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1. Introduction

At a time when more than 1.7 megabytes of
data is generated on average every second by ev-
ery person on Earth!, 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 interdisci-
plinary discipline that combines Computer Sci-
ence, Statistics and domain knowledge. The aim
of Data Science is to apply advanced analytic
techniques and scientific principles to extract
valuable information from data for many ap-
plication, including business, decision-making,
strategic planning, scientific research and many
other. In particular, Data Science can be used
to by medical researchers identify disease signs
and risk factors and to assist clinicians in di-
agnosing illnesses and medical conditions in pa-
tients. In this Thesis I have demonstrated the
strength of Data Science in the biomedical field
in the context of a collaboration between the
group of Computational Genomics at Politec-
nico di Milano and the Department of Infec-
tious Diseases and Intensive Care Unit (ICU) of

"https://webtribunal.net /blog/how-much-data-is-
created-every-day/

Luigi Sacco hospital, located in Milan. Within
this collaboration, I have performed a number of
tasks, ranging from data extraction to the appli-
cation of Data Science methods in order to an-
swer research questions concerned with under-
standing the factors/variables which negatively
influenced the survival of the patient affected by
Covid-19. 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 as-
sociated with COVID-19 mortality and for this
reason it should be considered in the initial as-
sessment of COVID-19 hospitalized patients. As
this result is generally very encouraging, I de-
cided to extend and generalize the method used
in our study in order to exploit it for finding
additional results. I then developed a general
method, that considers all variables present in
tabular dataset and tries to infer more knowl-
edge, in particular which variables are associ-
ated with a specific outcome (e.g., on the Covid-
19 dataset, wich other variables mostly influence
the patient’s death).



2. Research activity at ‘Luig:
Sacco’ Hospital

In this research study I have applied Data Sci-
ence methods to clinical-epidemiological dataset
collected by the Luigi Sacco Hospital, located
in Milan, in order to understand which clinical
condition are mostly related with the death of
hospitalized Covid-19 patients. The first result
I obtained was the creation of the dataset used
for the study integrating information collected
by the ‘Department of Infectious Diseases and
Intensive Care Unit (ICU)’ and the ‘Laboratory
of Clinical Microbiology, Virology and Bioemer-
gencies’ of Luigi Sacco Hospital in Milan. The
tasks I performed ranges from data extraction
at two different units of the Sacco hospital (re-
spectively involved with the clinical care of pa-
tients and the provisioning of SARS-CoV-2 test-
ing 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. At this
stage, I had to overcome various difficulties, in-
cluding an hacker attack to the hospital informa-
tion resources that hampered connectivity be-
tween us and the clinicians and virologists; luck-
ily, all data was saved /recovered. Once a prop-
erly anonymized and curated dataset was avail-
able, 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 involved all of
the adult COVID-19 patients admitted to the
Department of Infectious Diseases and the In-
tensive Care Unit (ICU) of Luigi Sacco Hospital
between February 2020 and January 2022. A
total of 2,822 COVID-19 patients was consid-
ered in the study. The collected data were the
patients’ date and place of birth, and biological
sex; the date of admission, and the time between
symptom onset and hospital admission; comor-
bidities (including diabetes, lung diseases, heart
diseases, renal diseases, immune system diseases,
liver diseases, and obesity); the burden of comor-
bidities assessed by means of Charlson Comor-
bidity Index (CCI); disease severity upon hospi-
tal admission (defined as mild, moderate, severe
or critical in accordance with the WHO guide-

lines for the management of COVID-19) [19]; the
type of supportive oxygen therapy upon hospi-
tal admission and/or during the hospital stay;
the number of COVID-19 vaccine shot received
(none, 1, 2 and 3); the variant to which the pa-
tient is affected to and the result of the viremia
test and the hospitalization outcome (death or
discharge).

The most relevant finding obtained by the study
is that the SARS-CoV-2 viremia (presence of
the virus in the blood) is strongly associated
with COVID-19 mortality and for this reason
it should be considered in the initial assess-
ment of COVID-19 hospitalized patients. More-
over, thanks to the previous analysis, we found
that SARS-CoV-2 viremia was associated with a
higher odds of death, consistently with the avail-
able literature again mainly produced on data
collected during the early days of the pandemic
and on subjects with a more severe course of
the disease [3]. This result confirms and ex-
tends what as previously known in the litera-
ture [5]; our main contribution is providing a
longer study in time, which includes four waves
of the viral infection, and also a larger num-
ber 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 ’SARS-CoV-2 viremia and
COVID-19 mortality: an observational study’
submitted for a journal publication and cur-
rently under revision [2].

3. Method

The results obtained during the analysis of the
clinical /epidemiological data were really impor-
tant and relevant to increase our knowledge on
COVID-19. As a consequence, we considered if
the method used in our study could be general-
ized and exploited for finding additional results.
Therefore, we decided to develop a data-driven
unbiased method designed to automate the de-
tection of relationships among a target variable
and other feature variables in a generic tabu-
lar data. The method I propose is domain in-
dependent and can be applied to any tabular
dataset having at least one categorical variable.
Finally, the method as been designed in such a
way that it allows an implementation that fol-



lows the principles of Data Science democratiza-
tion, and in particular allows non computer sci-
ence experts to easily use it: it is user-friendly,
as the user interacts with the tool just by pro-
viding simple directions or choices about how to
deal with data.

The entire process can be summarized in the
steps shown in the workflow diagram Figure 1.
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Figure 1: Method workflow.

Given a dataset and a target variable of interest
present in the dataset, the goal of the method
is to find if there exist variables determining the
target one and to which extent. This method
is based on logistic regression and it aims at in-
ferring the strength of the relationships between
a target variable and one or more independent
variables [4].

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 observation
needed to be present in a subset of the dataset
to keep it into account for investigation) and the

minimum odds ratio value for which the variable
is considered significant.

Then, a set of ’data checks’ are performed in
order to verify the correctness conditions of the
data and the possibility to apply the logistic re-
gression model over the dataset provided by the
user. The missing values (Step 1) check con-
sists in verifying the absence of missing value
in the datasets, in case of missing values one of
this two methods is used: filtering/elimination
of columns/rows containing missing values or
imputation (which consists in replacing missing
data with substituted values). Moreover, the
multicollinearity checks (Step 2) (performed us-
ing the chi-square (x?) test of independence) is
used to test the presence of high-correlated vari-
ables. For each set of high correlated variables
only one variable (decide by the user) can re-
main in the dataset while the others must be
discarded to give the possibility to execute lo-
gistic regression in the following steps.

Finally, for each categorical variable (defined as
a variable that can take one of a limited, and
usually fixed, number of possible values, assign-
ing each individual or other unit of observation
to a particular group or nominal category on the
basis of some qualitative properties) dummy en-
coding is carried out (Step 3). Dummy encoding
is a kind of encoding that uses only 1s and Os to
convey all the necessary information on group
membership. With this kind of coding, 1 indi-
cates that an instance is a member of a category,
and 0 otherwise [? |. For each possible value of a
categorical column a new column is added and
filled with Os 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). It is up to the user
to decide the column to eliminate in order to
execute a correct encoding.

At this point two different kinds of logistic model
are implemented:

e univariable logistic regression which focuses
on determining relationship between one in-
dependent (explanatory variable) variable
and one dependent variable

e multivariable logistic regression that is used
for the analysis with one outcome (depen-
dent) and multiple independent (a.k.a., pre-
dictor or explanatory) variables.



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 (Step 4).
Apriori is an algorithm for frequent item set min-
ing and association rule learning over relational
databases [1].

The algorithm is iterative: starting from the en-
tire dataset at each step a new variable (not con-
sidered 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.
Important to note is how the numerical columns
filtering is applied. As the range of the val-
ues present in a numerical column can be really
large, in order to avoid considering each value in-
dependently 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 con-
sidering the values below the median or only the
values below the median.

To sum up for each dataset the method:

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

e selects the significant independent vari-
ables, 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;

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

e 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 exam-
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ine and access the relevant results of the com-
putation. The previous steps compute and save
the significant results coming from the univari-
ale and multivariable logistic models.

The significant results come from differently de-
fined 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 com-
putation of the ’significant’ datasets is not so
straight forward, for this reason it can be inter-
esting to understand the complexity behind this
step. In particular, we can compute the upper
bound number of datasets created by the pro-
cess described above. Note that this number is
just an upper bound as during the computation
some datasets are discarded because they are be-
low the significant support threshold (using the
Apriori algorithm, as said previously).

HZ

Jj=1k;=1 r= 1yz—l

where:

e ¢g: number of binary columns in the origi-
nal dataset (without considering the target
column);

e T number of numerical columns in the
original dataset;

e b;: number of ways in which the numeri-
cal value j can be filtered (in this specific
implementation b; is equal to three, which
means that the column can be filtered con-
sidering all values (below or above the me-
dian), only values below the median or only
values above the median);

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

e ¢,: number of values present in the z!" cat-
egorical column;

e 39: number of combinations of all binary
columns values (3 as binary column value
combinations are: 0, 1, 01);

o ZZJJ . %: number of combinations
of j, numerical column values;

o H;‘.le Zkfj _ %: number of combi-
nations of all numerical columns values;



Table 1: 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.

Table 2: 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.

qx qa! . : :
° —— 1 - pumber of combination
Do 7Tla—pr: number of combinations
of zt" categorical column values;
L qz Gz . :
° Hcc.zl Zymzl pRICE=TIE number of combi-
nations of all categorical columns values.

4. Result obtained applying the
method to the
epidemiological-clinical
dataset

We have tested the new method on the
epidemiological-clinical data collected in the De-
partment of Infectious Diseases and Intensive
Care Unit (ICU) of Luigi Sacco hospital. What
we have found confirm but also extend the find-
ings 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.

Moreover, when restricting the analysis to the
3rd and 4th epidemic waves or to the severe-
critical patients a positive SARS-CoV-2 viremia
and CCI were associated with a higher odd of
death as shown in the Tables 1, 2 and 3

We need to puntualize as the main merit of
the method is to be user-friendly, as the clini-
cian or in general not computer 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.

5. Conclusions

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 bioinformat-
ics 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 some Data Science methods
some clinical-epidemiological data which have
brought to interesting results. The most rele-
vant finding obtained by the study is that the
SARS-CoV-2 viremia (presence of the virus in
the blood) is strongly associated with COVID-19
mortality and for this reason it should be con-
sidered in the initial assessment of COVID-19
hospitalized patients. Moreover I have general-
ized the previous used approach by developing
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 pa-
tient’s death. The main merit of the method



Table 3:
vere/critical disease severity.

Logistic regression analysis of factors associated with death restricted to se-

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.

is to be user-friendly,as the clinician can use
the method just by providing simple directions.
As a consequence, the tool makes Data Sci-
ence accessible to a vast audience of domain ex-
perts (e.g., clinicians, biologist, economist, gov-
ernment) which is of paramount importance to
enable everybody, irrespective of their technical
know-how, to work with data comfortably and
make data-informed decisions.
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