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Introduction: Coronavirus disease 2019 (COVID-19) caused by SARS-CoV-2
is a highly contagious viral disease. Cardiovascular diseases and heart failure
elevate the risk of mechanical ventilation and fatal outcomes among COVID-19
patients, while COVID-19 itself increases the likelihood of adverse cardiovascular
outcomes.

Methods: We collected blood samples and clinical data from hospitalized
cardiovascular patients with and without proven COVID-19 infection in the time
period before the vaccine became available. Statistical correlation analysis and
machine learning were used to evaluate and identify individual parameters that
could predict the risk of needing mechanical ventilation and patient survival.

Results: Our results confirmed that COVID-19 is associated with a severe
outcome and identified increased levels of ferritin, fibrinogen, and platelets,
as well as decreased levels of albumin, as having a negative impact on patient
survival. Additionally, patients on ACE/ARB had a lower chance of dying or
needing mechanical ventilation. The machine learning models revealed that
ferritin, PCO2, and CRP were the most efficient combination of parameters
for predicting survival, while the combination of aloumin, fibrinogen, platelets,
ALP, AB titer, and D-dimer was the most efficient for predicting the likelihood of
requiring mechanical ventilation.

Conclusion: We believe that creating an Al-based model that uses these patient
parameters to predict the cardiovascular patient’s risk of mortality, severe
complications, and the need for mechanical ventilation would help healthcare
providers with rapid triage and redistribution of medical services, with the
goal of improving overall survival. The use of the most effective combination
of parameters in our models could advance risk assessment and treatment
planning among the general population of cardiovascular patients.
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1 Introduction

Coronavirus disease 2019 (COVID-19), caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), is a highly
contagious viral disease (Cascella et al., 2024). The initial documented
cases were reported in Wuhan, Hubei Province, China, in late
December 2019. SARS-CoV-2 quickly spread worldwide, prompting
the World Health Organization (WHO) to declare it a global pandemic
on March 11, 2020 (Cascella et al., 2024). Since then, COVID-19 has
remained a significant cause of morbidity and mortality on a global
scale (Raisi-Estabragh et al., 2023).

SARS-CoV-2 infection results from the attachment of the viral
surface spike protein to the human angiotensin-converting enzyme 2
(ACE2) receptor after activation of the spike protein by transmembrane
protease serine 2 (Clerkin et al., 2020; Vosko et al., 2023). ACE2 is
prominently expressed in the heart and plays a crucial role in
counterbalancing the effects of angiotensin II, especially in conditions
marked by excessive activation of the renin-angiotensin system, such
as hypertension (HTN), congestive heart failure (CHF), and
atherosclerosis (Clerkin et al., 2020). The interaction between the viral
spike protein and ACE2, which initiates the virus’s entry into host
cells, may contribute to the cardiovascular manifestations of COVID-
19, in addition to the impacts of respiratory infection and
inflammation (Nishiga et al., 2020). Meanwhile, it is well established
that preexisting cardiovascular diseases (CVDs) significantly elevate
the risk of severe and potentially fatal outcomes in COVID-19
(Clerkin et al., 2020; Vosko et al., 2023).

The clinical manifestation and progression of COVID-19 vary
significantly, encompassing asymptomatic or mild symptoms (such as
fever, dry cough, and fatigue) to severe conditions like severe
pneumonia and acute respiratory distress syndrome (ARDS), which
may lead to a potentially fatal outcome (Italia et al., 2021). SARS-
CoV-2 can also induce acute myocardial injury along with long-term
damage to the cardiovascular system (Wang et al., 2020). Pre-existing
CVD appears to be associated with more adverse outcomes and an
elevated risk of death among COVID-19 patients (Nishiga et al.,
2020). Additionally, COVID-19 itself can lead to myocardial injury,
arrhythmia, acute coronary syndrome, and venous thromboembolism
(Nishiga et al., 2020). Numerous studies have established a connection
between exposure to COVID-19 and an increased likelihood of
experiencing adverse cardiovascular outcomes, persisting even after
recovery from the acute illness (Raisi-Estabragh et al., 2023).

Heart failure (HF) in the context of COVID-19 introduces a
distinct set of challenges that can complicate the way it is presented
and managed, as well as its overall prognosis (Bader et al., 2021). The
management of HF has been adversely affected by the COVID-19
pandemic, resulting in decreased hospitalizations due to the closure
of medical facilities or restricted access to healthcare services. The
measures implemented during the pandemic have led to a decrease in
the overall number of hospitalizations, subsequently contributing to
an elevated mortality rate in HE likely exacerbated by the lack of
available care (Italia et al., 2021). It is established that individuals
admitted to the hospital for COVID-19 may experience both an acute
worsening of pre-existing HF and the development of new-onset HE,
attributable to myocardial injury and complications affecting the
cardiovascular system (Italia et al., 2021). Having pre-existing HF is
identified as a risk factor for a more severe clinical course of
COVID-19 and serves as an independent predictor of in-hospital
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mortality (Italia et al., 2021). Certain studies have indicated that
among the population of COVID-19 patients who were hospitalized,
the prevalence of HF ranged from 4 to 21% (Italia et al., 2021).
Additionally, the hospitalization of COVID-19 patients with
pre-existing HF in the year 2020 was independently linked to an
elevated risk of mortality (Italia et al., 2021).

A retrospective analysis revealed that HF was connected to an
increased risk of both mechanical ventilation and mortality among
patients hospitalized for COVID-19, irrespective of left ventricular
ejection fraction (LVEF) (Alvarez-Garcia et al., 2020). Consistent
findings were observed in an Italian multicenter study, where HF
emerged as an independent predictor of mortality and a risk factor for
various in-hospital complications, including acute HE, acute renal
failure, and multiorgan failure (Tomasoni et al., 2020). Hence, a
thorough comprehension of the hemodynamic and diagnostic
implications is crucial for the proper triage and management of these
patients (Bader et al., 2021).

To effectively triage and manage COVID-19 patients with
preexisting CVD, thus reducing the risk of requiring mechanical
ventilation and enhancing survival, we believe it is essential to evaluate
potential markers indicating the severity of the COVID-19 infection.
Irregular cardiac biomarkers are frequently observed in COVID-19
and can arise from various mechanisms, including viral entry through
ACE2 receptors, direct cardiac injury, increased thrombotic activity,
stress cardiomyopathy, etc. (Bader et al., 2021). As an illustration,
myocardial injury may occur due to the associated cytokine storm,
evident through heightened levels of interleukin-6 (IL-6), ferritin,
lactate dehydrogenase (LDH), and D-dimer, or from the direct impact
of SARS-CoV-2 on the heart (Clerkin et al., 2020; Vosko et al., 2023).

Advanced age is a significant predictor of mortality in patients
with COVID-19 (Gallo Marin et al., 2021). Additionally, data indicate
that male sex is a factor independently associated with the severity of
COVID-19 (Gallo Marin et al, 2021). Pre-existing conditions,
including CVD, chronic kidney disease, chronic lung diseases,
diabetes mellitus, HTN, immunosuppression, obesity, and sickle cell
disease, predispose patients to an unfavorable clinical course and an
increased risk of intubation and death in the context of COVID-19
(Gallo Marin et al., 2021). A body mass index (BMI) exceeding 30 is
deemed a robust predictor of an adverse outcome in the context of
COVID-19 (Gallo Marin et al., 2021).

Increased levels of glycosylated hemoglobin (HbA1c) have been
correlated with inflammation, hypercoagulation, and elevated
mortality. Findings consistently associated with poorer outcomes
include heightened levels of D-dimer, C-reactive protein (CRP), and
high-sensitivity cardiac troponin I (Gallo Marin et al., 2021). Increases
in aspartate aminotransferase (AST) and alanine aminotransferase
(ALT) are more likely to occur in patients with severe or critical cases
of COVID-19 and are indicative of end-organ damage (Gallo Marin
et al., 2021). Fibrinogen levels have been shown to be elevated in
patients with severe COVID-19 disease (Guevara-Noriega et al.,
2020). Furthermore, observing elevated levels of ferritin is a significant
finding in COVID-19 and is associated with an increased risk of
mortality (McMillan et al., 2021). Abnormalities in markers of cellular
injury, notably elevated LDH, have been correlated with increased
disease severity and serve as important predictors of respiratory
failure in patients with COVID-19 (Gallo Marin et al.,, 2021).
Furthermore, a recent study indicates that COVID-19 may be linked
to both systolic and diastolic left ventricular (LV) dysfunction, along
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with the most common echocardiographic findings such as LV
diastolic impairment, pulmonary hypertension, and right ventricular
dysfunction (Italia et al., 2021).

In our paper, we proposed to evaluate individual parameters that
could potentially predict outcomes such as death and increased risk
of complications with a higher risk of needing mechanical ventilation
in our cardiovascular patient population. Since our study was designed
and conducted during the early COVID-19 pandemic, we included
proportionally the same number of COVID-19 positive and
COVID-19 negative patients, both without prior history of COVID-19
infection or vaccination against COVID-19. Furthermore, we seek to
describe how the combination of multiple parameters, including
COVID-19 infection, could influence the outcomes.

Our objective is to describe potential markers that could correlate
with higher survival chances in our cardiovascular patients with
HE. Therefore, we tested the association between these markers and
the severity of COVID-19 infection, including survival and the
likelihood of need for mechanical ventilation. We believe our work
will expand our understanding of the biological processes of
COVID-19 infection in cardiovascular patients and allow easier and
faster identification of patients with a higher risk of needing
mechanical ventilation. Furthermore, we seek to expand our research
and focus on cardiovascular patients in general and learn how to
effectively and quickly predict the likelihood of the outcomes, identify
associated risk factors, and help healthcare providers generate the
most effective and time-efficient management and treatment strategy
for their patients.

2 Materials and methods

2.1 Patients’ data

This is a prospective, observational, single-center study designed to
collect baseline de-identified blood samples and clinical data on
hospitalized cardiovascular patients to better evaluate the correlation
between these parameters and patients’ outcomes. Hospitalized patients
from January 2021 to May 2021 were included in the study (n=60). They
were classified into two categories based on their COVID-19 status: 30
with proven COVID-19 infection during the acute phase of the disease
and 30 patients with no history of COVID-19 infection as a comparable
group. None of the patients reported a previous COVID-19 infection
and have not received the vaccine yet. COVID-19 infections were
confirmed using a polymerase chain reaction (PCR) COVID-19 test.

After obtaining IRB approval (IRB number HSC-MS-20-1209) to
conduct the study, we collected baseline data to serologically screen
patients to detect antibodies against SARS-CoV-2 antigen to help us
better characterize the serological status of patients and potential
previous exposures. We used virological and serological assays to
further test the deidentified blood samples for the presence of SARS-
CoV-2. A neutralization assay and a commercially available ELISA
were used to identify the presence of the anti-SARS-CoV-2 antibody.
In addition to serologic analyses, we collected baseline clinical data
(such as demographic characteristics, medical history, laboratory data,
echocardiographic findings, etc.) from patients” electronic medical
records to compare the serologic findings with their clinical
presentation and to better asses their response based on the
COVID-19 status and as well as the outcome. We identified patients
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by their MRNs (medical record numbers) and kept a separate
password-protected document with their personal information.

2.2 Statistical analyses

For statistical analyses, we used the Fit an Analysis of Variance
Model and Student’s two-sample t-test (Kim, 2015; Mishra et al., 2019)
within the “Stats” package from the R Statistical Software v4.3.0 (R Core
Team, 2023; RStudio Team, 2023). We performed ANOVA and t-tests
to assess the statistical significance of an association between patients’
parameters and patients’ survival as well as the likelihood of the need
for mechanical ventilation. We conducted three separate analyses: (1)
excluding pairs with missing data, (2) replacing missing data with
average values, and (3) replacing missing data with reference values.

2.3 Machine learning

Furthermore, to establish the correlation between the combination
of individual parameters and predictive outcomes, we used machine
learning techniques. The problem of predicting patients’ survival or the
need for mechanical ventilation is a binary classification problem. To
generate machine learning (ML) predictors, we used an Ensemble model
composed of several base classifiers using the following ML algorithms:
Random forest (RF) (Breiman, 2001; Geurts et al., 2006; Parmar et al.,
2019), the generalized linear model (GLM) (Dobson and Barnett, 2018;
Nykodym et al., 2024), Gradient Boosting Machine (GBM) (Friedman,
2001; Natekin and Knoll, 2013; Malohlava and Candel, 2024), and Deep
learning (DL) (LeCun et al., 2015; Goodfellow et al., 2016; Candel and
LeDell, 2024). The ML ensemble models were generated using the H20.
ai platform v3.42.0.1 (LeDell et al., 2023; H20.ai, 2024).

The entire machine learning process for creating and evaluating
Al-based models for predicting patients’ survival and the need for
mechanical ventilation is presented as a workflow scheme in Figure 1.

As performance metrics, we used the area under the receiver
operating characteristic curve (AUC), the area under the precision-
recall plots (AUCPR), accuracy (ACC), precision, sensitivity (or
recall), specificity, F score, and the Matthews correlation coefficient
(MCCQ). The equations for calculating the performance metrics are
provided in the Supplementary Document.

The evaluation of ML predictors was carried out on 5-fold cross-
validation, with 50 iterations of random splits, where performance
metrics were calculated as the average over all iterations. For the
calculation of the metrics, thresholds were selected based on the
maximization of the F-score on predicted probabilities for each train
set, i.e., each split in the cross-validation procedure. To correctly
evaluate the ensemble model, the same splits were used for all
submodels in the ensemble. The splitting procedure utilized stratified
folding based on the response variable (LeDell et al., 2023).

The feature selection procedure was performed using forward
feature selection, maximizing AUC, guided by the variable importance
scores. In other words, features with higher importance were selected
first. The variable importance of each feature for the ensemble was
calculated as the average of the variable importances from the
included ML submodels, depending on the machine learning
algorithm: the relative influence of each variable for tree-based
algorithms, coefficient magnitudes for GLM, or the weights
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of random splits; The final model will use
the whole data set as a train set
TRAIN SET TEST SET MODEL PERFORMANCES

v v Metrics: AUC, AUCPR, ACC, F-score,
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v — v

ENSEMBLE MACHINE LEARNING PREDICTOR
Random forest, Generalized Linear Model, »| Foranew data calculates probabilities for
Gradient Boosting Machine and Deep patient’s survival or need for mechanical
Learning ventilation
Hyper-parameter optimization using grid
and random search IMPORTANT PARAMETERS
& Set of parameters that are the most
Forward feature selection maximizing AUC associated to the outcome based on
guided by the variable importances variable importances from the final model
FIGURE 1

Workflow of the machine learning process for the creation and evaluation of Al-based models for predicting both patients’ survival and the need for

mechanical ventilation.

connecting the input features to the first two hidden layers for DL, as
implemented in the H20.ai platform (LeDell et al., 2023).

To identify the important parameters, i.e., the set of parameters
that are most correlated to the outcome, we used the calculation of
“variable importances” from the final Ensemble model. This allows us
to measure their synergistic effect on the outcome. Through feature
selection and variable importance techniques, the final Ensemble
model comprises attributes that work together in the best way to
predict the outcome, i.e., have the most influence on the outcome. Our
goal was to identify important parameters that, in combination with
COVID-19 infection, are most correlated to the outcomes. For
machine learning, we used the imputation of missing values with (1)
average values and (2) reference values.

3 Results

Our data analysis included 60 patients with an average age of
56.87 +14.78. Thirty-six were males and 24 were females. Thirty
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patients were diagnosed with proven COVID-19 infection, and 30
tested negative for COVID-19 infection. The patient data collected for
analysis is provided in the Supplementary Data File.

3.1 ANOVA and t-test analyses

To perform the analysis, we compared the patient’s parameters
with two outcomes: death and severe complications requiring
mechanical ventilation. Both ANOVA and two-tailed t-test showed
similar results (Tables 1, 2). By excluding pairs with missing data or
by replacing missing data with average values, we obtained similar
results (Tables 1, 2 and Supplementary Figures S1, S2).

3.1.1 ANOVA and t-test analyses between each
parameter and the patient’s survival

Our data showed that a positive antibody titer against the SARS-
CoV-2 antigen, as well as current COVID-19 infection, correlates with
an increased risk of mortality among our study sample. Males were

04 frontiersin.org


https://doi.org/10.3389/fmicb.2024.1422393
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

Matejin et al.

TABLE 1 The ANOVA and t-test analyze the relationship between each
parameter and patient survival.

ANOVA ANOVA
p-value

t-test
t-stat

t-test
p-value
two-tail

Parameter

F-value

Mechanical ventilation * 54.0000 7.61E-10 6.8963 1.65E-07
Albumin * 23.6422 9.23E-06 —4.9494 2.06E-05
AB titter binary * 22.7886 1.27E-05 4.7165 4.71E-05
COVID-19 infection * 20.3000 3.26E-05 5.2425 3.75E-06
ECMO * 15.7354 2.03E-04 3.3398 2.82E-03
Ferritin * 16.2624 2.28E-04 3.2811 4.30E-03
ACE/ARB * 9.6667 2.91E-03 —4.7726 2.32E-05
AB titter * 9.4617 3.20E-03 2.2626 3.54E-02
Platelets * 8.2195 5.80E-03 —2.9858 5.07E-03
Sex * 6.2462 0.0153 2.7906 7.87E-03
Fibrinogen * 5.5965 0.0225 2.1887 0.0376
O28Sat 2.9949 0.0916 —-1.6215 0.1184
LVEDD 2.1057 0.1526 —1.4622 0.1527
ALP 1.9291 0.1703 1.3501 0.1869
AST 1.5338 0.2205 0.8718 0.3945
D-dimer 1.4237 0.2389 1.1869 0.2432
ALT 1.3991 0.2417 0.8461 0.4082
PCO2 1.1837 0.2845 1.0896 0.2838
HTN 0.9553 0.3324 —0.9016 0.3752
CKD 0.9355 0.3375 0.9083 0.3714
BMI 0.7281 0.3970 —0.9554 0.3448
FIO2 0.7206 0.4034 0.8523 0.4018
BNP 0.5183 0.4757 —1.1485 0.2582
LVEF 0.4990 0.4829 0.7197 0.4766
DM 0.3954 0.5320 0.6154 0.5428
LDH 0.3829 0.5402 0.5777 0.5696
CRP 0.2664 0.6100 0.5184 0.6085
Troponin I 0.0875 0.7689 —0.3412 0.7347
Age 0.0642 0.8008 0.2429 0.8097
HbAlc 0.0361 0.8505 —0.2162 0.8305
PEEP 0.0146 0.9050 —0.1274 0.9006
RV dysfunction 0.0078 0.9299 0.0879 0.9305
COPD 0.0074 0.9315 —0.0868 0.9314
PO2 0.0016 0.9687 0.0396 0.9686

Pairs with missing data are excluded from the analysis. The table is sorted by ANOVA
p-value in ascending order. Statistically significant parameters with both p values less than
0.05 are marked with an asterisk.

more likely to die than females. As expected, those who were on
extracorporeal membrane oxygenation (ECMO) or mechanical
ventilation had an increased risk of mortality. Among the laboratory
parameters, our study data showed a negative correlation between levels
of fibrinogen and ferritin and survival. Patients with a lower platelet
count and albumin levels were more likely to die. Those who were on
ACE/ARB medication had higher survival rates. Compared to other

Frontiers in Microbiology

10.3389/fmicb.2024.1422393

similar studies, our data did not show a correlation between patients’
age, echocardiographic characteristics, or preexisting comorbidities and
increased risk of mortality. By replacing missing data with average
values, the results were very similar. Additionally, D-dimer, C-reactive
protein (CRP), and partial pressure of carbon dioxide (PCO2) have
been shown to positively correlate with patients’ survival.

3.1.2 ANOVA and t-test analyses between each
parameter and the patient’s likelihood of needing
mechanical ventilation

By excluding comparing pairs with missing data or by replacing
missing data with average values, a positive correlation was found
between the presence of antibodies against SARS-CoV-2 antigen and
current COVID-19 infection with the need for mechanical ventilation
due to severe complications. Increased age and use of ACE/ARBs were
shown as protective factors for mechanical ventilation. Similarly,
decreased platelet count and albumin levels were found to correlate with
an increased risk for the need for mechanical ventilation when estimating
the risk of survival. Furthermore, increased levels of D-dimer,
Fibrinogen, CRP, Ferritin, ALP, ALT, and PCO2 were associated with an
increased risk for the need for mechanical ventilation. Echocardiographic
criteria such as Left ventricular ejection fraction (LVEF) and Left
ventricular end-diastolic volume (LVEDD) were also found to be directly
correlated with the outcome. Therefore, careful laboratory and
echocardiographic evaluation could guide proper management and
treatment of cardiovascular patients and help predict the risk for patients.
Additionally, a history of HTN was identified as a good predictor of
severe complications in cardiovascular patients needing mechanical
ventilation. The results remained the same when replacing variables with
average values, with the addition of LDH as a predictor of the outcome.

3.2 Machine learning in the identification of
important parameters

The full list of 35 features used for generating machine learning
models for predicting a patient’s survival and likelihood of ending up
on mechanical ventilation, along with the average values and reference
values for each feature used for imputation of missing data, is provided
in Table 3. For some parameters, reference values are not provided in
the table, as they had no missing values in the data.

3.2.1 Prediction of patient’s survival

For predicting the patient’s survival, all parameters except
mechanical ventilation, ECMO, and PEEP were used to train the ML
model. The rationale for this approach was to find parameters that
would allow prediction for survival even before the patient might
clinically demonstrate the need for mechanical ventilation, which
would also enable better planning in the hospital setting. After
applying the feature selection procedure, the best models SURIEx11
and SUAIEx10 were created using reference and average imputation
of missing data, respectively. These models utilized nine common
parameters: Ferritin, PCO2, AB titer, Platelets, Albumin, AB titer
binary, O2Sat, COVID-19 infection, and LDH. SURIExII also
included CRP and FIO2, while SUAiEx10 included ACE/ARB.

Additionally, we searched for the model using just a few features
with good prediction efficacy. We generated models SURiEx3 and
SUAIEx2, for reference and average imputation, respectively, which
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TABLE 2 The ANOVA and t-test analyses between each parameter and
the likelihood of patients needing mechanical ventilation.

ANOVA ANOVA
F-value P-

t-test
t-stat

Parameter

value

ECMO * 116.0000 1.85E-15 —7.5498 3.92E-07
Survival outcome * 54.0000 7.61E-10 6.2545 1.27E-06
Albumin * 43.5922 1.36E-08 6.7933 3.18E-08
AB titter binary * 33.6583 2.89E-07 —5.6764 1.88E-06
COVID-19 infection * 27.2941 2.48E-06 —5.9639 2.04E-07
Fibrinogen * 23.2229 1.75E-05 —4.4523 1.26E-04
AB titter * 20.9045 2.58E-05 —3.3908 2.82E-03
ALP * 16.8629 1.30E-04 —2.9316 8.52E-03
Ferritin * 17.0152 1.71E-04 —3.6380 1.68E-03
D-dimer * 12.3554 1.00E-03 —3.0826 5.32E-03
ACE/ARB * 11.6000 1.20E-03 4.8374 2.09E-05
Platelets * 10.0169 2.49E-03 3.3166 1.84E-03
CRP * 10.6683 2.96E-03 —3.4539 1.99E-03
PCO2 * 8.5223 6.28E-03 —2.9319 6.30E-03
Age * 5.3394 0.0244 2.3140 0.0261
FIO2 * 5.3661 0.0284 —2.3529 0.0278
LVEDD * 4.8536 0.0320 2.3058 0.0258
LVEF * 4.7322 0.0339 —2.3383 0.0236
ALT 4.5870 0.0364 —1.5514 0.1366
HTN 4.3866 0.0406 1.8509 0.0747
AST 3.8541 0.0544 —1.3987 0.1777
O28Sat 3.8029 0.0586 1.9501 0.0598
LDH 3.5744 0.0672 —1.8906 0.0745
PEEP 2.0316 0.1688 —1.9780 0.0878
DM 1.7193 0.1950 —1.2769 0.2099
CKD 1.5890 0.2125 1.3639 0.1791
COPD 1.2782 0.2629 1.3166 0.1934
Sex 1.2340 0.2712 —-1.1372 0.2621
HbAlc 0.8912 0.3522 —0.8710 0.3943
BNP 0.6072 0.4404 1.2414 0.2222
RV dysfunction 0.4140 0.5226 —0.6414 0.5250
PO2 0.1838 0.6710 0.4225 0.6758
BMI 0.1112 0.7400 —0.3587 0.7214
Troponin I 0.1073 0.7449 0.3653 0.7169

Pairs with missing data are excluded from the analysis. The table is sorted by ANOVA
P-value in ascending order. Statistically significant parameters with both p-values less than
0.05 are marked with an asterisk.

used just three parameters: Ferritin, CRP, and PCO2; or two
parameters: Ferritin and PCO2, respectively.

The models’ prediction efficacy assessed using 5-fold cross-
validations with 50 iterations of random splits is provided in Table 4.
For most of the four models, AUC is above 0.87, ACC is greater than
0.80, and F measures are >0.85.
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The variable importances of selected features for models
SURiEx11, SUAiEx10, SURIEx3, and SUAiIEx2 are presented in
Supplementary Tables S3-S6.

3.2.2 Prediction of whether a patient will require
mechanical ventilation

For the generation of ML models for the prediction of whether a
patient will require mechanical ventilation, we used three approaches,
depending on the set of features used for training the ML models:

1 Extended set of features, which contains all parameters
excluding survival outcome, ECMO, and PEEP. Survival
outcome as the final event should not be used as a prediction
feature, while mechanical ventilation is often used in
combination with ECMO to manage the respiratory aspects of
a condition (Combes et al., 2018). Additionally, PEEP is
directly related to patients on mechanical ventilation (Carpio
and Mora, 2024). After applying the feature selection
procedure, we obtained the two best models in terms of
prediction efficacy, depending on the imputation values of
missing data, namely MVRiEx9 and MVAiEx7, for reference
values imputation and average values imputation, respectively.
Both models used seven following parameters: PCO2, CRP,
Platelets, Albumin, ALP, Fibrinogen, and AB titer, while
model MVRiEx9 used two more: FIO2 and Ferritin.

2 Medium set of features, which contains all parameters
excluding survival outcome, ECMO, PEEP, PCO2, PO2, O2Sat,
and FIO2. The parameters related to oxidation were excluded
here due to their biased measurements, i.e., the most missing
values were for the patients not on mechanical ventilation. The
best models, MVRiMed7 and MVAiMed10, for reference and
average imputation, respectively, used the following seven
parameters: CRP, Albumin, Fibrinogen, Platelets, ALP, AB titer,
and AB titer binary, while MVAiMed10 model used three more:
COVID-19 infection, ACE/ARB, and D dimer.

3 A limited set of features, which contains all parameters
excluding survival outcome, ECMO, PEEP, PCO2, PO2, O2Sat,
FIO2, and CRP, since CRP was mostly measured only for
patients on mechanical ventilation. The best models MVRiLim7
and MVAiLim9, for reference and average imputation,
respectively, used the following seven parameters: Albumin,
Fibrinogen, Platelets, ALP, AB titer, D dimer, and AB titer
binary, while MVAiLim9 used two more: COVID-19 infection
and ACE/ARB. The models’ prediction efficacy, evaluated using
5-fold cross-validations with 50 iterations of random splits, is
given in Table 5. For all six models, AUC is above 0.95, ACC
greater than 0.90, and F measure >0.85.

The variable importances of selected features for models
MVRIEx9, MVAIEx7, MVRiMed7, MVAiMed10, MVRiLim7, and
MVAiLim9 are provided in Supplementary Tables S7-S12.

The comparison between different machine learning algorithms with
the Ensemble model and the comparison between different selected
numbers of features in the feature selection procedure is presented in the
Supplementary Table S15 and Supplementary Figures S3, S4.

After combining various parameters to develop the most robust
prediction model for our study’s outcomes, our findings demonstrated
that a combination of parameters such as AB titer, use of ACE/ARB,
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TABLE 3 List of patients’ parameters with average and reference values.
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Patient’s parameter Description Average Reference-male Reference-female
AB titter Numerical 69.25 - -
AB titter binary Numerical (0=AB_titter<=10, 1 = AB_titter>10) 0.38 - -
ACE/ARB Categorical (yes, no) 0.25 - -
Age Numerical 56.87 - -
Albumin Numerical 2.59 4.4 44
ALP Numerical 215.63 80 80
ALT Numerical 162.82 20 20
AST Numerical 221.28 20.5 20.5
BMI Numerical 31.81 - -
BNP Numerical 805.52 100 100
CKD Categorical 0.25 - -
COPD Categorical (yes, no) 0.12 - -
COVID-19 infection Categorical (yes, no) 0.50 - -
CRP Numerical 111.85 10 10
D-dimer Numerical 4.20 0.5 0.5
DM Categorical (yes, no) 0.38 - -
ECMO Categorical (yes, no) 0.25 - -
Ferritin Numerical 1017.39 180 159
Fibrinogen Numerical 575.93 300 300
FIO2 Numerical 59.83 21 21
HbAlc Numerical 6.93 5.7 5.7
HTN Categorical (yes, no) 0.80 - -
LDH Numerical 542.74 219 219
LVEDD Numerical 5.06 4.55 4.55
LVEF Numerical 45.67 60 60
Mechanical ventilation Categorical (yes, no) 0.33 - -
0O28at Numerical 93.94 97.5 97.5
PCO2 Numerical 50.37 40 40
PEEP Numerical 9.87 6.5 6.5
Platelets Numerical 209.03 300 300
PO2 Numerical 93.94 87.5 87.5
RV dysfunction Categorical (yes, no) 0.49 0 0
Sex Categorical (M =male, F=female) 0.60 - -
Survival outcome Categorical (S=survived, D =deceased) 0.70 - -
Troponin I Numerical 1.36 0.02 0.02

Albumin, ALP, COVID-19 infection status, CRP, D-dimer, ECMO,
Ferritin, Fibrinogen, FIO2, O2Sat, PCO2, and Platelets, proves to
be the most powerful in evaluating both survival and the likelihood of
requiring mechanical ventilation. More specifically, we found that the
most effective set of parameters for predicting survival in our study
group included Ferritin, PCO2, and CRP. When it came to predicting
the probability of needing mechanical ventilation, a combination of
Albumin, Fibrinogen, Platelets, ALP, AB titer, and D-dimer proved to
be the most powerful set of parameters. Table 5 shows the high efficacy
of predicting a patient’s likelihood of requiring mechanical ventilation.

Frontiers in Microbiology

The comparison of results between the statistical analyses,
including ANOVA and t-test, and the findings from machine learning-
based identification of important parameters showed very similar
results (Supplementary Tables S13, S14). However, when examining
the significant parameters for patient survival, the significant
difference in Fibrinogen and Sex was identified by statistical analyses,
while O2Sat, PCO2, CRP, and LDH were identified as important
factors by machine learning. In the case of mechanical ventilation,
statistical analyses identified Age, Ferritin, LVEDD, and LVEF as
differentiating factors.
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4 Discussion

In our study, we seek to discover potential markers of the severity
of COVID-19 infection and factors that could improve survival in
cardiovascular, specifically HF patients. Our goal is to carefully
identify these factors and enable healthcare providers to implement a
warning system in daily practice and identify patients likely to
develop complications and need for mechanical ventilation.
We believe that proper triaging and management of these patients can
contribute to a better quality of care and more efficient utilization of
ventilators, ICU beds, and general hospital capacity. Knowing that
many medical facilities have limited capacities with staff, ventilators,
ICU beds, or even a lack of ventilators, we believe models are needed
that could better predict which patients are at higher risk for needing
a higher level of care and which patients could be medically
prioritized or transferred to another facility to match their medical
needs better.

Our data confirmed that COVID-19 is associated with severe
complications and a higher risk of needing mechanical ventilation, as
well as with increased mortality risk among cardiovascular patients.
Various patients’ characteristics, laboratory, and echocardiographic
findings are shown to be associated with poor outcomes. Careful
examination and evaluation of these parameters by healthcare
providers could play a key role in the proper management of patients.

Since ferritin, fibrinogen, and platelets are coagulation markers,
we hypothesize that these parameters played an important role in
negatively affecting the survival of our study population by increasing
the risk of a hypercoagulation state and thrombosis. Our study showed
that decreased albumin levels play an important role in the assessment
of the severity of COVID-19 and survival in cardiovascular patients,

TABLE 4 Efficacy of models for predicting patient survival.

SURiEx11 SUAIEx10 SURIEx3 SUAIEx2

AUC 0.8861 0.8839 0.8463 0.8737
AUCPR 0.9534 0.9537 0.8912 0.9374
ACC 0.8017 0.8083 0.8190 0.8050
F measure 0.8535 0.8637 0.8720 0.8584
Precision 0.8831 0.8622 0.8650 0.8431
Specificity 0.7444 0.6722 0.6767 0.6178
MCC 0.5505 0.5421 0.5644 0.5085
Sensitivity 0.8262 0.8667 0.8800 0.8752

10.3389/fmicb.2024.1422393

which correlates with findings from a previous study (Turcato
etal., 2022).

There is a lot of controversial evidence about the use of ACE/
ARBs in COVID-19 patients and their impact on clinical outcomes.
A substantial cohort study conducted in England reported that the use
of ACE/ARBs is associated with a decreased risk of COVID-19 disease
and does not alter the risk of requiring intensive care unit (ICU) care
(Hippisley-Cox et al., 2020). Nevertheless, a randomized clinical trial
revealed that in severely ill patients hospitalized for COVID-19, the
initiation of ACEI/ARBs did not lead to improvement; instead, it
worsened clinical outcomes (Lawler et al., 2023). Our study data
showed that our cardiovascular patients who were on ACE/ARB had
a less likely chance of dying or having major complications that would
require mechanical ventilation. Several previously proposed
hypotheses hinge on the interaction between the viral spike protein
and the ACE2 receptor, involving potential competition between the
virus’s spike protein and drugs binding to ACE2 (Kumar et al., 2022).
Furthermore, following the binding and potential activation, SARS-
CoV-2 can induce downregulation of ACE2, leading to elevated
concentrations of angiotensin II, which in turn can contribute to
severe lung injury (Yehualashet and Belachew, 2020).

Various studies present conflicting perspectives on the role of
ACE-2 in COVID-19. Some suggest that the availability of ACE-2 is
directly correlated with the severe inflammatory response in COVID-
19, while others propose that the free form of ACE2 may deactivate
SARS-CoV-2 and prevent the virus from entering the lungs
(Yehualashet and Belachew, 2020).

Another explanation of the survival benefit of ACE/ARBs could
lie in better blood pressure control, knowing that hypertension is one
of the factors that influence the severity of COVID-19. Our findings
align with the clinical guidelines of the International Society of
Hypertension, which state that there is no clear indication to
discontinue the use of ACEI/ARBs in COVID-19 patients (European
Society of Cardiology, 2020).

We identified that the most efficient combination of parameters
for predicting survival within our study group consisted of Ferritin,
PCO2, and CRP. When it came to predicting the likelihood of
requiring mechanical ventilation, the combination of Albumin,
Fibrinogen, Platelets, ALP, AB titer, and D-dimer emerged as the most
potent set of parameters.

We believe that the incorporation of all these parameters in
outcome risk calculations would significantly enhance predictive
accuracy and effectiveness in assessing not only survival rates but also
the probability of necessitating mechanical ventilation in our study

TABLE 5 Efficacy of models in predicting whether a patient will require mechanical ventilation.

MVRIEx9 MVAIEx7 MVRiMed7 MVAiMed10 MVRIiLim7 MVAILim9
AUC 0.9713 0.9793 0.9559 0.9596 0.9669 0.9775
AUCPR 0.9575 0.9605 0.9369 0.9447 0.9494 0.9658
ACC 0.9280 0.9223 09117 0.9139 0.9080 0.9260
F measure 0.8870 0.8775 0.8563 0.8568 0.8606 0.8791
Precision 0.9263 0.9223 0.9333 0.9594 0.8696 0.9650
Specificity 0.9655 0.9645 0.9710 0.9826 0.9350 0.9845
MCC 0.8369 0.8235 0.8528 0.8067 0.7932 0.8340
Sensitivity 0.8530 0.8380 0.7930 0.7765 0.8540 0.8090
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group. In practical terms, this implies that healthcare professionals and
researchers can rely on this predictive model to make more informed
decisions regarding patient care, allowing for timely interventions,
tailored treatment strategies, and improved patient outcomes.

We believe that the use of the combination of these parameters
could represent a significant step forward, demonstrating the potential
to revolutionize the way we approach risk assessment and treatment
planning among a general cardiovascular patient population.

4.1 Limitations and future work

One of the limitations of our study was missing data for some
patients, which we tried to minimize by excluding missing data, as
well as replacing the missing data with normal and average values.
Replacing the missing data with reference values could potentially lead
to bias, but we justified that by the need to include some values when
running the machine learning program and learning.

Another limitation is our small sample size of 60 cardiovascular
patients. Thus, further studies that would include a larger sample size
are encouraged. Moreover, it's important to note that our study focused
on a specific group of severely ill, hospitalized patients, and findings
may vary from those in the broader cardiovascular patient population.

There are many justifications for conducting studies with small
sample sizes in medical research (Leon et al., 2011; Indrayan and
Mishra, 2021). Sample size may not be the main issue, but the real goal
is to design and conduct a high-quality study, and analyze and
interpret the results (Lenth, 2001; Bacchetti, 2013), as Matthews
argued that the
be counterproductive (Matthews, 1995). Studies with a small number

excessive emphasis on trial size can
of subjects can be quick to conduct, obtaining ethical and institutional
approval is easier, it is often better to test a new research hypothesis,
avoiding too many resources, it can be carried out in one center.
However, the results need to be interpreted carefully and should
be used to design larger confirmatory studies (Hackshaw, 2008;
Indrayan and Mishra, 2021). There is the existence of many useful
studies on small samples (Hansen and Fulton, 2000; Hatchell et al.,
2021; Machado et al., 2021); some big discoveries started with case
series (Gottlieb et al., 1981; CDC-Centers for Disease Control and
Prevention, 1996). The small samples may be enough to show the
existence of an effect but not for quantifying the effect (Anderson and
Vingrys, 2001), while no single study based on a small or a large
sample can be considered conclusive (Indrayan and Mishra, 2021).
In machine learning, the small train sample sizes pose significant
challenges, including the risk of overfitting and reduced statistical
power. To address these issues, we used an Ensemble model that
combines multiple submodels to produce a single predictive outcome.
We employed bagging, boosting, stacking, and regularization
techniques to mitigate overfitting and improve generalizability
(Dietterich, 2000; Friedman et al., 2010). Additionally, as a robust
framework for the evaluation of ML predictors, we applied 5-fold
stratified cross-validation (with 50 iterations of random splits) to
reduce the variance of the performance estimates. This approach offers
a more accurate assessment of model capabilities (Berrar, 2019). As
one of the algorithms included in our Ensemble model, Deep Learning
has been shown to be an effective algorithm in analyzing biomedical
and health data (Miotto et al., 2018; Nasiri and Alavi, 2022).
Incorporating ANOVA and t-tests statistical analyses with the ML
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feature selection process has been shown to be effective in identifying
significant features (Zhou and Wang, 2007; Ding et al., 2014; Elssied
et al., 2014; Abdulmohsin et al., 2021; Nasiri and Alavi, 2022). This
enhancement improves the predictive power of ML models. By
focusing on statistically significant features, the models are less prone
to overfitting, more interpretable, and robust (Li et al., 2017).

For future work, we propose to evaluate markers for the severity
of COVID-19 and for the prediction of survival, as well as the
likelihood of needing mechanical ventilation in a population with
preexisting CVD using AI models. This evaluation will enable us to
create an Al-based model that could be used to better evaluate patients
with preexisting CVD, assess their risk of mechanical ventilation, and
manage their condition according to the associated risk. Given the
limited number of hospital beds and mechanical ventilators, the AI
model should accurately predict which patients have a higher risk for
complications requiring more resources from medical facilities, such
as ventilators and ICU beds. The ultimate goal is to enable more
efficient and rapid medical decisions to improve the future
management of Coronavirus in cardiovascular patients, which would
hopefully also improve survival.

We also propose to expand our research goal and focus on
cardiovascular patients in general, regardless of their COVID-19
status. Creating an app that incorporates individual patient parameters
would allow for the calculation of a cardiovascular patient’s risk of
mortality, as well as the risk of severe complications with a higher
likelihood of needing mechanical ventilation. This would be an
important tool for healthcare providers to assess patients’ general
health status, determine risks of developing outcomes, and provide
appropriate management and treatment.

5 Conclusion

The results of our study confirmed that COVID-19 is associated
with a severe outcome. We identified that increased Ferritin,
Fibrinogen, Platelets, and decreased Albumin have a negative impact
on patients’ survival, while patients on ACE/ARB had a lower chance
of dying or needing mechanical ventilation. The Al-based prediction
models revealed that Ferritin, PCO2, and CRP were the most efficient
combination of parameters for predicting patients’ survival, while the
parameters Albumin, Fibrinogen, Platelets, ALP, AB titer, and
D-dimer were the most efficient combination for predicting patients’
likelihood of requiring mechanical ventilation.

We believe our study findings would be useful for risk stratification
and to guide clinical decisions in cardiovascular patients with
COVID-19. A thorough assessment of the patient’s demographic data,
medical history, as well as laboratory and echocardiographic findings
is essential. Additionally, the AI-based prediction model could more
accurately and rapidly identify patients at the highest risk of
complications in general, facilitating the triage and redistribution of
medical services to those in the greatest need. Our long-term goal is
to improve the overall survival of cardiovascular patients by predicting
their likelihood of severe complications or death and managing these
patients accordingly. Furthermore, we believe that the use of the most
potent combination of parameters in our prediction model could
significantly advance our approach to risk assessment and treatment
planning not only in our study group but also among the general
population of cardiovascular patients.

frontiersin.org


https://doi.org/10.3389/fmicb.2024.1422393
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org

Matejin et al.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary material, further inquiries can be directed
to the corresponding authors.

Ethics statement

The studies involving humans were approved by Committee for the
Protection of Human Subjects University of Texas Health Science in
Houston (UTHealth Houston) 7000 Fannin St, Suite 1840 Houston,
Texas 77,030. The studies were conducted in accordance with the local
legislation and institutional requirements. The ethics committee/
institutional review board waived the requirement of written informed
consent for participation from the participants or the participants’ legal
guardians/next of kin because Minimal risk during the research that was
not greater than those ordinarily encountered in during the required of
routine physical or medical examinations or tests. All tests performed
were part of the standard care and only de-identified samples were used.

Author contributions

SM: Writing - original draft, Writing - review & editing, Data
curation, Investigation, Resources, Validation. IG: Investigation,
Writing - review & editing. RR: Writing - review & editing, Validation.
SP: Writing - review & editing, Conceptualization, Methodology,
Project administration, Writing — original draft. VP: Methodology,
Writing - original draft, Writing - review & editing, Formal analysis,
Software, Visualization.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This research
was funded by Ministry of Science, Technological Development and

References

Abdulmohsin, H. A., Abdul Wahab, H. B., and Hossen, A. M. J. A. (2021). A new
hybrid feature selection method using T-test and fitness function. Comput. Mater. Con.
68, 3997-4016. doi: 10.32604/cmc.2021.014840

Alvarez-Garcia, J., Lee, S., Gupta, A. Cagliostro, M., Joshi, A. A,
Rivas-Lasarte, M., et al. (2020). Prognostic impact of prior heart failure in patients
hospitalized with COVID-19. J. Am. Coll. Cardiol. 76, 2334-2348. doi: 10.1016/j.
jacc.2020.09.549

Anderson, A. J., and Vingrys, A. J. (2001). Small samples: does size matter? Invest.
Ophthalmol. Vis. Sci. 42, 1411-1413.

Bacchetti, P. (2013). Small sample size is not the real problem. Nat. Rev. Neurosci.
14:585. doi: 10.1038/nrn3475-c3

Bader, F, Manla, Y., Atallah, B, and Starling, R. C. (2021). Heart failure and
COVID-19. Heart Fail. Rev. 26, 1-10. doi: 10.1007/s10741-020-10008-2

Berrar, D. (2019). Cross-Validation. Encycl. Bioinf. Comput. Biol. 1, 542-545. doi:
10.1016/B978-0-12-809633-8.20349-X

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5-32. doi: 10.1023/A:1010933404324

Candel, A., and LeDell, E. (2024). Deep learning with H20. H20.ai, mountain
view. Available at: https://docs.h20.ai/h20/latest-stable/h20-docs/booklets/
DeepLearningBooklet.pdf (Accessed January 14, 2024)

Frontiers in Microbiology

10.3389/fmicb.2024.1422393

Innovation of the Republic of Serbia, number

451-03-66/2024-03/200017.

grant

Acknowledgments

We would like to extend our sincere appreciation to the Memorial
Hermann Hospital System for their invaluable support and
collaboration, enabling us to conduct our research within their
esteemed institution. Additionally, we express our gratitude to the
John S. Dunn Endowed Chair funds for SP for their generous support,
which has been crucial to our work.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

The author(s) declared that they were an editorial board member
of Frontiers, at the time of submission. This had no impact on the peer
review process and the final decision.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fmicb.2024.1422393/
full#supplementary-material

Carpio, A. L. M., and Mora, J. I. (2024). Positive end-expiratory pressure: StatPearls
Publishing. Available at: https://www.ncbi.nlm.nih.gov/books/NBK441904/ (Accessed
January 14, 2024)

Cascella, M., Rajnik, M., Aleem, A., Dulebohn, S. C., and Di Napoli, R. (2024). Features,
evaluation, and treatment of coronavirus (COVID-19): StatPearls Publishing. Available at:
https://www.ncbinlm.nih.gov/books/NBK554776 (Accessed January 07, 2024)

CDC-Centers for Disease Control and Prevention (1996). Pneumocystis pneumonia-
-Los Angeles. MMWR. Morb. Mortal. Wkly Rep. 45, 729-733.

Clerkin, K. J., Fried, J. A., Raikhelkar, J., Sayer, G., Griffin, J. M., Masoumi, A., et al.
(2020). COVID-19 and cardiovascular disease. Circ. 141, 1648-1655. doi: 10.1161/
CIRCULATIONAHA.120.046941

Combes, A., Hajage, D., Capellier, G., Demoule, A., Lavoué, S., Guervilly, C.,
et al. (2018). Extracorporeal membrane oxygenation for severe acute respiratory
distress syndrome. N. Engl. . Med. 378, 1965-1975. doi: 10.1056/NEJMoa1800385

Dietterich, T. G. (2000). “Ensemble methods in machine learning” in Multiple
classifier systems. MCS 2000, Lecture Notes in Computer Science, vol. 1857. Editor. G.
Goos. (Berlin, Heidelberg: Springer).

Ding, H., Feng, P. M., Chen, W,, and Lin, H. (2014). Identification of bacteriophage
virion proteins by the ANOVA feature selection and analysis. Mol. Bio Syst. 10,
2229-2235. doi: 10.1039/C4MB00316K

frontiersin.org


https://doi.org/10.3389/fmicb.2024.1422393
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fmicb.2024.1422393/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmicb.2024.1422393/full#supplementary-material
https://doi.org/10.32604/cmc.2021.014840
https://doi.org/10.1016/j.jacc.2020.09.549
https://doi.org/10.1016/j.jacc.2020.09.549
https://doi.org/10.1038/nrn3475-c3
https://doi.org/10.1007/s10741-020-10008-2
https://doi.org/10.1016/B978-0-12-809633-8.20349-X
https://doi.org/10.1023/A:1010933404324
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/booklets/DeepLearningBooklet.pdf
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/booklets/DeepLearningBooklet.pdf
https://www.ncbi.nlm.nih.gov/books/NBK441904/
https://www.ncbi.nlm.nih.gov/books/NBK554776
https://doi.org/10.1161/CIRCULATIONAHA.120.046941
https://doi.org/10.1161/CIRCULATIONAHA.120.046941
https://doi.org/10.1056/NEJMoa1800385
https://doi.org/10.1039/C4MB00316K

Matejin et al.

Dobson, A. ., and Barnett, A. G. (2018). An introduction to generalized linear models.
New York: Chapman and Hall/CRC.

Elssied, N. O. E, Ibrahim, O., and Osman, A. H. (2014). A novel feature selection
based on one-way anova f-test for e-mail spam classification. EJASET. 7, 625-638. doi:
10.19026/rjaset.7.299

European Society of Cardiology (2020). Position statement of the ESC council on
hypertension on ACE inhibitors and angiotensin receptor blockers. Available at: https://www.
escardio.org/Councils/Council-on-Hypertension-(CHT)/News/position-statement-of-the-
esc-council-on-hypertension-on-ace-inhibitors-and-ang (Accessed August 11, 2023)

Friedman, J. H. (2001). Greedy function approximation: a gradient boosting machine.
Ann. Stat. 29, 1189-1232. doi: 10.1214/a0s/1013203451

Friedman, J., Hastie, T., and Tibshirani, R. (2010). Regularization paths for generalized
linear models via coordinate descent. J. Stat. Softw. 33, 1-22. doi: 10.18637/jss.v033.i01

Gallo Marin, B., Aghagoli, G., Lavine, K., Yang, L, Siff, E. ], Chiang, S. S, et al. (2021).
Predictors of COVID-19 severity: a literature review. Rev. Med. Virol. 31, 1-10. doi:
10.1002/rmv.2146

Geurts, P, Ernst, D., and Wehenkel, L. (2006). Extremely randomized trees. Mach.
Learn. 63, 3-42. doi: 10.1007/s10994-006-6226-1

Goodfellow, I, Bengio, Y., and Courville, A. (2016). Deep learning. Cambridge,
Massachusetts: MIT Press.

Gottlieb, G.J., Ragaz, A., Vogel, J. V., Friedman-Kien, A., Rywlin, A. M., Weiner, E. A.,
et al. (1981). A preliminary communication on extensively disseminated Kaposi's
sarcoma in young homosexual men. Am. J. Dermatopathol. 3, 111-114. doi:
10.1097/00000372-198100320-00002

Guevara-Noriega, K. A., Lucar-Lopez, G. A., Nunez, G., Rivera-Aguasvivas, L., and
Chauhan, I. (2020). Coagulation panel in patients with SARS-CoV2 infection
(COVID-19). Ann. Clin. Lab. Sci. 50, 295-298

H20.ai (2024). H20: scalable machine learning platform. Version 3.42.0.1. Available
at: https://github.com/h20ai/h20-3 (Accessed January 15, 2024)

Hackshaw, A. (2008). Small studies: strengths and limitations. Eur. Respir. J. 32,
1141-1143. doi: 10.1183/09031936.00136408

Hansen, R. M., and Fulton, A. B. (2000). Background adaptation in children with
a history of mild retinopathy of prematurity. Invest. Ophthalmol. Vis. Sci. 41, 320-
324

Hatchell, A. C., Chandarana, S. P, Matthews, J. L., McKenzie, C. D., Matthews, T. W,,
Hart, R. D., et al. (2021). Evaluating CNVII recovery after reconstruction with
vascularized nerve grafts: a retrospective case series. Plast. Reconstr. Surg. Glob. Open
9:e3374. doi: 10.1097/GOX.0000000000003374

Hippisley-Cox, J., Young, D., Coupland, C., Channon, K. M., San Tan, P,
Harrison, D. A., et al. (2020). Risk of severe COVID-19 disease with ACE inhibitors and
angiotensin receptor blockers: cohort study including 8.3 million people. Heart 106,
1503-1511. doi: 10.1136/heartjn]-2020-317393

Indrayan, A., and Mishra, A. (2021). The importance of small samples in medical
research. J. Postgrad. Med. 67, 219-223. doi: 10.4103/jpgm.JPGM_230_21

Italia, L., Tomasoni, D., Bisegna, S., Pancaldi, E., Stretti, L., and Adamo, M. (2021).
COVID-19 and heart failure: from epidemiology during the pandemic to myocardial
injury, myocarditis, and heart failure sequelae. Front. Cardiovasc. Med. 8:713560. doi:
10.3389/fcvm.2021.713560

Kim, T. K. (2015). T test as a parametric statistic. Korean J. Anesthesiol. 68, 540-546.
doi: 10.4097/kjae.2015.68.6.540

Kumar, S., Nikravesh, M., Chukwuemeka, U., Randazzo, M., Flores, P, Choday, P.,
et al. (2022). Safety of ACEi and ARB in COVID-19 management: a retrospective
analysis. Clin. Card. 45, 759-766. doi: 10.1002/clc.23836

Lawler, P. R, Derde, L. P, van de Veerdonk, E L., McVerry, B. ], Huang, D. T,,
Berry, L. R,, et al. (2023). Effect of angiotensin-converting enzyme inhibitor and
angiotensin receptor blocker initiation on organ support-free days in patients
hospitalized with COVID-19: a randomized clinical trial. JAMA 329, 1183-1196. doi:
10.1001/jama.2023.4480

LeCun, Y, Bengio, Y., and Hinton, G. (2015). Deep learning. Nature 521, 436-444.
doi: 10.1038/nature14539

LeDell, E., Gill, N., Aiello, S., Fu, A., Candel, A., Click, C., et al. (2023). h20: R
Interface for the 'H20' scalable machine learning Platform_. R package version 3.42.0.1.
Available at: https://github.com/h20ai/h20-3

Lenth, R. V. (2001). Some practical guidelines for effective sample size determination.
TAS 55, 187-193. doi: 10.1198/000313001317098149

Frontiers in Microbiology

11

10.3389/fmicb.2024.1422393

Leon, A. C,, Davis, L. L., and Kraemer, H. C. (2011). The role and interpretation of
pilot studies in clinical research. J. Psychiatr. Res. 45, 626-629. doi: 10.1016/j.
jpsychires.2010.10.008

Li, J., Cheng, K., Wang, S., Morstatter, E, Trevino, R. P,, Tang, J., et al. (2017).
Feature selection: a data perspective. ACM Comp. Surv. (CSUR). 50, 1-45. doi:
10.1145/313662

Machado, B., Barcelos Barra, G., Scherzer, N., Massey, J., dos Santos Luz, H., Henrique
Jacomo, R,, et al. (2021). Presence of SARS-CoV-2 RNA in semen—cohort study in the
United States COVID-19 positive patients. Infect. Dis. Rep. 13, 96-101. doi: 10.3390/
idr13010012

Malohlava, M., and Candel, A. (2024). Gradient boosting machine with H20. H20.
ai, mountain view. Available at: https://docs.h20.ai/h20/latest-stable/h20-docs/booklets/
GBMBooklet.pdf (Accessed January 14, 2024)

Matthews, J. N. (1995). Small clinical trials: are they all bad? Stat. Med. 14, 115-126.
doi: 10.1002/sim.4780140204

McMillan, P, Dexhiemer, T., Neubig, R. R., and Uhal, B. D. (2021). COVID-19—a
theory of autoimmunity against ACE-2 explained. Front. Immunol. 12:582166. doi:
10.3389/fimmu.2021.582166

Miotto, R., Wang, E, Wang, S., Jiang, X., and Dudley, J. T. (2018). Deep learning for
healthcare: review, opportunities and challenges. Brief. Bioinform. 19, 1236-1246. doi:
10.1093/bib/bbx044

Mishra, P, Singh, U., Pandey, C. M., Mishra, P,, and Pandey, G. (2019). Application of
student's t-test, analysis of variance, and covariance. Ann. Card. Anaesth. 22, 407-411.
doi: 10.4103/aca. ACA_94_19

Nasiri, H., and Alavi, S. A. (2022). A novel framework based on deep learning and
ANOVA feature selection method for diagnosis of COVID-19 cases from chest X-ray
images. Comput. Intel. Neurosc. 2022, 4694567-4694511. doi: 10.1155/2022/4694567

Natekin, A., and Knoll, A. (2013). Gradient boosting machines, a tutorial. Front.
Neurorobot. 7:21. doi: 10.3389/fnbot.2013.00021

Nishiga, M., Wang, D. W,, Han, Y., Lewis, D. B., and Wu, J. C. (2020). COVID-19 and
cardiovascular disease: from basic mechanisms to clinical perspectives. Nat. Rev. Card.
17, 543-558. doi: 10.1038/s41569-020-0413-9

Nykodym, T., Kraljevic, T., Wang, A., and Wong, W. (2024). Generalized linear
modeling with H20. H20.ai, mountain view. Available at: https://docs.h20.ai/h20/latest-
stable/h20-docs/booklets/ GLMBooklet.pdf (Accessed February 09, 2024).

Parmar, A., Katariya, R., and Patel, V. (2019). A review on random forest: an ensemble
classifier. In international conference on intelligent data communication technologies
and internet of things (ICICI) 2018. Springer Int. Publ 26 1, 758-763. doi:
10.1007/978-3-030-03146-6_86

R Core Team (2023). R: A language and environment for statistical computing.
Vienna, Austria: R Foundation for statistical Computing.

Raisi-Estabragh, Z., Cooper, J., Salih, A., Raman, B., Lee, A. M., Neubauer, S., et al.
(2023). Cardiovascular disease and mortality sequelae of COVID-19 in the UK biobank.
Heart 109, 119-126. doi: 10.1136/heartjnl-2022-321492

RStudio Team (2023). RStudio: Integrated development for R. Boston, MA:
RStudio, PBC.

Tomasoni, D., Inciardi, R. M., Lombardi, C. M., Tedino, C., Agostoni, P., Ameri, P,
et al. (2020). Impact of heart failure on the clinical course and outcomes of patients
hospitalized for COVID-19. Results of the cardio-COVID-Italy multicentre study. Eur.
J. Heart Fail. 22, 2238-2247. doi: 10.1002/ejhf.2052

Turcato, G., Zaboli, A., Kostic, 1., Melchioretto, B., Ciccariello, L., Zaccaria, E., et al.
(2022). Severity of SARS-CoV-2 infection and albumin levels recorded at the first
emergency department evaluation: a multicentre retrospective observational study.
Emerg. Med. J. 39, 63-69. doi: 10.1136/emermed-2020-210081

Vosko, I, Zirlik, A., and Bugger, H. (2023). Impact of COVID-19 on cardiovascular
disease. Viruses 15:508. doi: 10.3390/v15020508
Wang, D., Hu, B, Hu, C,, Zhu, F, Liu, X., Zhang, ], et al. (2020). Clinical characteristics

of 138 hospitalized patients with 2019 novel coronavirus-infected pneumonia in
‘Wuhan, China. JAMA 323, 1061-1069. doi: 10.1001/jama.2020.1585

Yehualashet, A. S., and Belachew, T. F. (2020). ACEIs and ARBs and their
correlation with COVID-19: a review. Infect. Drug Resist. 13, 3217-3224. doi:
10.2147/IDR.S264882

Zhou, N., and Wang, L. (2007). A modified T-test feature selection method and its
application on the HapMap genotype data. Genom. Proteom. Bioinform. 5, 242-249. doi:
10.1016/S1672-0229(08)60011-X

frontiersin.org


https://doi.org/10.3389/fmicb.2024.1422393
https://www.frontiersin.org/journals/microbiology
https://www.frontiersin.org
https://doi.org/10.19026/rjaset.7.299
https://www.escardio.org/Councils/Council-on-Hypertension-(CHT)/News/position-statement-of-the-esc-council-on-hypertension-on-ace-inhibitors-and-ang
https://www.escardio.org/Councils/Council-on-Hypertension-(CHT)/News/position-statement-of-the-esc-council-on-hypertension-on-ace-inhibitors-and-ang
https://www.escardio.org/Councils/Council-on-Hypertension-(CHT)/News/position-statement-of-the-esc-council-on-hypertension-on-ace-inhibitors-and-ang
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.1002/rmv.2146
https://doi.org/10.1007/s10994-006-6226-1
https://doi.org/10.1097/00000372-198100320-00002
https://github.com/h2oai/h2o-3
https://doi.org/10.1183/09031936.00136408
https://doi.org/10.1097/GOX.0000000000003374
https://doi.org/10.1136/heartjnl-2020-317393
https://doi.org/10.4103/jpgm.JPGM_230_21
https://doi.org/10.3389/fcvm.2021.713560
https://doi.org/10.4097/kjae.2015.68.6.540
https://doi.org/10.1002/clc.23836
https://doi.org/10.1001/jama.2023.4480
https://doi.org/10.1038/nature14539
https://github.com/h2oai/h2o-3
https://doi.org/10.1198/000313001317098149
https://doi.org/10.1016/j.jpsychires.2010.10.008
https://doi.org/10.1016/j.jpsychires.2010.10.008
https://doi.org/10.1145/313662
https://doi.org/10.3390/idr13010012
https://doi.org/10.3390/idr13010012
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/booklets/GBMBooklet.pdf
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/booklets/GBMBooklet.pdf
https://doi.org/10.1002/sim.4780140204
https://doi.org/10.3389/fimmu.2021.582166
https://doi.org/10.1093/bib/bbx044
https://doi.org/10.4103/aca.ACA_94_19
https://doi.org/10.1155/2022/4694567
https://doi.org/10.3389/fnbot.2013.00021
https://doi.org/10.1038/s41569-020-0413-9
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/booklets/GLMBooklet.pdf
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/booklets/GLMBooklet.pdf
https://doi.org/10.1007/978-3-030-03146-6_86
https://doi.org/10.1136/heartjnl-2022-321492
https://doi.org/10.1002/ejhf.2052
https://doi.org/10.1136/emermed-2020-210081
https://doi.org/10.3390/v15020508
https://doi.org/10.1001/jama.2020.1585
https://doi.org/10.2147/IDR.S264882
https://doi.org/10.1016/S1672-0229(08)60011-X

	Risk stratification and prediction of severity of COVID-19 infection in patients with preexisting cardiovascular disease
	1 Introduction
	2 Materials and methods
	2.1 Patients’ data
	2.2 Statistical analyses
	2.3 Machine learning

	3 Results
	3.1 ANOVA and t-test analyses
	3.1.1 ANOVA and t-test analyses between each parameter and the patient’s survival
	3.1.2 ANOVA and t-test analyses between each parameter and the patient’s likelihood of needing mechanical ventilation
	3.2 Machine learning in the identification of important parameters
	3.2.1 Prediction of patient’s survival
	3.2.2 Prediction of whether a patient will require mechanical ventilation

	4 Discussion
	4.1 Limitations and future work

	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions

	References

