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Predicting mortality outcomes in individual
COVID-19 patients using machine learning
algorithms

Nikolaos Kourmpanis*(2, Joseph Liaskos‘®, Emmanouil Zoulias‘”, and
John Mantas

Laboratory of Health Informatics, Department of Public Health, Faculty of Nursing, National and
Kapodistrian University of Athens, Athens, Greece

Abstract

In late 2019, the COVID-19 disease emerged, caused by the SARS-CoV-2 virus, and
has since spread worldwide, becoming a global pandemic and resulting in almost
seven million deaths to date. In addressing this global crisis, artificial intelligence
has played a crucial role, particularly through the development of predictive
models using machine learning algorithms, which have been successfully applied
to solving a multitude of problems across multiple scientific fields. The purpose of
this paper is to identify the model, or models, with the highest accuracy in predicting
a COVID-19 patient’s mortality outcome by comparing their performance metrics.
Different ML methods employed in model development include logistic regression,
decision trees, random forest, eXtreme gradient boosting (XGBoost), multi-layer
perceptrons, and the k-nearest neighbors. The metrics used for the comparison
of these models were accuracy, precision-recall, F1 score, area under the receiver
operating characteristic curve (AUC-ROC), and runtime. The data used comprised the
clinical characteristics and histories of 12,425,179 individuals who attended health
facilities in Mexico. Following a comprehensive evaluation, the XGBoost model
achieved the highest overall score across all metrics. It scored 93.76% in precision,
95.47% in recall, 91.13% in F1-score, 97.86% in AUC-ROC, and had a runtime of
6.67306 s. Therefore, XGBoost was determined to be the preferred method for
predicting the mortality outcome of COVID-19 patients.

Keywords: COVID-19; Pandemic; Machine learning; Classification algorithm

1. Introduction

Coronavirus disease 2019 (COVID-19)" was first identified in the Chinese city of Wuhan
in December 2019. On January 30, 2020, the World Health Organization (WHO)
classified this outbreak as a Public Health Emergency of International Concern, and on
March 11, 2020, it declared COVID-19 a pandemic.>®* As of December 13, 2023, there
have been 772,386,069 confirmed cases of COVID-19 and 6,987,222 deaths reported
to the WHO.* COVID-19 is caused by severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2),° an RNA virus with a spherical shape and a genome composed of
a positive-polarity single-stranded RNA.® The virus enters human cells through the
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angiotensin-converting enzyme 2 (ACE2) receptor. The
viral spike protein first attaches to ACE2, and then the
membrane enzyme TMPRSS2 cleaves the spike protein,
exposing fusion peptides that facilitate fusion with the
cell membrane.”® SARS-CoV-2 is the ninth documented
coronavirus to infect humans and the seventh identified
in the past 20 years.”'° Viruses related to SARS-CoV-2
have been documented in bats and pangolins in multiple
locations in Southeast Asia, including China, Thailand,
Cambodia, and Japan,'"> with serological evidence of viral
infections in pangolins for more than a decade.”* Notably,
SARS-CoV-2 is primarily transmitted between people
through close contact.

The explosion in the number of infections and deaths
has led to global efforts to control and curb the disease’s
spread and associated mortality. One research field that
has had a major positive impact on our understanding
and fighting the pandemic is machine learning (ML).
ML was developed as a tool for data analysis and pattern
recognition.!* ML algorithms process known data and
represent it in mathematical ways.'* During the pandemic,
ML studies have assisted in diagnosing and predicting
the severity of illness and mortality of COVID-19,>
predicting future mutations of SARS-CoV-2,” and
promoting the rapid development of therapeutic strategies
such as effective vaccines'® against the virus.

The present study focuses on the prediction of
COVID-19 patient mortality using risk factors such
as health conditions, habits, and others. Many factors
increase the severity of COVID-19 disease, which may
even result in the death of the sufferer. A key risk indicator
is age, as older people are more likely to get seriously ill
from COVID-19. Over 81% of deaths from COVID-19 are
among people over the age of 65. The number of deaths
among people aged over 65 years is 80 times higher than the
number of deaths among people aged 18 - 29 years.” There
are also medical conditions that increase the severity of the
disease, such as heart disease,' type I and II diabetes,***!
chronic lung diseases,”” and obesity.”® In addition, smoking
can negatively affect the severity of COVID-19 illness,
as it is one of the risk factors for the development and
exacerbation of multiple respiratory diseases.***

The data used in this study were provided by the
Epidemiological Surveillance System for Respiratory
Diseases under the Directorate-General for Epidemiology
of the Ministry of Health of the Government of Mexico.*
The dataset consisted of over 12 million patients, each with
40 attributes. Many of the attributes, such as geographical
data about the patient and health facilities, were dropped
as redundant or irrelevant, retaining only those related
to pre-existing medical conditions, COVID-19 positivity,

and demographics. The remaining attributes were
ranked according to their importance scores for each
ML method, creating subsets of features with escalating
cardinality to be used by different models. Data
processing and predictions for each patient’s outcome
were achieved using models created with six different
ML algorithmic methods, namely, logistic regression
(LR),>?8 decision trees (DTs),** random forest (RF),
eXtreme gradient boosting (XGBoost),”> multi-layer
perceptrons (MLPs),”** and the k-nearest neighbors
(KNN).* The main goal of the present study is to identify
the most effective ML method for predicting COVID-19
mortality outcomes with the highest precision,* recall,*
F1 score,* and area under the receiver-operator curve
(AUC-ROCQC).”

Specifically, this study aims to:

(i). Develop ML models for COVID-19 mortality outcome
prediction

(ii). Conduct a comparative analysis of COVID-19 disease
mortality outcome prediction using various ML
methods (LR, DTs, RE, XGBoost, MLPs, and KNN)

(iii). Evaluate the performance of different ML algorithmic
methods used for the prediction of COVID-19
mortality outcome.

2. Related works

This section presents the main characteristics and
outcomes of various studies conducted during the COVID-
19 pandemic with the aim of predicting the mortality
outcome of COVID-19 patients. The data used in these
studies varied from purely clinical markers, such as blood
test results, to risk factors such as heart disease, obesity,
and diabetes included in the patient’s history. Sample sizes
varied from several hundred to millions. Similarly, the
ML methods used in these studies varied, ranging from
simple classifiers such as LR, DTs, and KNN to ensemble
techniques such as RE, gradient boosting machine (GBM),
and XGBoost.

Studies conducted at the beginning of the pandemic
that used only one ML method to train the models for
predicting COVID-19 patient mortality include Josephus
et al.** who used the LR method in a dataset of 485 patients,
and Yan et al.”® who used XGBoost models with a dataset
of 1,085 patients. Both studies reported an overall accuracy
of 97% for their respective models. However, these studies
were limited by their use of only one ML method for the
model training and relatively small sample sizes.

Pourhomayoun and Shakibi* used a variety of ML
methods, including artificial neural networks (ANNs),
RE, DTs, support vector machine (SVM), KNN, and
LR, to predict mortality in COVID-19 patients. Their
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dataset comprised more than 2,670,000 confirmed
COVID-19 patients from 146 countries, with an average
age of 44.75 years. They applied feature selection to
filter irrelevant symptoms and pre-existing conditions,
obtaining accuracies of 89.98% for ANNs, 89.83% for
KNNs, 89.02% for SVM, 87.93% for RF, 87.91% for LR,
and 86.87% for DTs. The advantages of the study include
the diversity the patient origins, the large sample size, and
the use of different ML methods. The main limitation was
the lack of ensemble ML methods.

Naseem et al.*! aimed to develop a novel deep learning
neural network (DNN) model for COVID-19 mortality
prediction using the Neo-V framework and compared its
performance to other traditional ML models, suchas LR, RF,
KNN, random trees, support vector classifier using radial
basis function (SVC-RBF), adaptive boosting (AdaBoost)
classifier, quadratic discriminant analysis, and a DNN.
The dataset used comprised laboratory and clinical data
of 1,214 adult COVID-19 patients admitted to Aga Khan
University Hospital from February to September 2020. The
DNN Neo-V model outperformed the conventional ML
models, achieving an accuracy of 99.53%, a sensitivity of
89.87%, a specificity of 95.63%, and an AUC-ROC of 88.5.
The main advantage of the study is the diversity of the ML
methods used, including the Neo-V framework, with the
limitation being the small number of patients.

Chadaga et al.*? aimed to predict mortality among
COVID-19 patients using epidemiological parameters.
The ML methods used were RE XGBoost, LightGBM,
categorical boosting, AdaBoost, and gradient boost. The
dataset used was provided by the Directorate General
of Epidemiology, Secretariat of Health (Mexico)* and
consisted of 263,007 confirmed COVID-19 patients with
19 selected attributes each. The XGBoost model achieved
the best results with an accuracy of 96%, a precision of
95%, a recall of 95%, an Fl-score of 95%, and an AUC-
ROC of 96%. The advantages of the study include the
number and variety of ML methods used and the large
patient dataset. However, the main limitation was the lack
of non-ensemble ML methods.

Rai et al* proposed a voting ensemble model
comprising the extra trees classifier, the RE the gradient
boosting classifier, and the XGBoost. The proposed model
was compared to baseline models, including KNN, Naive
Bayes classifier, XGBoost, RE, gradient boosting classifier,
and extra tree classifier. The dataset used for the research
was obtained from a publicly available source consisting
of blood biomarkers of 4,711 patients admitted to the
hospital from March 1 to April 16, 2020. The highest scores
were recorded by the proposed voting ensemble model,
with an accuracy of 86.99%, a precision of 0.744, a recall

0f 0.690, an AUC-ROC of 0.895, and an F1-score of 0.716.
The advantage of the study is the use of a diverse ensemble
of ML methods, while the main limitation was the small
number of patients.

Barcenas and Fuentes-Garcia® conducted a study to
determine the risk factors associated with mortality in
COVID-19 patients using RF, GBM, and XGBoost. They
used a subset of the dataset provided by the Mexican
government,” recorded from January 17, 2020, to June
28, 2020, which consisted of 583,678 patients, 220,657 of
whom were confirmed COVID-19 patients. Patients were
classified into three risk categories: low, moderate, and
high, depending on comorbidities and major symptoms.
The overall accuracy for predicting mortality was 89.97%
for XGBoost, 89.86% for RE and 83.37 for GBM. The
advantage of the study is the large patient dataset, while
its limitations include the use of only a few ML methods
and the lack of non-ensemble methods. In addition,
recent studies demonstrate promising results in the use
of ML in various domains, such as contact tracing for
COVID-19 transmission,* prenatal screening,” predicting
the occurrence of type 2 diabetes,”® and cardiovascular
disease.”

3. Data and methods

In this section, we present the dataset used, the
preprocessing techniques applied, and the ML algorithmic
methods employed to train the models.

3.1. Data preprocessing

The data preprocessing procedure encompasses cleaning,
transforming, and encoding the raw data, as well as
generating the training and testing datasets for each
iteration.

3.1.1. Cleansing

Our dataset consists of 12,425,179 cases suspected of
having COVID-19, who attended various health facilities
in Mexico from January 17, 2020, until January 3, 2022.
The dataset is publicly available as a CSV file disseminated
by the Government of Mexico.*

First, we translated all 40 attribute names from Spanish
to English. Second, we cleansed the dataset by retaining
only the positive COVID-19 cases, as indicated by the
“Laboratory Result” (1: SARS-CoV-2 positive) and “Final
Classification” (1, 2, and 3: Confirmed case) attributes,
in accordance with the guidelines of the Epidemiological
Association of Mexico and the Mexican Commission of
Medical Decisions. Third, we discarded 184,345 cases
containing invalid (98: Ignored and 99: Not Specified) or
null values in one or more of their attributes. Thus, we
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ended up with 3,809,119 COVID-19 patients with valid
attribute values. Fourth, we removed the non-correlated
attributes — for instance, those related to geography,
residency, and indigeneity - resulting in 24 attributes.
Finally, we transformed the “Date of Death” attribute
into a categorical attribute by renaming it “Survived”
and replacing all the “9999-99-99” date values with “1”
(Yes) and the rest with “0” (No). We also combined the
“Symptom Onset Date” and “Hospital Admission Date”
attributes into a numerical attribute labeled “Days from
Symptom to Hospitalization” Hence, we settled with 23
attributes, as shown in Table 1. Nineteen of these attributes
were included in the ML models, with “Survived” being

the target attribute used for predictions, and the remaining
four being the “Registration ID” and three indicators. The
created “gold standard dataset” (Table 2) consisting of the
23 attribute values of the 3,809,119 patients was saved in
CSV file format. The dataset cleansing process flowchart
is shown in Figure 1. The dataset value distribution for
the categorical attributes is depicted in Figure 2, whereas
Figure 3 illustrates the distribution of age groups for both
genders. In Figure 3, we observe that most of the patients

Table 2. The golden standard dataset table

Table 1. The 23 attributes of each patient

Attribute name

Values

Registration ID

Sex

Age

Smoker

Pneumonia

Diabetes

Obesity

COPD

Asthma
Immunosuppressed
Hypertension
Cardiovascular disease
Chronic kidney failure
Other chronic disease

Pregnancy

Contact with COVID-19 case®

Laboratory result®

Final classification*®

Patient type
Intubated
ICU

Days from symptom to
hospitalization*®

Survived®

Patient’s unique identification code
1: Female; 2: Male
Numerical positive
1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:No

1:Yes; 2:Noj; 97: Not applicable
(Male)

1:Yes; 2:No

1: SARS-CoV-2 positive; 2:
SARS-CoV-2 negative; 3, 4: Not clear

1, 2, 3: Confirmed case; 4: Invalidly
identified case; 5, 6, 7: Unconfirmed
case

1: Not admitted; 2: Admitted
1:Yes; 2:Noj; 97: Not applicable

1: Admitted to ICU; 2:Not admitted
to ICU; 97: Not applicable

Numerical positive (created
attribute)

1:Yes; 2:No (created attribute)

Notes: *“Indicators; "COVID-19 sample classification; “Created

attributes.

Abbreviations: COPD: Chronic obstructive pulmonary disease; ICU:

Intensive care unit.

Attribute name

Value distribution

Registration ID
Sex

Age

Smoker

Pneumonia

Diabetes

Obesity

COPD

Asthma
Immunosuppressed
Hypertension
Cardiovascular disease
Chronic kidney failure
Other chronic disease

Pregnancy
Contact with
COVID-19 case
Laboratory result
Final classification
Patient type

Intubated

ICU

Days from symptom to
hospitalization

Survived

3,809,119 unique values
1,921,058: Female; 1,888,061: Male

Mean: 40.723; Standard deviation:
17.173; Minimum: 0; Maximum: 121

250,558: Yes; 3,558,561: No
395,528: Yes; 3,413,591: No
403,336: Yes; 3,405,783: No
448,412: Yes; 3,360,707: No
31,477: Yes; 3,777,642: No
74,682: Yes; 3,734,437: No
23,825: Yes; 3,785,294: No
526,891: Yes; 3,282,228: No
44,362: Yes; 3,764,757: No
42,703: Yes; 3,766,416: No
60,307: Yes; 3,748,812: No

29,332: Yes; 1,891,726: No; 1,888,061:
Not applicable (Male)

1,519,968:Yes; 2,289,151: No

3,802,238: SARS-CoV-2 positive; 0:
SARS-CoV-2 negative; 6,881: Not clear

3,809,119: Confirmed cases; 0: Invalidly
identified cases; 0: Unconfirmed cases

3,284,671: Not admitted; 524,448:
Admitted

60,539: Yes; 463,909: No; 3,284,671: Not
applicable

42,095: Admitted to ICU; 482,353:

Not admitted to ICU; 3,284,671: Not
applicable

Mean: 3.673; Standard deviation: 3.160;
Minimum: -13% Maximum: 43

3,558,390: Yes; 250729: No

Note: *The minimum value is a negative number in the cases where the
patient contacted the disease inside the hospital where he was being

treated.

Abbreviations: COPD: Chronic obstructive pulmonary disease; ICU:

Intensive care unit.
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Figure 1. Data cleansing process flowchart. Image created using Draw.io (https://app.diagrams.net/)
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Figure 2. Distribution plot of categorical attribute values in the valid
COVID-19 dataset. Image created using Python’s Matplotlib library.
Abbreviations: COPD: Chronic obstructive pulmonary disease;
ICU: Intensive care unit.

are between 20 and 59 years old and that the two genders
are equally divided across all age groups.

3.1.2. Transformation-encoding

We further encoded and transformed the data values of the
newly constructed dataset using Python’s statistical analysis
libraries and methods. The first step was to encode 14 out
of the 17 categorical attributes, excluding “Pregnancy;,”
“Intubated,” and “ICU; using sklearn’s “LabelEncoder”
method. This method assigns a unique value between 0
and n-1 to each distinct value of an attribute, where n is the
number of distinct values for that attribute. Next, we used

Age & gender distribution (4M All pos_fc_valid)

400000

300000 1 BN Women

. Men

B Not apply
B (gnored
W Not specified

200000 1

100000 A

50-50 | E————

10-19 _|——
60—60 |

70-79 _p—

80-89 ™=
90-99

20-29
30-39
40-49

100 and over

Figure 3. Age group and gender distribution chart in the valid COVID-19
dataset. Image created with Python’s Matplotlib library

the “get_dummies” method from the pandas library to
convert the categorical attributes “Pregnancy;” “Intubated,”
and “ICU” into dummy-pointer variables. These three
attributes can take three distinct values: “1” for “Yes,” “2”
for “No,” and “97” for “Not Applied” The “get_dummies”
method breaks each attribute into m-1 attributes, where
m is the number of distinct values for that attribute. For
instance, the “Pregnancy” attribute was split into two new
attributes: “Pregnancy_2” and “Pregnancy_97” Here, the
values “1,0” describe a non-pregnant female, “0,1” describe
a male, and “0,0” describe a pregnant female. The same
transformation was applied to the “Intubated” and “ICU”
attributes, resulting in “Intubated_2” “Intubated_97,
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“ICU_2; and “ICU_97” After this processing, we created
three more categorical attributes, bringing the total to 20.
After adding the two numerical attributes “Age” and “Days
from Symptom to Hospitalization,” we ultimately settled
on a final total of 22 attributes used by the ML models.
Finally, using the sklearn’s statistical methods, namely
“StandardScaler” (std) and “MinMaxScaler” (mm), we
created six distinct datasets with different normalization
schemes for the numerical attributes “Age” and “Days from
Symptom to Hospitalization” Specifically, one dataset
was created using the “StandardScaler” method, four
using the “MinMaxScaler” method with different ranges
(0-1,0-10,0 - 100, and 0 - 1000), and one without any
normalizing method (none). Each of the six datasets was
saved in CSV file format. The transformation-encoding
process flowchart is shown in Figure 4.

3.1.3. Train-test set generation

To create the train and test sets for each ML model iteration,
we formed a dataset by randomly selecting 20% of the
samples from the current dataset file using the “sample”
function from the pandas library. Next, to mitigate the
imbalance in the “Survived” attribute, which had an
approximate dead-to-survivor ratio of 1:14, we applied the
synthetic minority oversampling technique (SMOTE)>
from Python’s imblearn library. This adjustment created a
set with a dead-to-survivor ratio of 1:10. Finally, we applied
the “RandomUnderSampler” method from the imblearn
library to create the final dataset with a dead-to-survivor
ratio of 1:2. This dataset was then randomly divided into
two subsets: the train set, consisting of 70% of the data,
and the test set, consisting 30% of the data. The flowchart
illustrating the process of generating the train and test sets
is depicted in Figure 5.

3.2. Models and algorithmic methods

In this study, we used six ML algorithmic methods, i.e.,
LR,”* DTs,** RE* XGBoost,”> MLPs,”*** and KNN.*
The models were implemented in Python (version 3.7)
using the integrated development environment (IDE)
software Spyder (version 5.1.5) and the pandas library
(version 1.3.5).

3.2.1.LR

LR is a supervised learning method developed by David
Cox in 1958% that aims to solve classification problems.
LR is a generalized form of simple linear regression,
used for solving classification problems where both
numerical variables and categorical variables can be used
as dependent variables. LR models data using the sigmoid
function to make predictions about different possible
outcomes.” Specifically, it predicts the value of dependent

variables based on the weights of each independent
variable. The weight of each variable is related to the degree
of correlation it has with the dependent variable. In this
study, we used the “LogisticRegression” method from
Python’s sklearn library.

3.2.2. DTs

DTs are a non-parametric supervised learning method
used for classification or regression problems. The main
goal of DTs is to build a model that predicts the value of
a target variable by learning simple decision rules inferred
from data features. The algorithm takes the given dataset
and divides it into categories consisting of entities with the
same value for a specific variable (attribute). This process
is repeated recursively until the DT is constructed through
the rules of the individual categorizations of the specific
model.*® A tree can be thought of as a piecewise consistent
approximation. In this study, we constructed our DT
models using the “DecisionTreeClassifier” method from
Python’s sklearn library.

3.2.3.RF

RF is an ensemble-supervised ML method that can be
applied to both classification and regression problems.
RF improves model performance by combining multiple
classifiers to solve complex problems.” Specifically, RF is
a classifier that consists of a number of DTs, each trained
on a different subset of the training set. The final decision
(prediction) is made by the majority vote for categorical
variables or by averaging the values for numerical variables,
enhancing the model’s accuracy. The higher the number of
DTs that comprise the forest, the higher the model's accuracy
and the lower the risk of overfitting. In this study, we used the
“RandomForestClassifier” method from the sklearn library.

3.2.4. XGBoost

XGBoost is a well-known variant of the gradient boosting
algorithm, developed to increase prediction accuracy.
XGBoost is an ensemble learning method based on DTs,
utilizing a gradient-boosting framework. This framework
corrects mistakes from previous DT models by modifying
the weights of the variables, thereby improving subsequent
models. The method was originally developed by Tiangi
Chen and described by him and Carlos Guestrin in
2016.* XGBoost has gained widespread popularity due
to its performance in ML competitions.* In this study, we
used the “XGBClassifier” method from Python’s XGBoost
library.

3.2.5. MLPs

MLPs are another term for ANNs since the artificial
neuron is also called a “Perceptron””! MLPs are a
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on the 14 categorical attributes to
encode them with 0 and 1 values

Generated 6 different cs files, one for each
* normalization method, plus one with no
normalization
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Use the SMOTE oversampling Use the RandomUnder Sampler with the Training subset consisting of 70%
method to achieve a 1:10 ratio of method to achieve a final

“b,-:m“_ a of the samples and the Testing subset

1:2 Dead to Survivors ratio.

Figure 5. Train-test set generation process flowchart. Image created using Draw.io (https://app.diagrams.net/).
Abbreviation: SMOTE: Synthetic minority oversampling technique.

supervised learning method that mimics the function of
neurons through algorithmic techniques to solve complex
computational problems.”*** Given a set of attributes as
independent variables and one independent variable as
the target, MLPs can “learn” a non-linear approximation
of the function for either classification or regression. MLPs
consist of several layers of neurons: the input layer, the
output layer, and the in-between or hidden layers. Each
neuron is connected to every neuron of the previous
and next layers. The input layer’s neurons receive the
data used to make predictions and pass it to the hidden
layers. Finally, the output layer’s neurons receive the values
from the last hidden layer and make predictions for the
corresponding classification or regression problem. As

more layers are added to ANNS, the gradients of the loss
function approach zero, making the network hard to train
due to the vanishing gradient problem. This problem can
be overcome through a multi-pronged approach, varying
from the utilization of rectified linear unit activations to
new algorithms exploring fresh techniques or enhancing
existing ones.”> MLPs are capable of learning non-linear
models in real-time, but, due to the hidden layers, they
exhibit a non-convex loss function owing to multiple local
minima. Therefore, different random attribute weight
initializations can lead to different validation accuracies,
as MLPs are sensitive to the scaling of attribute weights.*
In the present study, we used the “MLPClassifier” method
from the sklearn library.
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3.2.6. KNNs

The KNNs are a non-parametric supervised learning
method used in classification problems, where “non-
parametric” means that the input and output data will be
similar in type. The method was discovered by Fix and
Hodges® in 1951 and was subsequently developed by
Cover.”* KNN classifies new samples based on their value
distance from samples with a known class label, relying on
the logic that similar samples belong to the same class.”
The class to which each new sample will belong depends
on its distance from the k previous samples in the training
dataset. KNN can be used for classification problems with
discrete variable objectives or regression problems with
continuous variable objectives. In this study, we used the
“KNeighborsClassifier” method from the sklearn library.

3.3.The importance of attributes

For each ML method, except for MLPs and KNN, we
used three different sets of attributes, depending on the
importance score that each attribute aggregated according
to the “feature_importances_” method. This sklearn
library method is a vector of shape available in certain
Python predictors and provides a relative measure of the
importance of each feature in the predictions of the model.*
For the “MLPClassifier” and “KNeighborsClassifier;
the score for each attribute was calculated as the
normalized sum of the scores from the four previous
methods: “LogisticRegression,” “DecisionTreeClassifier;’
“RandomForestClassifier;” and “XGBClassifier”

These three sets had a different number of attributes:
One contained all 22 attributes, another included the 15
most important attributes and the last contained only the
10 most important attributes. The following diagrams in
Figures 6-16 illustrate the attribute rankings and the SHAP
(SHapley Additive exPlanation) summary plots for all six
ML methods.

3.4. Hyperparameter values optimization

We used three different sets of hyperparameters for
each ML method. The first set contained the default
values (default), the second set contained the first set of
optimized values for the ML method’s hyperparameters
(opt_01), and the third set contained the second set of
optimized hyperparameters values (opt_02). These two
optimized hyperparameter sets were created using the
“GridSearchCV” method from the sklearn library. To form
the two sets of optimized hyperparameters, including
the optimal values for most hyperparameters, we applied
sklearn’s “GridSearchCV()” grid search method. This
method is used to search for the optimal value of each
hyperparameter through a given grid containing all possible

values of the different hyperparameters. In this study,
we used “GridSearchCV()” as a 10-fold cross-validation
method. It accepts the respective ML method and the sets
of hyperparameter values as input and outputs the optimal
value for each hyperparameter. This process resulted in
nine different combinations for every ML method across
the six datasets, creating a total of 54 different models
for each ML method, and 324 models in total for all six
methods. We ran each model 10 times (iterations) and
calculated the mean to avoid extreme values in the metrics,
resulting in 540 iterations for each ML method and a total
of 3,240 iterations for all ML methods. The flowchart for
creating, training, and evaluating each model is shown in
Figure 17.

4. Results

This section presents the metrics used in the evaluation
and the evaluation results of the created models. The
evaluation results are presented for both all models created
as well as the models with the highest overall score for each
ML method. In addition, an overall ranking of all models
according to their highest score is presented.

4.1. Evaluation metrics

To assess the performance of 324 ML models, we used the
metrics of precision,® recall,® F1 score,*® and the AUC-
ROC,” computed through the confusion matrix,* and the
runtime metric. The confusion matrix is a summary of
the prediction results of a model, depicting the number of
correct and incorrect predictions made by the evaluation
model. The predictions are categorized into four groups:
True positives (TP), false positives (FP), true negatives
(TN), and false negatives (FN).** The TP is the correctly
predicted positive value, FP is the wrongly predicted
positive value, TN is the correctly predicted negative value,
and FN is the wrongly predicted negative value for the
samples of the training set. Based on these four parameters,
we can calculate precision, recall, F1 Score (F1 Score), and
the AUC-ROC.

Precision is calculated as the ratio of TP to the total
predicted positive observations, giving us the model’s
percentage of correctly predicted positive values. It is given
by Equation L.

TP

Precision=———
(TP+FP)

@

Recall is the ratio of TP to the total number of positive
values. It is given by Equation II below.

TP

Recall=————
(TP+FN)

(ID
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Figure 6. Attribute importance ranking of the “LogisticRegression” method. Image created using Python’s Matplotlib library
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Figure 7. SHAP summary plots of the “LogisticRegression” method. (A) Barchart. (B) Beeswarm. Image created using Python’s Matplotlib library

The F1 score is the weighted average of precision and
recall, taking into account both FP and FN. It is usually
more useful than precision, especially if there is an uneven
target class distribution. The F1 score computation is given
by Equation III.

Recall x Precision

F1 score=2x

(Recall + Precision) (111)

The AUC-ROC is calculated as the entire two-
dimensional areaunder the receiver operating characteristic
(ROC) curve (Figure 18), from 0.0 to 1.1.”” The ROC curve

depicts the performance of the ML model being evaluated
across all classification thresholds. Specifically, the ROC
curve is a representation of the true positive rate (TPR) and
false positive rate (FPR).”” As the classification threshold
is lowered, the model classifies more items as positive,
resulting in an increase for both FPs and TPs. The value
of AUC-ROC ranges from 0 to 1; for example, for a model
with 100% inaccurate predictions, the AUC-ROC will be
0.00, whereas for a model with 100% accurate predictions,
the AUC-ROC will be 1.00.”” TPR and FPR are calculated
using Equations IV and V, respectively.
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Figure 8. Attribute importance ranking of the “DecisionTreeClassifier” method. Image created using Python’s Matplotlib library
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Figure 9. SHAP summary plots of the “DecisionTreeClassifier” method. (A) Barchart. (B) Beeswarm. Image created using Python’s Matplotlib library

Re— 1P
Re— 1P
(FP + TN) W)

Runtime is an additional metric that we used; it is
measured in seconds and defined as the duration of a
model’s iteration.

4.2. Model evaluation

After running and evaluating all 324 different models, we
ranked them according to their scores. The ML models
achieved precision ranging from 90.09% to 93.76%, recall
from 83.42% to 96.99%, F1-score from 84.96% to 91.13%,
AUC-ROC from 0.9003 to 0.9788, and runtime from 1.092
to 910.173 s. The results of this ranking are depicted in
Figure 19. The model with the highest score is positioned
on the leftmost position, with the metric values decreasing
as we move toward the right, so the last model scores the
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Figure 10. Attribute importance ranking of the “RandomForestClassifier” method. Image created using Python’s Matplotlib library
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Figure 11. SHAP summary plots of the “RandomForestClassifier” method. (A) Barchart. (B) Beeswarm. Image created using Python’s Matplotlib library

lowest. In the following sections, we analyze and rank the
performance of the different ML methods’ models both
for each metric and overall for all metrics, presenting
each methods highest-performing model. The ranges of
the values of each metric for all models and for the three
highest-ranking models for each ML method are illustrated
in Tables 3 and 4, respectively. All appendix files are publicly
available on GitHub (https://github.com/NikosKourb/
Patients_Mortality COVID-19_ML). All the model
processes described in this paper were run in a Spyder 5.3.3
version IDE using Python 3.7.1 version as the programming

language in a Microsoft Windows 10 Enterprise (x64) Build
19045.3570 (22H2) environment. The hardware used was
a DELL Inspiron 3576 laptop, with an Intel(R) Core(TM)
i7-8550U CPU (4 cores/8 threads/1.80GHz base/4.00GHz
max), 8GB of DDR4 (2400/PC4-19200/1200.0 MHz)
SDRAM, an Intel UHD Graphics 620 (Kaby Lake R U GT2)
video adapter, and a DELL 0J11DH motherboard.

4.2.1. Precision

The XGBoost models showed the highest precision
values, ranging from 93.21% (113™ position) to 93.76%

Volume 1 Issue 3 (2024)

M

doi: 10.36922/aih.2591


https://dx.doi.org/10.36922/aih.2591

Artificial Intelligence in Health

Predicting mortality in COVID-19 using ML

XGBoost_Classifier All Features' Importance Overall

ICU_97

PREGNANCY~97 -
INTUBATED 97 -

ASTHMA
CARDIOVASCULAR -

COPD -
DAYS_FROM_SYMPTOM_TO_HOSPITALIZATION -
IMMUNOSUPPRESSED -
SMOKER -
OTHER_CHRONIC_DISEASE -
ICU 2 -

OBESITY -

HYPERTENSION -
PREGNANCY 2 -

SEX A

DIABETIC -
CHRONIC_KIDNEY_FAILURE 1

Feature_Name

PNEUMONIA =
INTUBATED 2

B |Importance_Score(Total)
mm Average

TYPE_OF_PATIENT
0

1 2 3 4 5

Figure 12. Attribute importance ranking of the “XGBClassifier” method. Image created using Python’s Matplotlib library
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Figure 13. SHAP summary plots of the “XGBClassifier” method. (A) Barchart. (B) Beeswarm. Image created using Python’s Matplotlib library

(1% position). Half of the XGBoost models (28/54) ranked
above the 55" place. The highest-ranked XGBoost models
processed datasets using the “Min-Max” method, with
ranges of 0 - 100 and 0 - 1000 (mm_0 - 100 and mm_0 -
1000, respectively) and used all 22 attributes with the first
set of optimized (opt-01) hyperparameter values.

Following XGBoost, the RF models exhibited precision
values ranging from 92.25% (273" position) to 93.66%
(11" position). The distribution of RF model rankings
demonstrated significant dispersion, with 50% of the models

ranking above the 146™ position. The highest-ranked RF
models processed datasets with the “Min-Max™ method,
using ranges of 0 — 100 and 0 — 1000 (mm_0 - 100 and mm_0
- 1000, respectively), and used either 22 or 15 attributes with
the second set of optimized (opt-02) hyperparameter values.

The MLP models ranked third, with precision
scores ranging from 92.59% (172 position) to 93.46%
(32 position), with half of them ranking above the
88" position. The highest-ranked MLP models processed
datasets with the “Min-Max” method, using ranges of
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Figure 14. Attribute importance ranking of “MLPClassifier” and “KNeighborsClassifier” methods. Image created using Python’s Matplotlib library
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Figure 15. SHAP summary plots of the “MLPClassifier” method. (A) Barchart. (B) Beeswarm. Image created using Python’s Matplotlib library

0 - 100 and 0 - 1000 (mm_0 - 100 and mm_0 - 1000,
respectively), and used 22 attributes with either the
first or the second sets of optimized (opt-01 and opt-02,
respectively) hyperparameter values.

In the fourth place were the DT models, with
precision scores ranging from 90.09% (324™ position)
to 93.04% (127" position). The highest-scoring DT
models handled datasets that were either not processed
with any normalization method (none) or processed
with the “Min-Max” method, with a range of 0 - 1000
(mm_0 - 1000), and used either 22 or 15 attributes

with the first set of optimized (opt-01) hyperparameter
values.

K-nearest neighbor models ranked fifth, with precision
scores ranging from 91.54% (304" position) to 92.85%
(142 position). The highest-scoring KNN models used
datasets processed with the “StandardScaler” method (std),
used either 22 or 15 attributes, and employed the first set of
optimized (opt-01) hyperparameter values.

Finally, the LR models showed precision values ranging
from 92.32% (267" position) to 92.63% (169" position).
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Figure 16. SHAP summary plots of the “KNeighborsClassifier” method. (A) Barchart. (B) Beeswarm. Image created using Python’s Matplotlib library

The highest-ranked LR models processed datasets
processed using the “Min-Max” method, with ranges of
0 - 100 and 0 - 1000 (mm_0 - 100 and mm_0 - 1000,
respectively), and used either 22 or 15 attributes with the
default set of (default) hyperparameter.

4.2.2. Recall

The RF models showed the highest values for recall, ranging
from 90.83% (271" position) to 96.99% (1% position).
The distribution of the models rankings demonstrates
significant dispersion, with 33.3% (18/54) ranking above
the 19" position and 44.4% (24/54) occupying positions
between 119" and 176". The highest-ranked RF models
handled datasets processed with the “Min-Max” method,
using ranges of 0 - 100 and 0 — 1000 (mm_0 - 100 and mm_0
- 1000, respectively), and used either 22 or 15 attributes with
the second set of optimized (opt-02) hyperparameter values.

Following the RF models, the XGBoost models
ranked second, with recall values ranging from 93.96%
(133 position) to 95.61% (20" position), and 63% (34/54)
ranking above the 70™ position. The highest-ranked
XGBoost models processed datasets using the “Min-Max”
method, with ranges of 0 - 100 and 0 - 1000 (mm_0 -
100 and mm_0 - 1000, respectively), and used either 22
or 10 attributes with either the default or the first set of
optimized (opt-01) hyperparameter values.

In third place were the MLPs models, scoring from
93.43% (142" position) to 95.62% (19" position), with
88.9% (48/54) occupying positions between 51 and 113™.
The highest-ranked MLPs models processed datasets using
the “Min-Max” method, with ranges of 0 — 100 and 0 —
1000 (mm_0 - 100 and mm_0 - 1000, respectively) and
used either 22 or 10 attributes with either the first or the
second sets of optimized (opt-01 and opt-02, respectively)
hyperparameter values.

In the fourth place are the DTs models, scoring from
83.42% (324™ position) up to 93.69% (135% position). The
highest scoring DT models handled datasets that were
either not processed with any normalization method (none)
or were processed with the “Min-Max” method, with 0 -
1000 (mm_0 - 1000) range, used either 22 or 15 attributes
and the first set of optimal (opt-01) hyperparameter values.

In fifth place were the KNN models, scoring from
88.23% (303" position) to 92.95% (157" position). The
highest-ranked KNN models used datasets processed
with the “StandardScaler” method (std) and used either
22 or 15 attributes with the first set of optimized (opt-01)
hyperparameter values.

Lastly, the LR models showed recall values ranging
from 90.79% (278" position) to 91.89% (182" position).
The highest-ranked LR models processed datasets using
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Figure 17. Creation, training, and evaluation process flowchart for each of the 324 models. Image created using Draw.io (https://app.diagrams.net/).

Abbreviation: ML: Machine learning.
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Figure 18. The area under the receiver-operating characteristic curve.”
Abbreviations: FP: False positive; TP: True positive.

the “Min-Max” method, with ranges of 0 - 1 and 0 -
1000 (mm_0 - 1 and mm_0 - 1000, respectively) and
used either 22 or 10 attributes with either the first or the
second sets of optimized (opt-01 and opt-02, respectively)
hyperparameter values.

4.2.3. F1 score

The XGBoost models demonstrated the highest FI1
scores, ranging from 90.33% (121% position) to 91.13%
(I position), with 63% (34/54) ranking above the
54" position. The highest-ranked XGBoost models
processed datasets using the “Min-Max” method, with
ranges of 0 — 10, 0 - 100, and 0 - 1000 (mm_0 - 10,
mm_0 - 100, and mm_0 - 1000, respectively), used 22
attributes, and employed the first set of optimized (opt-01)
hyperparameter values.

The RFmodels secured second place, with values ranging
from 88.73% (274%™ position) to 91.13% (2™ position). The
highest-ranked RF models handled datasets processed
with the “Min-Max” method, with ranges of 0 - 100 and 0
- 1000 (mm_0 - 100 and mm_0 - 1000, respectively), used
either 22 or 15 attributes, and utilized either the default
or the second set of optimized (opt-02) hyperparameter
values.

In the third place were the MLPs models, which scored
from 89.39% (168" position) to 90.76% (34" position).
The highest-ranked MLP models used datasets processed
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Figure 19. Ranking all 324 different models for the different metrics. (A) Ranking for precision. (B) Ranking for recall. (C) Ranking for F1 score.
(D) Ranking for AUC-ROC. (E) Ranking for runtime. (F) Color-coding matching for the different ML methods. Image created using Microsoft Excel.
Abbreviations: AUC-ROC: Receiver operating characteristic curve; DTs: Decision trees; KNN: K-nearest neighbors; LR: Linear regression; ML: Machine
learning; MLPs: Multi-layer perceptrons; RF: Random forest; XGBoost: eXtreme gradient boosting.

with the “Min-Max” method, with ranges of 0 - 100 and
0 - 1000 (mm_0 - 100 and mm_0 - 1000, respectively),
used either 22 or 15 attributes, and employed either the
first or the second sets of optimized (opt-01 and opt-02,
respectively) hyperparameters.

The DT models ranked fourth, scoring from 84.96%
(127 position) to 90.03% (324" position). The highest-
scoring DT models handled datasets that were either
not processed with any normalization method (none)
or were processed with the “Min-Max” method, with
the 0 — 1000 (mm_0 - 1000) range, used either 22 or 15
attributes, and employed the first set of optimized (opt-01)
hyperparameter values.

Following the DTs models, in fifth place, were the
KNN models that scored from 87.52% (304" position) to
89.74% (145" position). The highest-scoring KNN models
used datasets processed with the “StandardScaler” method
(std), used either 22 or 15 attributes, and employed the first
set of optimized (opt-01) hyperparameter values.

Inthelast place were the KNN models, with values ranging
from 88.88% (266" position) to 89.26% (172" position). The

highest-ranking KNN models handled datasets processed
with the “Min-Max” method, with ranges of 0 - 1 and 0 -
1000 (mm_0 - 1 and mm_0 - 1000, respectively), used all 22
attributes, and employed either the default or the second sets
of optimized (opt-02) hyperparameter values.

4.2.4. Area under the receiver operating characteristic
curve

The XGBoost models showed the highest values for AUC-
ROC, with values ranging from 97.07% (122" position) to
97.88% (1 position). A significant portion, 74.1% (40/54),
of the XGBoost models ranked above the 58" position.
The top-performing XGBoost model’s processed datasets
processed using the “Min-Max” method, with ranges of
0 - 100 and 0 — 1000 (mm_0 - 100 and mm_0 - 1000,
respectively), used all 22 attributes, and employed
either the default or the first set of optimized (opt-01)
hyperparameter values.

The RF models secured second place, with AUC-ROC
values ranging from 96.16% (216™ position) to 97.71%
(11*™ position). The distribution of the RF models showed a
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Table 3. Performance results of all models for each ML method

ML methods Metrics

Precision Recall F1-score AUC-ROC Runtime (sec)
LR 92.32 -%92.63% 90.79 - *91.98% 88.88 - *89.26% 0.9646 - 0.9708 1.343 - 3.317
DTs 290.09 - 93.04% %83.42 - 93.69% *84.96 - 90.03% 20.9003 - *0.9567 *1.092 - *1.722
RF 92.25 - 93.66% 90.83 - °96.99% 88.73 - 91.12% 0.9616 - 0.9771 11.951 - 30.221
XGBoost 93.21 - %93.76% 93.96 - 95.61% 90.33 - 91.13% °0.9707 - ©0.9788 4.969 - 17.711
MLPs 92.59 - 93.46% 93.43 - 95.62% 89.39 - 90.76% 0.9706 - 0.9735 ©18.144 - 362.466
KNN 91.54 - 92.85% 88.23 - 92.95% 87.52 - 89.74% 0.9415 - 0.9593 8.060 - 910.173

Notes: “Lowest metric values; "Highest metric values.

Abbreviations: AUC-ROC: Receiver operating characteristic curve; DTs: Decision trees; KNN: K-nearest neighbors; LR: Linear regression;
ML: Machine learning; MLPs: Multi-layer perceptrons; RF: Random forest; XGBoost: eXtreme gradient boosting.

Table 4. Performance results of the three models, with the highest overall scores, for each ML method

ML methods Metrics

Precision Recall F1-score AUC-ROC Runtime (sec)
LR 292.56 - *92.63% 290.99 - *91.29% 289.14 - *89.26% 0.9704 - 0.9708 2.994 - 3.235
DTs 92.98 - 93.04% 93.37 - 93.69% 89.94 - 90.03% 20.9549 - *0.9567 21.147 - *1.451
RF 93.55 - 93.66% 96.63 - 96.99% 90.96 - °91.13% 0.9744 - 0.9771 26.678 - 29.847
XGBoost 93.73 -93.76% 95.40 - 95.61% 91.09 - 91.12% 0.9778 - °0.9788 6.128 - 6.741
MLPs 93.40 - 93.46% 95.28 - 95.62% 90.67 - 90.76% 0.9726 - 0.9729 117.228 - 181.845
KNN 92.71 - 92.85% 92.56 - 92.95% 89.50 — 89.74% 0.9583 - 0.9593 48215 - 882.944

Notes: *‘Lowest metric values; "Highest metric values.

Abbreviations: AUC-ROC: Receiver operating characteristic curve; DTs: Decision trees; KNN: K-nearest neighbors; LR: Linear regression;
ML: Machine learning; MLPs: Multi-layer perceptrons; RF: Random forest; XGBoost: eXtreme gradient boosting.

significant dispersion, with the lowest half ranking between
the 175" and the 216" positions. The highest-ranked RF
models processed datasets using the “Min-Max” method,
with ranges 0 - 100 and 0 - 1000 (mm_0 - 100 and mm_0
- 1000, respectively), used either 22 or 15 attributes, and
employed either the default or the second set of optimized
(opt-02) hyperparameter values.

In third place were the MLPs models, with AUC-ROC
values ranging from 97.06% (123" position) to 97.35%
(39" position). A majority, 85.2% (46/54), of the MLP
models occupied positions between the 58" and 113™. The
highest-ranked MLP models handled datasets that were
either not processed with any normalization method (none)
or processed with the “Min-Max” method, within the 0 -
1000 (mm_0 - 1000) range, used either 22 or 15 attributes,
and applied either the first or the second sets of optimized
(opt-01 and opt-02, respectively) hyperparameter values.

The LR models ranked fourth, with AUC-ROC
values ranging from 96.46% (119" position) to 97.08%
(203" position). The highest-scoring LR models
handled datasets that were either not processed with
any normalization method (none) or processed with
the “Min-Max” method, within ranges of 0 - 100 and 0

- 10 (mm_0 - 10 and mm_0 - 100, respectively), used
either 22 or 15 attributes, and applied the default set of
hyperparameter values.

In fifth place were the KNN models, with AUC-ROC
values ranging from 94.15% (289" position) to 95.93%
(217" position). The highest-scoring KNN models
handled datasets that were either not processed with
any normalization method (none) or processed with
the “StandardScaler” method (std), used either 22 or 15
attributes, and applied either the default or the first set of
optimized (opt-01) hyperparameter values.

Finally, in the last place, were the DT models, with
AUC-ROC values ranging from 90.03% (324" position) to
95.67% (234" position). The highest-ranking DT models
handled datasets that were either not processed with any
normalization method (none) or processed using the
“Min-Max” method, within the 0 — 1000 (mm_0 - 1000)
range, used either 22 or 15 attributes, and applied the first
sets of optimized (opt-01) hyperparameter values.

4.2.5. Runtime

The KNN models scored the highest runtime values,
ranging from 8.06013 s (1% position) to 910.1731 s
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(178" position). The lowest-ranking KNN models
handled datasets that were either not processed with any
normalization method (none) or processed with the “Min-
Max” method, within the 0 - 10 (mm_0 - 10) range, using
either 10 or 15 attributes and either the default or the first
set of optimized (opt-01) hyperparameter values.

The MLP models scored the second-highest runtime
values, ranging from 18.14386 s (125" position) to
362.46571 s (13" position). The models with the
lowest runtime scores used datasets processed with the
“StandardScaler” (std) or the “Min-Max” method, within
the 0 — 1 (mm_0 - 1) range, used either 10 or 15 attributes,
and the default set of hyperparameter values.

The third-highest runtime values were scored by
the RF models, with values ranging from 11.95152 s
(170% position) to 30.22087 s (85" position). The models
with the lowest runtime scores handled datasets that were
processed with either the “StandardScaler” (std) or the
“Min-Max” method, within the 0 - 1 (mm_0 - 1) range,
used the 15 most important attributes, and the default set
of hyperparameters.

The XGBoost models ranked fourth in runtime, with
values ranging from 4.96984 s (214" position) to 17.71116
s (179" position). The lowest-scoring XGBoost models
used datasets normalized with all different methods, used
either 15 or 10 attributes, and the first set of optimized
(opt-01) hyperparameter values.

The LR models ranked fifth, with runtime values ranging
from 1.3429 s (286" position) to 3.31659 s (215" position).
The distribution of the models” ranking positions did not
show significant dispersion, with 92.6% of them (50/54)
ranking between the 215" and 265" positions. The
highest-ranking models handled datasets that were either
not processed with any normalization method (none) or
processed with the “Min-Max” method, within the 0 - 10
(mm_0 - 10) range, used either 15 or 10 attributes, and the
first set of optimized (opt-01) hyperparameter values.

The DT models showed the lowest runtime values,
ranging from 1.09218 s (324" position) to 1.72228 s
(261 position). The distribution of the models’ ranking
positions did not show significant dispersion. The models
with the lowest runtime values handled datasets processed
with the “Min-Max” method, within the 0 - 1 and 0 - 10
(mm_0 - 1 and mm_0 - 10, respectively) ranges, using
10 attributes and the second set of optimized (opt-02)
hyperparameter values.

4.2.6. Overall ranking—highest scorers

Based on the overall performance of all models (Figure 19,
Tables 3 and 4), the XGBoost models ranked first. The

highest overall score model, “22_mm_0 - 100_opt_01,
achieved 93.76% in precision, 95.47% in recall, 91.13% in
F1-score, 97.86% in AUC-ROC, and a runtime of 6.67306 s.
This result is somewhat expected as XGBoost is designed to
be an effective and scalable method for training ML models,
particularly suitable for large datasets, such as the one used
in this study. XGBoost also has a strong history of achieving
high-quality results in various ML competitions.”> The
success of the top XGBoost model highlights the positive
impact of hyperparameter tuning, specifically the use of
the first set of optimized hyperparameters and the “Min-
Max” normalization method with a range of 0 to 100.

In the second position were the RF models, with the
highest overall ranking model being the “22_mm_0-1000_
opt_02 This model achieved 93.66% in precision, 96.99%
in recall, 91.13% in F1-score, 97.71% in AUC-ROC, and a
runtime of 29.84745 s. The excellent overall performance
of the RF models can be attributed to the design of the RF
algorithm, where each DT in the ensemble is trained on a
different subset of the data, and aggregating the predictions
decreases the variation of individual DTs, leading to high
accuracy results. The main reason RF models scored lower
than the XGBoost ones is that the RF algorithm uses a fixed
set of parameters for its entire ensemble, whereas XGBoost
adjusts the internal parameters of its ensemble iteratively,
enabling it to handle large-scale data more effectively. The
highest-scoring RF model indicates that using the second
set of optimized hyperparameters and the “Min-Max”
normalization method with a range of 0 — 1000 played an
important role in its performance.

The MLP models ranked third, with the highest overall
scoring model being the “22_ mm_0 - 1000_opt_01 This
model achieved 93.46% in precision, 95.62% in recall,
90.76% in F1-score, 97.29% in AUC-ROC, and a runtime
0f 133.76172 s. The performance of the MLP models can be
attributed to the MLP algorithm’s ability to address complex
non-linear problems with both small and large datasets.
However, the extent to which each independent variable
is affected by the dependent variable can be challenging to
determine, and the performance of MLP models is heavily
dependent on the quality of training, which can be time-
consuming. The top-performing MLP model suggests that
using the first set of optimized hyperparameters and the
“Min-Max” normalization method with a range of 0 to
1000 boosted its performance.

The DT models came in fourth, with the highest overall
score achieved by “22_ mm_0 - 1000_opt_01." This model
achieved 93.04% in precision, 93.69% in recall, 90.03%
in Fl-score, 95.67% in AUC-ROC, and a runtime of
1.45128 s. The results of the DT models can be attributed
to the design of the algorithm, which, while useful for
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decision-related problems, is prone to overfitting, especially
when interpreting each case in large-scale datasets. The
highest-scoring DT model demonstrates that using the
first set of optimized hyperparameters and the “Min-Max”
normalization method with a range of 0 to 1000 positively
impacted its performance.

The KNN models ranked fifth, with the highest scorer
being “22_std_default” This model achieved 92.85% in
precision, 92.95% in recall, 89.74% in F1-score, 95.93%
in AUC-ROC, and a runtime of 549.69155 s. The overall
performance of the KNN models can be attributed to
the design of the KNN algorithm, which, while easy to
implement with few hyperparameters, struggles with large
datasets due to its significant computing power and data
storage requirements, making it both resource-exhausting
and time-consuming. The highest-scoring KNN model
indicates that using the “StandardScaler” normalization
method and the default hyperparameter set, instead of the
optimized sets, contributed positively to its performance.

Finally, the LR models ranked sixth and last, with the
highest overall scoring model being “22_ mm_0 - 1000_
default” This model achieved 92.63% in precision, 91.29%
in recall, 89.26% in F1-score, 97.05% in AUC-ROC, and a
runtime of 3.17691 s. The results of the LR models can be
attributed to the nature of the algorithm, which, despite being
easier to implement, is limited by its assumption of linearity
between dependent and independent variables—a condition
rarely met in real-world data. The highest-performing LR
model suggests that using the default hyperparameter set
and the “Min-Max” normalization method with a range of
0 - 1000 had a positive impact on its performance.

5. Discussion

In this study, data from four million COVID-19 patients
were processed and used as input for each of the 324
different ML models to predict the mortality outcomes of
new patients. After the evaluation, it was clear that the ML
models demonstrated high performance in all metrics, with
precision reaching 93.76%. The top-performing model was
created using the XGBoost method, using all attributes, a
“Min-Max” scaler with a range of 0 to 100, and the first set
of optimized hyperparameters. After ranking all methods
based on the highest overall score, the models with the
best overall performance were produced by XGBoost,
followed by RE, MLPs, DTs, KNN, and LR, in descending
order of overall performance. This result indicates that
the ensemble models of XGBoost and RF were the most
successful when applied to a dataset consisting mainly
of categorical attributes with only a few numerical ones.
It was also observed that models using optimized sets of
hyperparameters, instead of the default ones, displayed

better overall performance. Furthermore, models that
applied the “Min-Max” scaling with ranges between 1 —
100 and 1 - 1000 to the numerical attributes of age and
days from the symptom onset to hospitalization scored
higher than models using standard scaling or no scaling. In
addition, models using sets of 15 or 10 attributes exhibited
lower scores compared to the ones using all 22 attributes.

Moreover, while most previous studies referenced
above utilized either more traditional ML models** or
only ensemble methods,* our study used both traditional
(LR, DTs, KNN, and MLPs) and ensemble (XGBoost
and RF) methods to compare their performances. Other
studies have also shown promising results in predicting
COVID-19 mortality by using blood biomarkers alongside
demographic and medical conditions, such as the studies
of Nassem et al.*! and Rai et al.***>**** that were mentioned
in the previous sections.

An important limitation of our study is that the original
dataset originated from one country, Mexico. A deviation
in ML models’ performance would likely occur if the
dataset included patients from other countries, given the
differences in healthcare systems, medical care conditions,
personal hygiene, etc. Another important limitation is
that the original dataset consists mainly of categorical
attributes. The ML models developed here would likely
show different performance if trained with datasets
containing different compositions, e.g., more numerical
and continuous features.

6. Conclusion

The goal of this study was to create a dependable ML
model that can support medical facilities and hospitals
by predicting mortality outcomes in COVID-19 patients,
therefore assisting in their preliminary assessment during
the pandemic. We processed a dataset containing a vast
number of COVID-19 patients using a large number of ML
models created and trained by six ML methods, including
two ensemble methods. After evaluating all models, the
ML model with the highest score achieved a precision
of 93.76%, a recall of 95.47%, an fl-score of 91.13%, an
AUC-ROC 0.97855, and a runtime of 6.67306 s, using
patients’ demographics, pre-existing medical conditions,
and habits. This model can help medical experts identify
COVID-19 patients at high risk of death by evaluating data
from questionnaires that report demographics, medical
conditions, and other attributes listed in Table 1. This
prioritization can ensure that the most vulnerable patients
receive priority treatment during periods of overwhelming
demand on the national healthcare system.

Future work could explore the possibility of developing
an even higher-performance model by using an ensemble
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of the top-performing models: XGBoost, RF (precision:
93.66%, recall: 96.99%, Fl-score: 91.13%, AUC-ROC:
97.71%, and runtime: 29.84745 s), MLPs (precision: 93.46%,
recall: 95.62%, Fl-score: 90.76%, AUC-ROC: 97.29%, and
runtime: 133.76172 s), and DTs (precision: 93.04%, recall:
93.69%, F1-score: 90.03%, AUC-ROC: 95.67%, and runtime:
1.45128 s). In addition, this work could be expanded to
include viral diseases from previous pandemics, such as
SARS, HINI, MERS, and Ebola, in the interest of identifying
the ML models with the highest overall performance.
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