potential confounders
including age, biological sex, and disease severity upon admission, and those results were
expressed as adjusted odds ratios (AORs) with their 95% CIs.

Thanks to the previous analysis, we found that SARS-CoV-2 viremia was associated with
a higher odds of death, consistently with the available literature mainly produced on data
collected during the early days of the pandemic and on subjects with a more severe course
of the disease [18]. These findings are in line with SARS-CoV and Middle East respiratory
syndrome (MERS), in which the detection of the virus in plasma correlated with adverse
clinical outcome [36, 70]. As the estimates of association are consistent also in recent
epidemic periods and also considering not critical Covid-19 patients, it suggests that
SARS-CoV-2 viremia could still be an important prognostic biomarker to be performed
at hospital admission.

Finally, we can say that in our study we found that a positive SARS-CoV-2 viremia at
hospital admission is associated with increased odds of death in subjects hospitalized
for COVID-19. As a consequence, this study adds evidence to the notion that SARS-
CoV-2 viremia could be used as an additional tool to assess the prognosis of COVID-
19 hospitalized patients with SARS-CoV-2 infection other than wild-type virus and alfa
variants. Whether SARS-CoV-2 viremia could drive to a different COVID-19 management
in terms of treatment indication, i.e. with an antiviral agent, in the current epidemic
situation is yet to be determined.

The main strength of this study relies on the large hospital-based cohort, which allowed
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us to assess the characteristics of subjects with and without viremia request enrolled
in the registry during the same epidemic wave. This allowed us to check for potential
selection and indication bias (such as age, sex, disease severity...) among COVID-19
patients addressed to be tested for SARS-CoV-2 viremia by their physicians. All these
results and consideration are presented in a research article ’SARS-CoV-2 viremia and
COVID-19 mortality: an observational study’ submitted for a journal publication and
currently under revision [3].

To conclude, the main contribution of this study to medical knowledge is the confirmation
and extension of what was previously partially known in the literature, i.e., the role
of viremia in negatively affecting the survival of hospitalized Covid-19 patients. The
extension regards both the number of patients considered and the length of the observation
period, which includes also data of the third and fourth pandemic waves, characterized by
an improved COVID-19 management, the circulation of different SARS-CoV-2 variants,
and the implementation of COVID-19 vaccination.

3.5. Related works

Several studies have tried to describe the clinical and epidemiological characteristics of
patients with SARS-CoV-2 infection. The clinical spectrum of COVID-19 ranges from
a self-limited upper respiratory tract illness to severe pneumonia with acute respiratory
distress syndrome, among other severe manifestations (e.g., acute kidney injury and multi-
organ failure).

Different research studies were performed considering clinical and epidemiological data
coming from regions all around the world. In particular, most of the papers focused on
determining which were/are the key characteristics determining an high severity hospital-
ization state in patients affected by SARS-CoV-2. Age, obesity and severity of respiratory
failure were discovered to be key determinants of the disease severity and the survival of
patients, as described by the prospective observational cohort study performed by Ross
J. Thompson [42].

Moreover, the clinical characteristics of patients with severe and critical COVID-19 were
further analysed in multiple research centers. The work done by the doctor Zhaohui
Chen in Wuhang has showed a large difference between patients with severe and critical
COVID-19. In his work he demonstrated as LDH (one of a group of enzymes found in the
blood and other body tissues and involved in energy production in cells) could act as an
independent predictor of early death in critical cases, and how anticoagulation therapy
was correlated with an improved prognosis of patients with critical COVID-19 [12].
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Coming closer to our study, SARS-CoV-2 viremia was found to be a potential marker
of disease severity and a prognostic factor in patients hospitalized for COVID-19. Both
the works performed by the physicians Shufa Zheng [71] and Karl Hagman [25] agreed
in concluding as SARS-CoV-2 RNA in serum at hospital admission indicates a high risk
of progression to critical disease and death. This finding was not unexpected considering
that it has been demonstrated in the previous SARS epidemic that a high serum viral
load and detection of virus at multiple sites were predictive of adverse clinical outcomes,
as stated in the paper ’Severe acute respiratory syndrome’ by J. S. M. Peiris [37]. In
particular, it has been speculated that an uncontrolled viremia could be the possible
cause of severe disease or even the driver of the inflammation that characterizes severe
COVID-19 as demonstrated in multiple papers [7, 32].
However, most of the studies were carried out during the first and second epidemic waves of
COVID-19 characterized by a suboptimal management of patients in terms of respiratory
support, overloaded health care facilities, the lack of specific treatments and the absence
of an effective vaccine, as the researches by Xiaohua Chen [11] and David Veyer [47].
In addition, the majority of the studies mainly focused on critically ill hospitalized subjects
already with an advanced disease with an unfavourable prognosis [18, 24, 32].

Differently, our research was concerned with the association between SARS-CoV-2 viremia
and mortality in COVID-19 hospitalized patients also during different epidemic periods
(third and fourth waves), that were not considered in the past. Therefore, our study
extends the available results both for what concerns the number of patients and the
length of the observation period.
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The results obtained during the analysis of the clinical/epidemiological data were really
important and relevant to increase our knowledge on COVID-19. As a consequence,
we considered if the method used in our study could be generalized and exploited for
finding additional results. Finally, we decided to develop a data-driven unbiased method
designed to automate the detection of relationships among a target variable and other
feature variables in tabular data.

The proposed method is domain independent and can be applied to any tabular dataset
having at least one categorical variable. Furthermore, it not only computes the odds ratio
but also performs the typical steps of a Data Science lifecycle: preparation, cleansing,
modelling [48]. Finally, the method as been designed in such a way that it allows an
implementation that follows the principles of Data Science democratization, and in par-
ticular allows non computer science experts to easily use it: the user interacts with the
tool just by providing simple directions or choices about how to deal with data.

In the following sections of this chapter I describe in detail the method and the theory
behind it.

4.1. Proposed solution

First of all, the type of the analysis performed by the method is called descriptive analytics.
It consists in the use of historical data to draw comparisons or to discover patterns for
answering questions about what has already occurred. In short, we can use descriptive
analysis to gain insight into the past [35].

In the case of tabular data, a dataset corresponds to one or more database tables, where
every column of a table represents a particular variable, and each row corresponds to a
given record of such dataset. Figure 4.1 shows an example of tabular dataset where the
variables are Player, Minutes, Points, Rebounds and Assists. Note as the variables can
be categorical or numerical. We recall that in Computer Science, a variable is defined
as an abstract storage location paired with an associated symbolic name, which contains
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some known or unknown value [68].

In order to give a more mathematical definition, let’s recall that a binary relation R from
set A to set B is a subset of the Cartesian product A×B. We can expand this definition
and introduce n-ary relations. If A1, A2, . . . , An are sets, an n-ary relation is a subset of
the Cartesian product A1 × A2 × · · · × An.
So, an n-ary relation involves n sets and is described by a set of n-tuples.

Figure 4.1: Example of a dataset.

I define a variable of interest as a particular categorical variable in the dataset for which
the user is interested in understanding its relationship with one or a group of variables.
The method is based on logistic regression and it aims at inferring the strength of the rela-
tionships between the target variable (e.g., Covid mortality) and one or more independent
variables (e.g., age and comorbidities).

4.2. Method workflow

In this section I explain the method that I have designed, which is based on logistic
regression. The entire process can be summarized in the steps shown in the workflow
diagram Figure 4.2.
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Figure 4.2: Method workflow.

Given a dataset and a target variable of interest present in the dataset, the goal of the
method is to find if and, in case, which are the main variables determining the target one
and in which extent. This method is based on logistic regression and it aims at inferring
the strength of the relationships between a target variable and one or more independent
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variables.

The first step (Step 0) of the method requires user interaction. The user must provide
the dataset file, the target variable, the minimum support (the minimum number of rows
needed to be present in the dataset for not discarding it during the computation) and the
minimum odd ratio value (minimum odd ratio value for which a variable is considered
significant).

Instead of directly starting with the application of the logistic model to the dataset, some
data checks and data manipulations are made. Data preparation is the act of manipulating
(or pre-processing) raw data (which may come from disparate data sources) into a form
that can readily and accurately be analysed, e.g. for business purposes. This is the first
step in data analytics projects and can include many discrete tasks such as loading data
or data ingestion, data fusion, data cleaning, data augmentation and data delivery [64].
In particular, those ’data checks’, apart from verifying the correctness conditions of the
data, are performed in order to verify the possibility to apply the logistic regression model
over the dataset provided by the user.

In practice, two are the tests used by the method to assure the possibility to apply logistic
regression model over the dataset received in input:

• missing value check (Step 1)

• and high-correlation check (Step 2).

In case of missing values, as it would be impossible to use the logistic regression method
with the dataset as it is, it is given the opportunity to the user to choose between two
methods which allow to overcome the problem (Step 1):

• Imputation

• Filtering/elimination of columns or rows containing missing values

In statistics, the word ’imputation’ means the process of replacing missing data with
substituted values. Imputation preserves all cases by replacing missing data with an es-
timated value based on other available information [65].
In my project I have chosen the single imputation method in order to reduce the complex-
ity of the method and increase the speed of the computation. In this particular method
any missing value is replaced by the same value. The value can be the mean, the median
or the mode in case of numerical variables and, of course, just the mode in case of cate-
gorical ones.
It’s up to the user decide which strategy to use (in case of numerical variables).
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In case the user selected the filtering/elimination method, he/she is also asked if he/she
prefers to:

• delete any columns having missing values or

• delete any rows containing missing values.

Moreover, logistic regression requires moderate or no multicollinearity between indepen-
dent variables. This means that if two independent variables have a high correlation, only
one of them should be used. Repetition of information could lead to wrong training of
parameters (weights) during the minimization of the cost function. For this reason it is
extremely important to check this assumption.

The method needs to evaluate the correlations among any pair of independent variables
and if high-correlated variables are found, it starts computing the sets of those (considering
transitive dependencies) (Step 2). Then, those sets are presented to the user to give
him/her the choice of which variables to maintain. Indeed for each set of high correlated
variables only one variable can remain in the dataset while the others must be discarded
to give the possibility to execute logistic regression in the following steps.

To check correlation among the variables I decided to use the Chi-square Test. A Chi-
square test is a hypothesis testing method and it is used to check whether the observed
frequencies in one or more categories match expected frequencies.
One of the more commonly used chi-squared test is the chi-squared test for independence.
A chi-square (χ2) test of independence is a nonparametric hypothesis test. You can use
it to test whether two variables are related to each other. If two variables are related, the
probability of one variable having a certain value is dependent on the value of the other
variable [46].

χ2 =
1

d

n∑
k=1

(Ok − Ek)
2

Ek

The following step after having checked the possibility to apply logistic regression over the
dataset, require to distinguish the variables present in the dataset (apart from the target
variable) as being categorical or numerical as the data encoding is different in those two
cases.

A categorical variable (also called qualitative variable) is a variable that can take one
of a limited, and usually fixed, number of possible values, assigning each individual or
other unit of observation to a particular group or nominal category on the basis of some
qualitative properties [66].
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Usually logistic regression models are not able to deal directly with categorical data, they
do not support string values for the input variables, so a bit of manipulation is needed.
The most used encodings in this case are dummy encoding and label encoding.

• Dummy encoding is a kind of encoding that uses only 1s and 0s to convey all the
necessary information on group membership as shown in the Figure 4.3. With
this kind of coding, 1 indicates that an instance is a member of a category, and
0 otherwise [10]. For each possible value of a categorical column a new column is
added and filled with 0s and 1s. At the end one of the previous column is eliminated
in order to avoid redundant information in the data (the value of this last column
can be inferred considering the values of the previous ones).
In this way category membership is indicated in one or more columns of 0s and 1s.
The biggest disadvantage is that the dataset will increase in size (one column is
replaced with multiple columns).

• Label Encoder is used to transform non-numerical labels to numerical labels (or
nominal categorical variables). Numerical labels are always between 0 and n-classes-
1. The Figure 4.4 shows an example of the label encoding application to a categorical
variable. Logically, this method can be applied only to categorical variables that
can be ordered as it is required to bind values to numbers.

Figure 4.3: Dummy encoding process.
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Figure 4.4: Label encoding process.

In the case of this method I decided to use the dummy encoding as not all categorical
variables can be ordered (Step 3). As we stated previously, the dataset is provided by the
user so it is up to the user define for each categorical variable which is the base value. In
practice, the user has to decide the base value of each categorical variable in order to give
the method the possibility to correctly implement the dummy encoding.

Finally, a numeric variable (also called quantitative variable) is a quantifiable characteris-
tic whose values are numbers (except numbers which are codes standing up for categories).
Numeric variables may be either continuous or discrete.
Numeric variables are allowed to be used in logistic model and so no encoding is needed
in this case.

At this point all the following steps can be interpreted as the implementation of the
logistic regression model over the dataset obtained after the preprocessing phase (Step 4).

In the machine learning field there are multiple types of logistic regression models, each
one used basing on the data and the application.
In my thesis project I concentrate on two different kinds of logistic model:

• univariable logistic regression which focuses on determining relationship between
one independent (explanatory variable) variable and one dependent variable

• multivariable logistic regression that is used for the analysis with one outcome (de-
pendent) and multiple independent (a.k.a., predictor or explanatory) variables.
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As the method has no information about the content of the data, evaluating different
subsets obtained filtering by column values can result in interesting discoveries. To be
more clear: for each column the methods compute all possible combinations of its values
and then the datasets are created by filtering the original dataset by a combination of the
possible values from each column. In order to reduce the effort and the processing time
for the datasets computation, I decided to use Apriori algorithm.
Apriori is an algorithm for frequent item set mining and association rule learning over rela-
tional databases. It proceeds by identifying the frequent individual items in the database
and extending them to larger and larger item sets as long as those item sets appear suffi-
ciently often in the database [2, 55]. An example of the application of Apriori algorithm
can be found in the Figure 4.5.
The algorithm is based on the notion of support. The support is simply the number of
transactions in which a specific element (or combination of elements) occurs.The key con-
cept of Apriori algorithm is its anti-monotonicity of support measure. Apriori assumes
that all subsets of a frequent itemset must be frequent (Apriori property). Moreover, if
an itemset is infrequent, all of its supersets will be infrequent. As we can see from those
definitions, the algorithm is created to work with list of transactions. As the logic behind
the Apriori algorithm could have been useful for this new method I decided to modify the
algorithm in order to be able to apply it to the computation of all possible datasets. In
this case, instead of adding items I add constraints that progressively select smaller and
smaller portion of the whole dataset; whenever a set of constraints results in a dataset
too small (i.e., below the support threshold) the computation stop. Indeed, the addition
of any other constraint can only further reduce the size of the dataset.
The algorithm is iterative: at each step a new variable (not considered before) is selected
and all the datasets obtained by filtration of that column values are created. Only the
datasets which have a support (number of rows) greater than the min support (defined
by the user) will be used in the next step. At the end only the datasets which have a
higher support w.r.t. the min support defined by the used will remain and those will be
used as input of the logistic regression model.
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Figure 4.5: Apriori algorithm.

Important to note is how the numerical columns filtering is applied. As the range of the
values present in a numerical column can be really large, in order to avoid considering
each value independently from the others during the filtration process I decided to filter
the numerical columns only by considering the median value. So each numerical column
can be filtered by only considering the values below the median or only the values below
the median.

Now is the time of logistic regression models creation; so for each dataset the method:

• computes the univariable logistic regression model for each single column present in
the dataset;

• selects the significant independent variables, defined as the ones having a resulting
p-value in the univariable regression lesser than 0.05 and odds ratio> min odds ratio
or odds ratio < 1/min odds ratio;

• trains a multivariable logistic regression model only considering the significant vari-
ables;

• saves the significant models, defined as the ones having at least one input variables
with p value<0.05.

Finally, the method allows the user to examine and access the relevant results of the
computation. The previous steps compute and save the significant results coming from
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the univariale and multivariable logistic models.
The significant results come from differently defined datasets and they have different
values of OR, p-value, CI for each different input variable. In order to simplify the access
to information the method orders the output by OR values and present it to the user.

As we have noticed, the creation and computation of the ’significant’ datasets is not so
straight forward, for this reason it can be interesting to understand the complexity behind
this step. In particular, we can compute the upper bound number of datasets created by
the process described above. Note that this number is just an upper bound as during the
computation some datasets are discarded because they are below the significant support
threshold (using the Apriori algorithm, as said previously).

maxdatasets = 3g ×
T∏

j=1

bj∑
kj=1

bj!

kj!(bj − kj)!
×

L∏
x=1

qx∑
yx=1

qx!

yx!(qx − yx)!

where:

• g: number of binary columns in the original dataset (without considering the target
column);

• T : number of numerical columns in the original dataset;

• bj: number of ways in which the numerical value j can be filtered (in this specific
implementation bj is equal to three, which means that the column can be filtered
considering all values (below or above the median), only values below the median
or only values above the median);

• L: number of categorical columns in the original dataset (without considering the
target column);

• qx: number of values present in the xth categorical column;

• 3g: number of combinations of all binary columns values (3 as binary column value
combinations are: 0, 1, 01);

•
∑bj

kj=1
bj !

kj !(bj−kj)!
: number of combinations of jth numerical column values;

•
∏T

j=1

∑bj
kj=1

bj !

kj !(bj−kj)!
: number of combinations of all numerical columns values;

•
∑qx

yx=1
qx!

yx!(qx−yx)!
: number of combinations of xth categorical column values;

•
∏L

x=1

∑qx
yx=1

qx!
yx!(qx−yx)!

: number of combinations of all categorical columns values.
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4.3. Logistic regression

During the selection of the method to apply in a data analysis process the data and
the context of application need to be considered. Having in mind that we are dealing
with tabular data, from which we want to gain insights on the relationship between the
target and the other variables, and that the target variable is of categorical type, logistic
regression is an appropriate choice.

Logistic regression is a supervised learning method which tries to model relationships
and dependencies between the target prediction output and the input features such that
being able to predict the output values for new data based on those relationships which
the model learned from the previous seen datasets [20].

4.3.1. Definition and the math behind

Logistic regression is the process of modeling the probability of a discrete outcome given
an input variable. The most common logistic regression models have binary outcome;
something that can take two values such as true/false, yes/no, and so on, based on prior
observations of a dataset. Differently, multinomial logistic regression can model scenarios
where there are more than two possible discrete outcomes [17].

In short, logistic regression model predicts a dependent data variable by analyzing the
relationship between one or more existing independent variables. For example, a logistic
regression could be used to predict whether a political candidate will win or lose an
election (dependent variable) considering the number of supporters, his/her ideas, where
he/she comes from and other factors(independent variables).
These binary outcomes allow straightforward decisions between two alternatives [22].

Logistic regression, despite its name, is a classification model rather than a regression
model. Classification is a machine learning task that learn how to assign a class label
to a give new data point; in practice, predicting a discrete class label output for an
example. An easy to understand example is classifying emails as “spam” or “not spam” [8].
Conversely, regression is the problem of predicting a continuous quantity output for an
instance.

Considering now the term "logistic regression":

• the word “regression” in "logistic regression" name comes from its close sister in the
regression domain known as linear regression.
Indeed linear regression is used, differently from logistic regression, to solve regres-
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sion problems assuming a linear relationship between the scalar response and one
or more explanatory variables;

• the term “logistic” refers to the underlying “logit” (log odds) function that is used
to model the binary outcome.

In statistics, the logit function is the quantile function associated with the standard logistic
distribution (S-shaped), showed in the Figure 4.6. It has many uses in data analysis and
machine learning, especially in data transformations.

Mathematically, the logit is the inverse of the standard logistic function
σ(x) = 1/(1 + e−x), so the logit is defined as

p = σ−1(p) = ln
p

1− p
for p ∈ (0, 1)

Because of this, the logit is also called the log-odds since it is equal to the logarithm of
the odds p

1−p
where p is a probability.

Thus, the logit is a type of function that maps probability values from (0, 1) to real
numbers in (−∞,+∞) [58].

Figure 4.6: Binary logistic regression S-shaped curve fitted with data.
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From a more visual point of view, the goal for the algorithm is to find the decision
boundaries among the target classes.
Decision boundaries separate examples of one class from another. Depending on the
problem instance, decision boundaries may be complex and nonlinear in geometric shape.
In general, different machine learning algorithms have different assumptions regarding the
shape of decision boundaries.
In the case of logistic regression, the assumption is that decision boundaries are linear.
That is, they are hyperplanes in the high-dimensional feature space, where the dimension
of the feature space is simply determined by the number of elements in the feature vector
of a training example (number of independent variables).

In order to being able to classify new instances correctly, logistic regression method com-
putes and learns weights for each variable present in the model. Then, each weighted
feature vector is mapped to a value between 0 and 1 via the S-shaped logistic function
where this value is interpreted as the probability of an example belonging to a particular
class. Indeed, once the weights are chosen, the logistic function is applied to any unseen
example to obtain the probability of it belonging to a class [23].

In particular, the learning algorithm tunes the weights in order to correctly classify the
training examples. One of the most popular algorithms for tuning the weights is the
gradient descent method.
Gradient descent is an optimization algorithm which is commonly-used to train machine
learning models and neural networks. Training data helps these models learn over time,
and the cost function within gradient descent specifically acts as a barometer, gauging
its accuracy with each iteration of parameter updates as we can see from the example
Figure 4.7. Until the function is close to or equal to zero, the model will continue to
adjust its parameters to yield the smallest possible error [27].
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Figure 4.7: Gradient descent optimization approach used in machine learning models.

Mathematical derivation

Considering now the mathematical formulas: in logistic regression, the conditional proba-
bility of the dependent variable (class) y is modeled as a logit-transformed multiple linear
regression of the explanatory variables (input features) x1, . . . , xn :

P (y = 1|x,w) = 1

e−ywT x

The model is trained (i.e., the weight parameters w are learned) by maximizing the
likelihood of the model on the training dataset, given by:

2∏
i=1

Pr(yi|xi, w) =
2∏

i=1

1

e−yiwT xi

penalized by the complexity of the model:

1

σ
√
2π

e−
1

2σ2w
Tw

which can be restated as the minimization of the following regularized negative log-
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likelihood:

L = Cσ2
i=1log(1 + e−yiw

T xi) + wTw

As we said before, a gradient descent approach can be used to minimize L [9].

Now, I give some important definitions of terms that are strictly related to logistic regres-
sion model.

The odds

Let’s start by considering the logit (log odds) function g and remembering that it is the
inverse g = σ−1 of the standard logistic function p. Consequently, it is easy to see that it
satisfies:

g(p(x)) = σ−1(p(x)) = logit(p(x)) = ln(
p(x)

1− p(x)
) = β0 + β1x

and equivalently, after exponentiating both sides we have the odds:

p(x)

1− p(x)
= eβ0+β1x

where β0 is the intercept from the linear regression equation (the value of the criterion
when the predictor is equal to zero) and β1x is the regression coefficient multiplied by
some value of the predictor.

Although the word ‘odds’ appears to be plural, it really refers to a singular value: the
ratio of the probability of the event of interest occurring to the probability of the event
not occurring. In practice, the odds are estimated by dividing the number of instances
that fall in a class by the number of instances that do not fall in that class.

Considering another time the formula above, the odds of the dependent variable equaling
a case (given some linear combination x of the predictors) is equivalent to the exponential
function of the linear regression expression.
This illustrates how the logit serves as a link function between the probability and the
linear regression expression [59].

odds = eβ0+β1x.

The odds ratio
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We can now pass to consider the odd ratios that for a continuous independent variable
can be defined as:

OR =
odds(x+ 1)

odds(x)
=

(
p(x+1)

1−p(x+1)

)
(

p(x)
1−p(x)

) =
eβ0+β1(x+1)

eβ0+β1x
= eβ1

This exponential relationship provides an interpretation for β1: the odds multiply by eβ1

for every 1-unit increase in x. In practice, as showed in the Figure 4.8, for a binary
independent variable the odds ratio is defined as ad

bc
where a, b, c and d are cells in

a 2×2 contingency table. Where, in statistics, a contingency table (also known as a
cross tabulation or crosstab) is a type of table in a matrix format that displays the
(multivariable) frequency distribution of the variables.

Figure 4.8: Example of odds ratio computation starting from the contingency table of a
binary variable.

Usually log odds can difficult make sense within a logistic regression data analysis. For
this reason odds ratio (OR) are used as they are easier for the interpretation of results. As
we have shown, the OR represents the odds that an outcome will occur given a particular
event, compared to the odds of the outcome occurring in the absence of that event. So,
if the OR is greater than 1, then the event is associated with a higher odds of generating
a specific outcome. Conversely, if the OR is less than 1, then the event is associated with
a lower odds of that outcome occurring [28].

The p-value

Usually associated to each independent explanatory variable odds ratios there are CI
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values and p-values.

Confidence intervals provide information about the range in which the true value of the
odds ratio lies with a certain degree of probability, as well as about the direction and
strength of the demonstrated effect [16].

Differently, in null-hypothesis significance testing, the p-value is the probability of obtain-
ing test results at least as extreme as the result actually observed, under the assumption
that the null hypothesis is correct. A very small p-value means that such an extreme ob-
served outcome would be very unlikely under the null hypothesis [60]. To be more clear,
a statistical hypothesis test is a method of statistical inference used to decide whether the
data at hand sufficiently support a particular hypothesis [61]. Usually using statistical
tests, it is possible to calculate the likelihood that the null hypothesis is true. Where
the null hypothesis is an hypothesis that assumes that the observed difference among two
different populations is due to chance alone [62].

In practice, the p value in logistic regression helps determine whether the relationships
that you observe in your sample also exist in the larger population, that is whether the
relation observed by the dependant and independent variable is due to chance or not.
In other words, a predictor that has a low p-value (lower than a significant threshold
value, usually it is chosen to be 0.05) is likely to be a meaningful addition to your model
because changes in the predictor’s value are related to changes in the response variable.
Conversely, a larger (insignificant) p-value suggests that changes in the predictor are not
associated with changes in the response.
The Figure 4.9 shows an example of the significant threshold acceptance test in a statistical
hypothesis testing.
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Figure 4.9: Graphical meaning of p-value in statistics.

To conclude, p-values are used in logistic regression to understand if and in case which
are the relevant independent variables which mostly affect and determine the output
class/variable.

Multiple explanatory variables

In case of multiple explanatory variables, in a logistic regression model the expression
β0 + β1x can be revised to
β0 + β1x1 + β2x2 + · · ·+ βmxm = β0 +

∑m
i=1 βixi.

Then when this is used in the equation relating the log odds of a success to the values
of the predictors, the linear regression will be a multiple regression with m explanators;
where the parameters βj for all j = 0, 1, 2, . . . ,m are all estimated.

log
p

1− p
= β0 + β1x1 + β2x2 + · · ·+ βmxm

and

p =
1

1 + b−(β0+β1x1+β2x2+···+βmxm)
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where usually b = e. [59]

4.3.2. Advantages and Disadvantages

As any type of machine learning model logistic regression presents some advantages and
disadvantages:

Advantages

• Efficient computation: logistic regression is not a resource hungry model (unlike
many others as NNs, SVM, kNN) and this makes it suitable for some simple ap-
plications. It is one of the simplest machine learning algorithms and it is easy to
implement (compared to other algorithms) yet provides great training efficiency in
some cases. Due to these reasons, training a model with this algorithm doesn’t
require high computational power. Moreover, the model scales pretty nicely and it
is able to deal with huge datasets.

• Probability prediction: compared to some other machine learning algorithms, logis-
tic regression provides probability predictions and not only classification labels (as
kNN). The predicted parameters (trained weights) give inference about the impor-
tance of each feature. So we can use logistic regression to find out the relationship
between the features and the target class.

• Model flexibility: this algorithm allows models to be updated easily to reflect new
data, unlike decision trees or support vector machines.

Disadvantages

• High data maintenance: data preparation can be tedious in logistic regression as
both scaling and normalization are important requirements of logistic regression.

• Independence assumption: the training features are known as independent variables.
Logistic regression requires moderate or no multicollinearity between independent
variables. This means that if two independent variables have a high correlation,
only one of them should be used. Repetition of information could lead to wrong
training of parameters (weights) during minimization of the cost function [21].

4.3.3. Why Logistic Regression

The main reason for choosing logistic regression models lies in the fact that these mod-
els allow one to analyse simultaneously the effect of several explanatory variables on a
response variable. Which means that adjustments for confounding factors can be made.
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For instance, logistic regression methods can be used to predict, given some explanatory
medical variables, the chance of being affected by diabetes.

Moreover, in the context of low-dimensional data (i.e. when the number of covari-
ates/explanatory variables is small compared to the sample size), logistic regression is
considered a standard approach for binary classification which is the most used machine
learning technique in the many fields.

One last key advantages of using logistic regression is due to its versatility and powerful
interpretation: the model produces ORs, which suggest increased, decreased or no change
in odds of being in one category of the outcome with an increase in the value of the
predictor [6]. Indeed in scientific fields such as medicine or psycho-social sciences the
focus is not only on prediction but also on explanation of the data that we have.

4.3.4. Logistic regression vs linear regression

Let’s now consider the main differences between linear and logistic regression which are
presented in the Table 4.1 [49].
We can also access them considering the two graphs present in the Figure 4.10.
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Table 4.1: Summary table of linear - logistic regression differences.

Feature Linear regression Logistic regression

Definition
A supervised learning technique
for solving regression problems

A supervised learning technique
mainly used for classification
problems

Use
Used for predicting continuous
dependent values with the help of
independent variables

Used for binary classification or
separation of discrete dependent
values with the help of independent
variables

Output
Output can only be continuous
values such as age, height, time,
price, salary, etc.

The output can only be
categorical values

Graphical
output

We find a best fit linear line which
will predict the next value or
variable

We find a s-curve or sigmoid curve
which classify the variables

Estimation
accuracy

Least square method
Maximum likelihood estimation
method

Variable
relationship

Relationship between dependent
and independent variable should
be linear

Relationship between dependent
and independent variable is not
required

Collinearity
Collinearity between independent
variables is allowed

Collinearity between independent
variables is not allowed

Applications
Used in businesses and
forecasting stocks

Used in classification and
image processing

As we can see from the features highlighted in the table, logistic regression is the best
approach among the two in the case of tabular data.
Indeed, usually it is required to explain a dependent data variable by analyzing the re-
lationship between one or more existing independent variables where decision boundaries
may be complex and nonlinear in geometric shape, which perfectly fit the case of logistic
regression models.
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Figure 4.10: Linear and a logistic regression function models.

4.3.5. Logistic regression vs random forest

Random forests or random decision forests is an ensemble learning method for classifi-
cation, regression and other tasks that operates by constructing a multitude of decision
trees at training time as showed in the Figure 4.11.
For classification tasks, the output of the random forest is the class selected by most of
the trees.
For regression tasks, the mean or average prediction of the individual trees is returned [63].



4| Method 59

Figure 4.11: Example of a random forest model.

Using random forest model it is possible to compute the feature importance that refers
to the relative importance of each feature in the training data. In other words, it tells us
which features are most predictive of the target variable. This can help us to understand
which features are most important to our model and which ones we can safely ignore.
Which, in turn, can simplify our models and make them more interpretable.

Random forests are usually a really good approach for classification problems: produces
good predictions that can be understood easily using feature importance and provide a
higher level of accuracy in predicting outcomes over the decision tree algorithm.

Even if we consider all those advantages in most of the case logistic regression is more
used in research with respect to random forest.
This is due to manly interpretability reasons: indeed logistic regression gives as output the
odds (OR) that represents the ratio of the probability of the event of interest occurring
to the probability of the event not occurring which give to researcher a clearer and useful
numerical information to evaluate the importance of a variable than feature importance
values coming from random forest model. Indeed, random forest is like a black box: its
computations may go far more complex compared to other algorithms and so it is not
easily interpretable as it provides feature importance but it does not provide complete
visibility into the coefficients as logistic regression regression.

Finally, in random forest models there is a difficult tradeoff between the training time (and
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space) and increased number of trees. The increase of the number of trees can improve
the accuracy of prediction. However, random forest often involves higher time and space
to train the model as a larger number of trees are involved. Generally speaking, if n is
too small, underfitting is easy to occur. If n is too large, the amount of calculation will be
increased, and as n reaches a certain number, the model will be improved very little with
increasing n, so, a moderate value should be found, tree number n, and learning efficiency
should be considered together. In practice the tradeoff between them is a difficult problem
to solve [31].

4.4. Implementation

At this point, after the presentation of the method workflow it is possible to focus the
attention on the real method implementation.
To be concrete and clear in the presentation of the method implementation I now use a
running example using the data from the Titanic dataset 1 which is frequently used for
making understand machine learning to beginners.

4.4.1. Technologies

The method was developed using Python and it is meant to be run either as a script or
inside a Jupyter notebook. The reason for choosing Python as programming language
mostly lies in its extensibility feature which leads to the possibility to add and use thou-
sands of libraries dedicated to analytics, including the widely used Python Data Analysis
Library (also known as Pandas), machine learning and statistics. In most of the case,
data analytics libraries in Python are at least somewhat derived from the NumPy library,
which includes hundreds of mathematical calculations, operations, and functions.
Moreover, Python’s performance capability is much higher than other popular languages
used in data analytics, and its compatibility with other languages means that it is simply
more convenient in most of the cases.
Finally, Python’s relatively light usage of memory and other processing resources means
that it can quickly outstrip languages like MatLab, which are built specifically for statis-
tical analysis [38].

Now that we have clarified the technologies used during the method implementation we
can start analysing in depth each code section considering the implementation and its
functionality.

1https://www.kaggle.com/competitions/titanic/data?select=test.csv
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4.4.2. The titanic example

First of all, to be clearer during the presentation of this example I give some hints about
the information contained in the dataset. The titanic dataset file contains data for 887 of
the real Titanic passengers where each row represents one person. The columns describe
different attributes about the person including whether they survived, their age, their
passenger-class, their sex and the fare they paid, as shown in the Figure 4.12.

In particular, here the description of the meaning of each variable present in the dataset:

• Pclass : passenger class (1 = 1st; 2 = 2nd; 3 = 3rd)

• Sex : passenger sex

• Age: passenger age

• SibSp: number of siblings/spouses aboard

• Parch: number of parents/children aboard

• Fare: ticket fare

• Embarked : port of embarkation (C = Cherbourg; Q = Queenstown; S = Southamp-
ton)

• Survived : survival status of the passenger (0 = No; 1 = Yes)

What we want in this example case is to understand which are the main variables which
affected the survival of Titanic passengers; for this reason ’Survived’ is used as target
variable.
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Figure 4.12: Screenshot of a portion of the Titanic dataset.

The user can provide the dataset in two different ways as we can see from the Figure 4.13:
providing the relative or the absolute path of the dataset file saved in their computer
memory, or by typing the github link of the dataset (in case the dataset is stored as a file
in a public github project).
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Figure 4.13: Screenshot representing the phase in which the tool asks for the dataset file.

For the target variable is just required to digit the exact name of the column that the
user want to have as outcome variable in the classification model, as represented in the
first part of Figure 4.14.

Subsequently, the input validation step is performed. This phase is the process of testing
input received by the application for compliance against a standard defined within the
application.

In case of relative/absolute path the tool checks that:

• the file provided is an Excel or csv file (just by considering the extension of the path
itself using a regular expression);

• the path links to a real computer location;

• the file is not empty.

In case of a github link the tool checks that:

• the file provided is a link referring to an Excel or csv file (using a regular expression);

• the file is not empty.

Finally, the tool considers if the ’target variable’ from the user is present as one of the
columns in the dataset and it is of categorical type.

In the case of the Titanic dataset those are the information that need to be typed to cor-
rectly start the data analysis: titanicdataset.xlsx′ (admitting to have the same computer
folder of the application), ’Survived’, 1.25 and 50 as the dataset file, the target variable,
the min odd ratio value and the min support respectively, as shown in the Figure 4.14.
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Figure 4.14: Screenshot representing the input phase for the titanic dataset case.

An example of error during the validation phase is present in the Figure 4.15 In case all
the validations succeed the computation will proceed.

Figure 4.15: Screenshot representing the case of error during the validation phase as the
typed dataset file name does not exist.
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Next, the tool tests if there exist missing values in some columns of the dataset.

In this case, as it would be impossible to use logistic regression method with the dataset
as it is, it is given the opportunity to the user to choose between two methods which allow
to overcome the problem, namely imputation or filtering/elimination of columns or rows
containing missing values.

Moreover, in case the user selected the filtering/elimination method, he/she is also asked
if he/she prefers to delete any columns having missing values or any rows containing
missing values.

Considering the example of the titanic dataset we can for instance choose to use the
filtration method deleting all rows containing missing values, as shown in the Figure 4.16.

Figure 4.16: Screenshot representing the missing values check for the titanic dataset.

Then the tool checks whether there exist columns which are high-correlated, as logistic
regression requires moderate or no multicollinearity between independent variables. This
means that if two independent variables have a high correlation, only one of them should
be used. For each set of highly correlated variables the tool asks to the user which ones
he/she wants to consider as presented in the Figure 4.17; in this case three variables are
highly correlated (i.e., Embarked, PClass, Fare) and the user selects Fare to be preserved.
Indeed for each set of high correlated variables only one variable can remain in the dataset
while the others must be discarded to give the possibility to execute logistic regression in
the following steps.
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Figure 4.17: Screenshot representing the collinearity check for the titanic dataset.

As the checks are completed, the tool starts manipulating data to fit a format that will
allow a smoothly computation process. In particular, it encodes categorical variables
using a dummy encoding. Also for each encoded variables the tool asks the user to
declare which is the ’base’ categorical value for which no new dummy column need to be
added, as presented in the Figure 4.18.

Figure 4.18: Screenshot representing the moment of the choice of the base value for cate-
gorical variables for the titanic dataset.

At this point the dataset computation is performed using Apriori algorithm. Consider-
ing the example of the titanic dataset, the Figure 4.19 represents the logic behind the
algorithm.
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Figure 4.19: Apriori algorithm applied to the case of the titanic dataset.

Then according to the values of the target variable (e.g., binary or multinomial) the
tool uses either GLM (the Generalized Linear Model) or MNM (Multinomial model) to
implement the logistic regression.

Finally, the method allows the user to examine and access the relevant results of the
computation. In order to simplify the access to information for the user the tool appoints
itself to:

1. order different results by OR values (descending order, from the more relevant to
the less relevant);

2. output the previously ordered results in a clear fixed format where for each signifi-
cant result is stated the dataset from which it comes from;

3. represent the values of the odds ratios of the different variables present in the model
using an error bar chart where the user can see both the value and the confidence
interval graphically;

4. save it in a txt file.

Considering the example case of the Titanic, part of the resulting output is represented in
the Tables 4.2. Analysing all the results obtained we can say that both ’Sex’ and ’Parch’
was significant variables in the determination of the chance of survival in the Titanic
passengers. In particular, women and people travelling with more relatives had an higher
chance to survive as we can observe in the Figures 4.20, 4.21 and 4.22.
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Table 4.2: Logistic regression analysis of factors associated with survival status.

Characteristics OR 95%CI aOR 95%CI
Females vs Males 6.67 3.41-13.02 8.86 4.16-18.87
Parch 0.62 0.49-0.78 0.55 0.43-0.72

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio.

Figure 4.20: Odd ratio value representation of the variable ’Sex’ in the titanic dataset.

Figure 4.21: Odd ratio value representation of the variable ’Parch’ in the titanic dataset.

Figure 4.22: Odd ratio value representation of the significant variables in the titanic
dataset.
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4.5. Result obtained applying the method to the

epidemiological-clinical dataset

We have tested the method on the epidemiological-clinical data collected in the Depart-
ment of Infectious Diseases and Intensive Care Unit (ICU) of Luigi Sacco hospital. What
we have found confirm but also extend the findings previously obtained.
First of all we need to state that the results show how the most important predictors of
patients’ death are viremia (obtained also before) but also CCI and age, in this exact
order. In particular, we recall that viremia is a test used to check the presence of the
virus in the patient blood and CCI: Charlson Comorbidity Index assesses the comorbidity
level of patients by taking into account both the number and severity of 19 pre-defined
comorbid conditions.

Analysis of factors associated with death

First of all, considering the entire dataset, with no filtering applied, in univariable analysis
both positive SARS-CoV-2 viremia and CCI were associated with a high odd of death:
[OR 4.09 (95% CI 2.07-8.07)] and [OR 1.46 (95% CI 1.26-1.69)] respectively, as displayed
in the Table 4.3 and in the odd ratio representation of Figures 4.23 and 4.24. In multi-
variable analysis adjusted for CCI (the only significant variable, apart from the viremia
result, among the feature variables at our disposal) a positive SARS-CoV-2 viremia re-
sulted associated with higher odds of death [AOR 5.50 (95% CI 2.53-11.95)] as shown in
Figure 4.25.

Table 4.3: Logistic regression analysis of factors associated with death.

Characteristics OR 95%CI aOR 95%CI
CCI (per one point more) 1.46 1.26-1.69 1.53 1.30-1.81
Positive SARS-CoV-2 viremia vs negative 4.09 2.07-8.07 5.50 2.53-11.95

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio;
CCI, Charlson comorbidity index.
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Figure 4.23: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset.

Figure 4.24: Odd ratio value representation in univariable analysis of feature variable
’Result viremia’ in the medical dataset.

Figure 4.25: Odd ratio value representation in multivariable analysis of significant feature
variables in the medical dataset.

Analysis of factors associated with death restricted to the third and fourth
epidemic waves

Moreover, considering the univariable analysis restricted to the 3rd and 4th epidemic
waves (the dataset filtered by third and fourth periods) a positive SARS-CoV-2 viremia
was associated with a higher odd of death [OR 5.39 (95% CI 2.54-11.45)] as also CCI [OR
1.53 (95% CI 1.29-1.82)] which was confirmed in the multivariable analysis adjusted for age



4| Method 71

and CCI [AOR 6.23 (95% CI 2.56-15.14)] as shown in Table 4.4 and Figures 4.26, 4.27, 4.28
and 4.29. In this case also the age of the patient at the time of hospitalization appears as
a significant variable with [OR 1.10 (95 % 1.06-1.15)] in univariable analysis.

Table 4.4: Logistic regression analysis of factors associated with death restricted
to the third and fourth epidemic waves.

Characteristics OR 95%CI aOR 95%CI
Age (per 1 year more) 1.10 1.06-1.15 1.09 1.03-1.15
CCI (per one point more) 1.53 1.29-1.82 1.15 0.90-1.48
Positive SARS-CoV-2 viremia vs negative 5.39 2.54-11.45 6.23 2.56-15.14

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio;
CCI, Charlson comorbidity index.

Figure 4.26: Odd ratio value representation in univariable analysis of feature variable
’Age’ in the medical dataset restricted to the third and fourth epidemic waves.

Figure 4.27: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to the third and fourth epidemic waves.



72 4| Method

Figure 4.28: Odd ratio value representation in univariable analysis of feature variable
’Result viremia’ in the medical dataset restricted to the third and fourth epidemic waves.

Figure 4.29: Odd ratio value representation in multivariable analysis of significant feature
variables in the medical dataset restricted to the third and fourth epidemic waves.

Analysis of factors associated with death restricted to mild/moderate disease
severity

Similarly, in univariable analysis restricted to mild/moderate COVID-19 patients a pos-
itive SARS-CoV-2 viremia was associated with a higher odd of death [OR 4.42 (95% CI
1.39-14.06)] as also CCI [1.36 (95% (1.09-1.70)] which was confirmed in the multivariable
analysis adjusted for CCI [AOR 6.73 (95% CI 1.74-26.03)] as shown in Table 4.5 and
Figures 4.30, 4.31 and 4.32.

Table 4.5: Logistic regression analysis of factors associated with death restricted
to mild/moderate disease severity.

Characteristics OR 95%CI aOR 95%CI
CCI (per one point more) 1.36 1.09-1.70 1.48 1.12-1.94
Positive SARS-CoV-2 viremia vs negative 4.42 1.39-14.06 6.73 1.74-26.03

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio;
CCI, Charlson comorbidity index.
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Figure 4.30: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to mild/moderate disease severity.

Figure 4.31: Odd ratio value representation in univariable analysis of feature variable
’Result viremia’ in the medical dataset restricted to mild/moderate disease severity.

Figure 4.32: Odd ratio value representation in multivariable analysis of significant feature
variables in the medical dataset restricted to mild/moderate disease severity.

Analysis of factors associated with death restricted to mild/moderate disease
severity and to third and fourth epidemic waves

After restricting this analysis to the 3rd and 4th epidemic waves in mild/moderate
COVID-19 patients a positive SARS-CoV-2 viremia was associated with a higher odd
of death [OR 4.58 (95% CI 1.1-17.94)] which was confirmed in the multivariable analysis
adjusted for age, biological sex [AOR 4.59 (95% CI 0.87-24.17)] as presented in Table 4.6
and Figures 4.33, 4.34, 4.35 and 4.36.
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Table 4.6: Logistic regression analysis of factors associated with death restricted
to mild/moderate disease severity and to third and fourth epidemic waves.

Characteristics OR 95%CI aOR 95%CI
Age (per 1 year more) 1.13 1.04-1.22 1.11 1.00-1.23
CCI (per one point more) 1.52 1.15-2.00 1.09 0.70-24.17
Positive SARS-CoV-2 viremia vs negative 4.58 1.17-17.94 4.59 0.87-24.17

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio;
CCI, Charlson comorbidity index.

Figure 4.33: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to mild/moderate disease severity and to third and
fourth epidemic waves..

Figure 4.34: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to mild/moderate disease severity and to third and
fourth epidemic waves..
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Figure 4.35: Odd ratio value representation in univariable analysis of feature variable
’Result viremia’ in the medical dataset restricted to mild/moderate disease severity and to
third and fourth epidemic waves..

Figure 4.36: Odd ratio value representation in multivariable analysis of significant feature
variables in the medical dataset restricted to mild/moderate disease severity and to third
and fourth epidemic waves..

Analysis of factors associated with death restricted to severe/critical disease
severity

Finally, in univariable analysis restricted to severe/critical COVID-19 patients a posi-
tive SARS-CoV-2 viremia was associated with a lower odd of death [OR 3.85 (95% CI
1.66-8.94)] differently CCI with an higher odd of death [1.58 (95% 1.27-1.96)] which was
confirmed in the multivariable analysis adjusted for age, biological sex [AOR 4.57 (95%
CI 1.76-11.84)] as shown in Table 4.7 and Figures 4.37, 4.38 and 4.39.

Table 4.7: Logistic regression analysis of factors associated with death restricted
to severe/critical disease severity.

Characteristics OR 95%CI aOR 95%CI
CCI (per one point more) 1.58 1.27-1.96 1.59 1.28-1.98
Positive SARS-CoV-2 viremia vs negative 3.85 1.66-8.94 4.57 1.76-11.84

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio;
CCI, Charlson comorbidity index.
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Figure 4.37: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to severe/critical disease severity.

Figure 4.38: Odd ratio value representation in univariable analysis of feature variable
’Result viremia’ in the medical dataset restricted to severe/critical disease severity.

Figure 4.39: Odd ratio value representation in multivariable analysis of significant feature
variables in the medical dataset restricted to severe/critical disease severity.

Analysis of factors associated with death restricted to severe/critical disease
severity and to third and fourth epidemic waves

After restricting this analysis to the 3rd and 4th epidemic waves in severe/critical COVID-
19 patients a positive SARS-CoV-2 viremia was associated with a higher odd of death
[OR 5.53 (95% CI 2.22-13.76)] which was confirmed in the multivariable analysis adjusted
for age, biological sex [AOR 8.05 (95% CI 2.38-27.18)] as demonstrated in Table 4.8 and
Figures 4.40, 4.41, 4.42 and 4.43.
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Table 4.8: Logistic regression analysis of factors associated with death restricted
to severe/critical disease severity and to third and fourth epidemic waves.

Characteristics OR 95%CI aOR 95%CI
Age (per 1 year more) 1.03 1.05-1.16 1.10 1.02-1.19
CCI (per one point more) 1.67 1.30-2.14 1.26 0.91-1.75
Positive SARS-CoV-2 viremia vs negative 5.53 2.22-13.76 8.05 2.38-27.18

List of abbreviations: OR, odds ratio; CI, confidence interval; aOR, adjusted odds ratio;
CCI, Charlson comorbidity index.

Figure 4.40: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to severe/critical disease severity and to third and
fourth epidemic waves.

Figure 4.41: Odd ratio value representation in univariable analysis of feature variable
’CCI’ in the medical dataset restricted to severe/critical disease severity and to third and
fourth epidemic waves..
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Figure 4.42: Odd ratio value representation in univariable analysis of feature variable
’Result viremia’ in the medical dataset restricted to severe/critical disease severity and to
third and fourth epidemic waves.

Figure 4.43: Odd ratio value representation in multivariable analysis of significant feature
variables in the medical dataset restricted to severe/critical disease severity and to third
and fourth epidemic waves.

We need to point out as the results that we have obtained are influenced by the constraints
that we have set in the first phase of the application of the method: min odd ratio of 1.10
and min support of 50. Reducing or increasing those two variables will provide less/more
results than what obtained now. Anyway those values where chosen considering the need
to: (a) highlight features variables which really affect the target one and are not just noise
(min odd ratio) and (b) have results that can be supported by multiple instances of the
original dataset (min support).

The main merit of the method is to be user-friendly, as the clinician or in general not com-
puter science experts can use the method just by providing simple directions and choices
about how to deal with data. Thus, the method gives the possibility to non-computer
science expert personnel to apply data analytics over a dataset in an unbiased way and
with really low effort. Finally, I can say that I have demonstrated the strength of using
Data Science in the healthcare field applying the method on the clinical-epidemiological
dataset coming form ’Luigi Sacco’ hospital.



79

5| Conclusions and future

developments

In my thesis project I have demonstrated the strength of using a Data Science approach
in the healthcare field. In particular, thanks to the collaboration between the group
of bioinformatics at Politecnico di Milano and the Department of Infectious Diseases
and Intensive Care Unit (ICU) of Luigi Sacco hospital, located in Milan, I was able to
perform a number of tasks, ranging from data extraction at two different units of the Sacco
hospital (respectively involved with the clinical care of patients and the provisioning of
SARS-CoV-2 testing at patients’ admission), the integration of the two datasets within a
single, well-organized database, to the accurate definition of clinical variables. Finally, I
applied Data Science methods in order to answer the main research question, concerned
with understanding the factors/variables which negatively influenced the survival of the
patient affected by Covid-19. The study enrolled all of the adult COVID-19 patients
admitted to the Department of Infectious Diseases and the Intensive Care Unit (ICU) of
Luigi Sacco Hospital between February 2020 and January 2022. A total of 2,822 COVID-
19 patients was involved in the study.

The most relevant finding obtained by the study is that the SARS-CoV-2 viremia (pres-
ence of the virus in the blood) is strongly associated with COVID-19 mortality and for
this reason it should be considered in the initial assessment of COVID-19 hospitalized
patients. This result confirms and extends what as previously known in the literature;
our main contribution is providing a longer study in time, which includes four waves of
the viral infection, and also a larger number of cases when compared with other clinical
studies about the same subject. These results are presented in a research article ’SARS-
CoV-2 viremia and COVID-19 mortality: an observational study’ currently submitted for
a journal publication.

Trying to generalize from the previous approach I have developed a general Data Science
method, that considers all variables present in the dataset (and not just viremia) and
tries to infer more knowledge, in particular which variables also explain the patient’s
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death. This method combines the apriori algorithm and logistic regression, and it aims at
inferring the strength of the relationships between a target variable (e.g., Covid mortality)
and one or more independent variables (e.g., age and comorbidities), considering both the
dataset as a whole and semantic subsets of it. It is domain independent and can be
applied to any tabular dataset; it was implemented using Python. The main merit of the
method is to be user-friendly,as the clinician can use the method just by providing simple
directions. As a consequence, the tool makes Data Science accessible to a vast audience of
domain experts (e.g., clinicians, biologist, economist, government) which is of paramount
importance to enable everybody, irrespective of their technical know-how, to work with
data comfortably and make data-informed decisions.

Finally, I hope that the findings obtained in the case study will be useful for the un-
derstanding and mitigation of Covid-19 pandemic and that the new method will give a
contribution in expanding the usage of Data Science to a wider audience of non computer
science experts (such as clinicians).
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