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ABSTRACT
Early prediction of COVID-19 mortality outcome can decrease expiration risk by alerting health-
care personnel to assure efficient resource allocation and treatment planning. This study intro-
duces a machine learning framework for the prediction of COVID-19 mortality using
demographics, vital signs, and laboratory blood tests (complete blood count (CBC), coagulation,
kidney, liver, blood gas, and general). 41 features from 244 COVID-19 patients were recorded on
the first day of admission. In this study, first, the features in each of the eight categories were
investigated. Afterward, features that have an area under the receiver operating characteristic
curve (AUC) above 0.6 and the p-value criterion from the Wilcoxon rank-sum test below 0.005
were used as selected features for further analysis. Then five feature reduction methods,
Forward Feature selection, minimum Redundancy Maximum Relevance, Relieff, Linear
Discriminant Analysis, and Neighborhood Component Analysis were utilized to select the best
combination of features. Finally, seven classifiers frameworks, random forest (RF), support vector
machine, logistic regression (LR), K nearest neighbors, Artifical neural network, bagging, and
boosting were used to predict the mortality outcome of COVID-19 patients. The results revealed
that the combination of features in CBC and then vital signs had the highest mortality classifica-
tion parameters, respectively. Furthermore, the RF classifier with hierarchical feature selection
algorithms via Forward Feature selection had the highest classification power with an accuracy
of 92.08±2.56. Therefore, our proposed method can be confidently used as a valuable assistant
prognostic tool to sieve patients with high mortality risks.
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1. Introduction

New coronavirus 2019 (COVID-19) disease has
infected more than 180 million individuals all over
the world until 10 July 2021, and has tremendously
strained economic and healthcare systems worldwide
(WHO Coronavirus Disease (COVID-19) Dashboard.
https://covid19.who.int). The prevalence of the disease
is significant, compelling governments to take strict
social distancing and preventive measures to reduce
infection transmission. However, the number of hos-
pitalized patients is still very high, and the prevalence
curve of the disease and the global mortality show lit-
tle improvement (WHO Coronavirus Disease
(COVID-19) Dashboard. https://covid19.who.int). As
a result, more focus on the clinical aspect of the dis-
ease is needed to reduce patient mortality rates.

An essential clinical aspect of COVID-19 is the
possible outcome of the disease. Despite the high
workload of patients, exhausted medical personnel,
and insufficient medical resources, rapid identification
of patients that have high mortality risks becomes a
key factor in reducing patient mortality. The high
patient load of COVID-19 could quickly overload
healthcare infrastructures and result in higher mortal-
ity rates due to inefficient management of limited
medical resources and personnel (Quah et al. 2020).
It is even possible for a patient to suddenly progress
from a mild stage to severe or critical stages (Li et al.
2020). Targeted administration of proper treatment
protocols based on the patient’s condition is vital (Li
et al. 2020), and critical patients will need timely
intensive care unit (ICU) care and mechanical ventila-
tors. A challenge during the current pandemic is the
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efficient distribution of available resources. Toward
this aim, a potential intervention avenue is the predic-
tion of patient prognosis on the first day of admis-
sion. The first day of patients’ admission is crucial for
various clinical decisions and also for requesting add-
itional care equipment. Most skilled physicians are
often unable to accurately predict the prognosis of
COVID-19 patients. Additionally, the course of
COVID-19 can take unpredictable turns from a stable
state to a critical stage. To provide an automatic, reli-
able, and objective estimation of the prognosis of
COVID-19, machine learning models could be valu-
able assistants since they can detect complex patterns
in large datasets (Mei et al. 2020).

Different methods are used for the prediction of
the prognosis of COVID-19 patients in medicine.
Some studies have quantified the lung CT images of
the patients for assessment of the severity of COVID-
19 lung involvement and also for predicting disease
progression (Francone et al. 2020; Matos et al. 2020;
Chassagnon et al. 2021; Ghosh et al. 2020; Amini and
Shalbaf 2022; Shoeibi et al. 2020; Shan et al. 2020; Bai
et al. 2020). But lung CT images in the initial disease
phase do not contain enough information to predict
the patient’s condition and also have harmful radi-
ation side effects. In addition to methods based on
lung CT images, other researchers have considered
patients’ clinical information for the prediction of
COVID-19 prognosis (Chao et al. 2021; Batll�es et al.
2022; Yang et al. 2020b). In one study, COVID-19
patient’s medical history and demographic informa-
tion such as hypertension, diabetes, chronic kidney
disease, cardiovascular disease, COPD, malignancies,
cancer, and asthma were designated as features for
increased disease severity risk and were used to predict
patients who may need ICU (https://www.cdc.gov/cor-
onavirus/2019-ncov/need-extra-precautions/people-with-
medical-conditions.html). The patient’s vital signs like
max and min blood pressure, body temperature, and
SPO2 have also been used in another article to monitor
the patient situation (Du et al. 2020). Oxygen saturation
less than 90, decreased level of consciousness, and
hypotension is indicators for hospitalization of patients
with COVID-19. Sankaranarayanan et al. combined the
clinical features of COVID19 patients with deep learn-
ing methods for COVID-19 mortality prediction. The
clinical data were obtained within 72hours after the
first positive test. They used GRU-D recurrent neural
network and showed that clinical variables including
age, charlson comorbidity index, minimum oxygen sat-
uration, fibrinogen level, and serum iron level could be
used for mortality prediction in COVID-19 patients

(Sankaranarayanan et al. 2021). Other studies have used
laboratory findings for COVID-19 patients to predict
the patient’s prognosis (Pourbagheri-Sigaroodi et al.
2020; de Moraes Batista et al. 2020; Lee et al. 2020).
Although several prognostic models have been proposed
for COVID-19 mortality (Yan et al. 2020; Xie et al.
2020b; Yadaw et al. 2020; Liang et al. 2020; Pan et al.
2020), no comprehensive study has evaluated and com-
pared the power of different clinical parameters to pre-
dict the prognosis of COVID-19 patients.

The novelty and contribution of this study were
three-fold; first, to develop a mortality prediction
machine learning model based on clinical data that are
easily and routinely collected during the first day of
patient admission to avoid missing high-risk patients;
second, to investigate and compare the prediction power
of eight different clinical features including demo-
graphic, vital signs, and laboratory data (CBC, coagula-
tion, kidney, liver, blood gas, and general) for predicting
COVID-19 mortality outcome as patient death or sur-
vived by statistical and machine learning methods. In
other words, to provide a direct comparison of mortal-
ity prediction powers between these eight groups of fea-
tures; third, to find a set of best discriminative features
from clinical data by designing a new hierarchical fea-
ture selection method and then inserting these selected
features to different advanced classification methods for
the prediction of mortality outcomes. The ability of this
novel system is evaluated with 224 COVID-19 patients.
This rapid and automated triage system could identify
the high-risk patients who may proceed to critical states
and need intensive care later to provide support for
decreasing mortality rates.

2. Material and methods

2.1. Dataset

Archived electronic medical records of 328 patients
who were infected with the COVID-19 were acquired
randomly. The patients were admitted to the Masih
Daneshvari Hospital, the largest respiratory and pul-
monary care center and a specialized referral hospital
for all lung and respiratory diseases in Tehran, Iran.
Afterward, 84 patients were excluded with exclusion
criteria being age under 18, receiving radically differ-
ent treatment protocols, and having more than 20%
missing data. No patients with breastfeeding or preg-
nancy were present in the initially selected popula-
tion. Data from 244 individuals (62.6% male, 37.4%
female) were included for model development. To
predict mortality prognosis, two outcome classes (sur-
vived and death) were defined; the survived group
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consisted of COVID-19 patients that were discharged
after the completion of their treatment and two con-
secutive negative PCR results. The death group con-
sisted of patients who died at any point during their
treatment course. In the dataset, 115 patients were
labeled as having a ‘dead’ outcome (47.3%), and 129
patients were labeled as having a ‘survived’ outcome
[53.7]. All steps of this study were in accordance with
the ethical roles of Shahid Beheshti University of Medical
Sciences (ethics code: IR.SBMU.MSP.REC.1399.210) and
informed consents were acquired from participants upon
admission. The data of this study is available for other
researchers at ‘https://github.com/nasrinam/clinical-and-
laboratory-dataset.COVID19/’.

The data which are recorded from the first
24 hours of patients’ admission comprised 41 features.
These features were categorized into eight different
groups; demographic and patient history, vital signs,
and six different groups of laboratory features
extracted from the results of blood tests (CBC, coagu-
lation, kidney, liver, blood gas, and general). The
demographic features were age and sex. The past
medical history enveloped the presence or absence of
smoking and common comorbidities, hypertension
(HTN), diabetes mellitus (DM), and cardiovascular
disease. The vital signs consisted of systolic blood
pressure (BP MAX), diastolic blood pressure (BP
MIN), pulse rate (PR), respiratory rate (RR), tempera-
ture (T), and blood oxygen saturation level (SPO2).
As mentioned above, laboratory features extracted
from the results of blood tests were categorized into
six different groups; CBC, coagulation, kidney, liver,
blood gas, and general. The CBC consisted of white
blood cell count (WBC), neutrophil (Neutr), lympho-
cyte count (Lymph), red blood cell count (RBC),
hemoglobin (Hgb), hematocrit (HCT), mean corpus-
cular volume (MCV), mean corpuscular hemoglobin
(MCH), mean corpuscular hemoglobin concentration
(MCHC), red cell distribution width (RDW), and
platelet count (Plt). The coagulation features were
erythrocyte sedimentation rate (ESR), prothrombin
time (PT), partial thromboplastin time (PTT), and
international normalized ratio (INR). The kidney fea-
tures were Urea and creatinine (Cr). The liver features
consisted of aspartate aminotransferase (AST), alanine
aminotransferase (ALT), alkaline phosphatase
(ALKP), bilirubin (Bili), and albumin. The general
features were lactate dehydrogenase (LDH) and creat-
ine phosphokinase (CPK). Finally, the blood gas fea-
tures enveloped PH, partial pressure of carbon
dioxide (PCO2), partial pressure of oxygen (PO2), the
concentration of hydrogen carbonate (HCO3), and

bicarbonate (BE). If a patient feature was not avail-
able, the mean value of this feature from the dataset
in each class was used for imputation.

2.2. Statistical evaluation

One of the methods to evaluate the performance of
binary classification algorithms is receiver operating
characteristic (ROC) curve (Klawonn et al. 2011). In
the ROC diagram, both sensitivity or true positive
rate (TPR) and recall or false positive rate (FPR) as
indicators for the performance of binary classification
algorithms based on logistic regression (LR) are com-
bined and displayed as a curve. The area under the
ROC curve (AUC) is also used for the evaluation of
the performance of binary classification algorithms
based on given input features. AUC, as a very useful
and easy-to-use framework, tells how much the model
is capable of distinguishing between two classes and see-
ing the importance of given input features (Mamitsuka
2006). The numerical value of the AUC varies from
zero to one, with numbers closer to one meaning the
test method has good detection or accuracy. Finally, the
Wilcoxon rank-sum test was used to evaluate the sig-
nificance of the extracted features. The Wilcoxon rank-
sum test is a non-parametric test for two groups whose
samples are independent of each other (Fay and
Proschan 2010). The probability value (p-value) of this
test indicates the probability of error in accepting the
validity of the observed results. Utilizing this non-para-
metric analysis is a common method for selecting pre-
dictive features for classification algorithms. In this
study, to evaluate the performance of binary classifica-
tion algorithms and select the best features for them,
ROC, AUC, and p-value criteria were used.

2.3. Hierarchical feature selection methods

In this study, hierarchical feature selection algorithms
were used. First, the statistical significance of the
extracted features between dead vs. survived patients
were evaluated by the Kruskal-Wallis test and AUC
analysis, and insignificant features with AUC lower
than 0.6 and p> 0.005 were omitted. Afterward, five
feature selection methods were used to choose the
best combination of features from the remaining fea-
tures for classification. Forward feature selection
(Ververidis and Kotropoulos 2005), minimum
Redundancy Maximum Relevance (mRMR) (Peng
et al. 2005), Relieff (Liu and Motoda 2007), Linear
Discriminant Analysis (LDA) (Subasi and G€ursoy
2010) and Neighborhood Component Analysis (NCA)
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(Tuncer et al. 2021) are five feature selection algo-
rithms utilized in this study. In MRMR and Relieff,
the features are ranked based on their characteristics,
while feature selection in Forward feature selection is
dependent on the classifier results. The forward fea-
ture selection algorithm uses the learning method to
evaluate the usefulness of each subset of features and
aims to find a subset of features with the least
amount of classification error. First, all features are
given to the classifier one by one, and the best feature
is selected. Then the combination of the first selected
feature and the other remaining features are given to
the classifier, and the best double feature combination
is determined. The framework can be continued to
identify informative feature groups of various sizes.
The computational load of this method with all pos-
sible combinations of features is very high. Common
dimensionality reduction methods can reduce the
number of features before the implementation of this
method (Ververidis and Kotropoulos 2005). Two
other utilized feature selection methods were MRMR
and Relief-f. These two methods rely on the import-
ance of the general features of the data set and rank
them based on the characteristics of the features
(Chandrashekar and Sahin 2014). In the Relief-f
method, a sample is selected randomly. If the same
feature in the chosen sample differs from the similar
feature in the neighboring sample of the same class,
this feature’s score reduces. Also, if the same feature
in the chosen sample differs from the similar feature
in the opposite class’s neighboring sample, the score
of this feature increases. The third feature selection
method is the MRMR. This method evaluates the fea-
tures based on the maximum relevance and minimum
redundancy. Features with the maximum amount of
mutual information between features and class labels
have a maximum relevance. Also, features with min-
imum redundancy are identified based on the prin-
ciple that if two features are interdependent and one
of them is removed, the classification performance
will not change much. Finally, after calculating the
score values of each feature in these two methods,
these features are arranged in descending order to
select the best features. The LDA algorithm method
aims to map the data to the new space in such a way
that the variance between the data class in the new
space is maximized and the variance within the class
is minimized (Subasi and G€ursoy 2010). Finally, NCA
feature selection is used as a non-parametric method
with the aim of maximizing prediction accuracy in
classification algorithms (Tuncer et al. 2021).

2.4. Classification methods

In this study, random forest (RF) (Breiman 2001),
Support Vector Machine (SVM) (Wang 2005),
Logistic Regression (LR) (Kleinbaum et al. 2002), bag-
ging, boosting, Artificial neural networks (ANN), and
K nearest neighbors (KNN) methods were used to
classify patients into two outcome classes. RF is one
of the most widely used machine learning algorithms
for classification that often provides excellent results
(Criminisi et al. 2012). As the RF name implies, this
algorithm builds a forest of bagged decision trees in a
random manner. The main idea of the bagging
method is that a combination of learning models
enhances the overall results of the model. In short,
the RF merges several trees together to make more
accurate and stable predictions. For the final classifi-
cation, each tree votes for a specific class, and the
class with the majority vote wins. It should be noted
that each tree is constructed using different data sam-
ples and features, which are selected randomly. This
leads to a great variety and ultimately a better model.
Furthermore, the number of hyperparameters in this
method is not high, and they are determined easily.
For comparison, SVM and LR methods were also
used for classification. SVM is a supervised classifier
that determines the best classification and separation
of data by benchmarking support vectors. Support
vectors are a set of points in the n-dimensional space
of data that define the boundaries of categories, and
the data is bounded and categorized according to
them. In an SVM classifier, when there exist over-
lapped features, the feature space maps into a higher
dimension space by using a kernel function then an
optimal discriminant hyperplane is constructed in
that space. Common choices for the kernel function
are linear, quadratic, cubic, and Gaussian kernels such
as Radial Basis Function (RBF). The correct choice of
kernels and parameters greatly affects the perform-
ance and final result (Kecman et al. 2005; Wang et al.
2007; Yeung et al. 2007). We have used the RBF ker-
nel, which is the most common kernel based on the
Euclidean Distance. Also, the RBF kernel has good
performance due to the consideration of data distri-
bution. The parameters are set in the optimization
process by Bayesian optimization. The availability of
advanced kernel function or other structured large
margin classifiers are explained more in these referen-
ces (Wang et al. 2007; Yeung et al. 2007). LR is widely
used in all scientific fields, especially medical applica-
tions. This model can be considered as a generalized
linear model that uses the logit function as a link func-
tion, and its error follows a polynomial distribution.
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Finally, we also have used KNN, feed-forward ANN,
bagging and boosting classifiers for comparison. To gen-
eralize the results of model prediction to an independ-
ent data set, we performed 10-fold cross-validation on
the patient data. For each run, 90% of data is used as
train data, and 10% of data is used as test data. For
each model, the accuracy, sensitivity, specificity, F-meas-
ure, and Kappa statistics (meanþ standard division)
were reported on the test data set. To evaluate the clas-
sifier results, each method ran ten times, and the mean
was reported as final values.

2.5. Overview of the proposed method

Figure 1 shows a block diagram of the proposed
method of this study. 41 features from 244 COVID-
19 patients were recorded and categorized into eight
different groups of features; demographic, vital signs,
and six different groups of blood test features (CBC,
coagulation, kidney, liver, blood gas, and general).
First, to determine which of the 41 extracted features
were more informative and also to compare the con-
tribution of individual features for prediction of the
mortality outcome, ROC curves were generated, and
the amount of AUC and also p-value of these features
between patient outcomes groups (survived and
death) were calculated. Afterward, machine learning
methods were used to provide an accurate mortality
prediction system. First, the prediction power of a
combination of features in eight groups was com-
pared to determine which of them were more inform-
ative for the prediction of outcome situations. Toward
this aim, the information of individual features in
each of eight categories was combined, and mortality
prediction was implemented using three different

classifiers (LR, SVM, RF) separately. By applying dif-
ferent feature groups separately, we try to find the
best groups of the feature sets that are suitable to pre-
dict the COVID-19 prognosis. For example, one pre-
diction model was utilized solely based on vital
features, and another only based on CBC features. In
the following step, to increase the prediction accuracy,
hierarchical feature selection algorithms were used to
find the best combination of different groups of fea-
tures. First, the statistical significance of the extracted
features between dead vs. survived patients was
assessed by the Kruskal-Wallis test and AUC analysis.
Then features from the original 41 extracted features
with AUC above 0.6 and p-value below 0.005 were
used as selected features for further analysis steps.
Afterward, five feature selection methods were utilized
to select the best combination of the 28 features from
the previous step for classification. Forward Feature
selection, MRMR, Relieff, LDA and NCA were five
feature selection algorithms utilized. Finally, seven dif-
ferent advanced classifiers named: RF, SVM, LR,
KNN, ANN, bagging, and boosting were used for pre-
dicting the prognosis outcome. All processes, includ-
ing feature selection and classification algorithms,
were implemented using MATLAB R2019b on a
4.5GHz quad-core computer with an NVIDIA
GeForce RTX 1660Ti graphics processing unit (GPU).

3. Result

Figure 2 displays the ROC plots of 41 total features in
eight groups for the prediction of mortality outcomes.
The AUC and p-value of these features are also calcu-
lated and shown in Table 1. Features with AUC close

Figure 1. Framework of our proposed method for prediction of COVID-19 outcome.
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to one and a p-value below 0.005 have more contribu-
tion in the prediction of the final outcome. From
Figure 2 and Table 1, RDW, MCH, MCHC, and
MCV in the CBC feature group have the highest
AUC with values of 85.29, 80.96, 79.94, and 79.70,

respectively. In the next spot, Spo2 in the vital signs
group has a high AUC of 79.28. In the following,
machine learning methods are used to provide an
accurate mortality prediction system. First, we have
investigated and compared the prediction power of a

Figure 2. ROC curves of 41 features in eight groups of feature for prediction of mortality outcomes: (a) demographic, (b) vital, (c)
CBC, (d) coagulation, (e) general, (f) blood gas, (g) kidney, (h) liver.
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combination of features in eight groups to determine
which of them are more informative. The results of
classification accuracy, sensitivity, specificity, F-meas-
ure, and Kappa statistics (meanþ standard division)
for a combination of features in the eight mentioned
groups using three different classifiers (LR, SVM, RF)
are calculated and shown in Table 2. Results of the
three classifiers revealed that the combination of fea-
tures in CBC groups had the highest classification
performance with an accuracy of 82.91 ± 5.53 via the
SVM classifier, 79.79 ± 6.13 via the RF classifier, and
78.83 ± 3.57 via the LR classifier. After CBC, vital
signs group had the highest classification performance
with an accuracy of 75.83 ± 5.30 with the SVM classi-
fier, 75.00 ± 3.67 with the RF classifier, and
72.62 ± 310 with the LR classifier.

Afterward, for increasing the prediction accuracy
of the outcome of COVID-19 patients (survived and

death), hierarchical feature selection algorithms were
used to find the best combination of different groups
of features. First, 28 features from 41 extracted fea-
tures that had AUC above 0.6 and p-value below
0.005 were used as selected features for further ana-
lysis. These 28 features were age, HTN, cardiovascular
in demographic features; RR, T, Spo2 in vital features;
WBC, Neutr, Lymph, RBC, Hgb, MCV, MCH,
MCHC, RDW, Plt in CBC features; PT, PTT, INR in
coagulation features; Urea and Cr in kidney features;
AST, ALKP, Bili, Albumin in liver features; LDH,
CPK in general features; and finally, PH in blood gas
features. Box plots of these features with AUC > 0.6
and p-value < 0.005 for the two outcome classes are
shown in Figure 3. Five feature selection methods,
Forward Feature selection, MRMR, Relieff, LDA, and
NCA were used to select the best combination of fea-
tures. Finally, seven different classifiers, RF, SVM, LR,
KNN, ANN, bagging, and boosting were used for pre-
dicting the prognosis outcome of COVID-19 patients.
The results of classification accuracy, sensitivity, spe-
cificity, F-measure, and Kappa statistics (meanþ stan-
dard division) of the seven different classifiers with
different hierarchical feature selection algorithms
(AUC > 60 and then Forward Feature selection,
MRMR, Relieff, LDA, and NCA) are calculated and
shown in Table 3. For comparison, the results of clas-
sification parameters with a combination of all fea-
tures (Yeung et al. 2007) and features with AUC >

0.6 (28 features) with the seven classifiers are also cal-
culated and shown in Table 3. It was revealed that RF
classifier with hierarchical feature selection algorithms
using features with AUC > 60 and then Forward
Feature selection had the highest classification per-
formance for COVID-19 outcome prediction with an
accuracy of 92.08 ± 2.56. The hierarchical features
selection method increased the accuracy for the pre-
diction of mortality outcomes from an accuracy of
82.91 ± 5.53 using the best groups of features with
CBC groups to 92.08 ± 2.56 using the best combin-
ation of features. For selecting the best features in the
best-mentioned method, the box plots for ten itera-
tions run from one feature to thirteen features that
were selected based on Forward feature selection and
RF classifier are shown in Figure 4. It is shown in
this figure that as the number of selected features
increases, the performance of the RF classifier
improves. The optimal number is where adding more
features does not significantly improve the result. For
best performance, the best-selected features was set to
nine features which were: age in demographic fea-
tures; RR, and Spo2 in vital features; Neutr, Lymph

Table 1. Amount of AUC and p-value of 41 extracted features
between outcomes of two groups of COVID-19 patients (sur-
vived and death) using LR classifier.
Categories Features AUC% p value

Demographic (6) age 70.36 <0.005
sex 50.57 0.855
HTN 61.88 <0.005
DM 54.42 0.147

Cardiovascular 61.04 <0.005
Smoking 52.26 0.060

Vital (6) BP MAX 55.20 0.166
BP MIN 50.56 0.597
PR 54.03 0.255
RR 73.30 <0.005
T 60.41 <0.005

SPO2 79.28 <0.005
CBC (11) WBC 71.49 <0.005

Neutr 72.46 <0.005
Lymph 72.02 <0.005
RBC 61.94 <0.005
Hgb 60.19 <0.005
HCT 57.92 0.031
MCV 79.70 <0.005
MCH 80.96 <0.005
MCHC 79.94 <0.005
RDW 85.29 <0.005
Plt 78.72 <0.005

Coagulation (4) ESR 53.77 0.425
PT 67.33 <0.005
PTT 64.79 <0.005
INR 65.95 <0.005

Kidney (2) Urea 74.07 <0.005
Cr 63.01 <0.005

Liver (5) AST 61.03 <0.005
ALT 52.05 0.105
ALKP 63.00 <0.005
Bili 66.64 <0.005

Albumin 62.58 <0.005
General (2) LDH 72.32 <0.005

CPK 67.35 <0.005
Blood gas (5) PH 63.35 <0.005

PCO2 51.77 0.126
PO2 51.94 0.046
HCO3 58.30 0.038
BE 57.85 0.009
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and MCH in CBC features; INR and PTT in coagu-
lation features; and finally LDH in general features.
The number of trees in RF is also a structural par-
ameter and should be considered in an optimization
process in which, for best performance, the best
value was set to 30 trees. Consequently, our

proposed assessment system based on a hierarchical
feature selection and RF classifier with an accuracy
of 92.08% can be confidently used as an assistant
prognostic triage tool for physicians to predict the
patient outcome situation and sieve patients with
high mortality risks.

Table 2. The results of classification accuracy, sensitivity, specificity, F1 score and Kappa (meanþ standard division) of different
classifiers (LR, SVM, RF) for combination of features in every of eight mentioned groups (demographic and patient history fea-
tures, vital signs, CBC, coagulation, kidney, liver, blood gas and general), separately.

Run for 10 times

Classifier and feature
selection method

Accuracy
(mean ± SD)

Sensitivity
(mean ± SD)

Specificity
(mean± SD)

F1 score
(mean ± SD)

Kappa
(mean)

1 SVM for demographic features 59.37 ± 4.30 48.26 ± 1.86 69.60 ± 1.36 57.37 ± 7.19 0.57
2 SVM for vital features 75.83 ± 5.30 65.65 ± 9.49 85.20 ± 9.80 74.34 ± 3.64 0.71
3 SVM for CBC features 82.91 ± 5.53 77.39 ± 6.41 88.00 ± 7.54 81.91 ± 7.26 0.80
4 SVM for coagulation features 68.54 ± 4.75 46.95 ± 8.88 88.40 ± 7.64 66.77 ± 5.45 0.65
5 SVM for kidney features 71.04 ± 6.08 50.04 ± 1.28 90.40 ± 4.69 69.10 ± 1.56 0.68
6 SVM for liver features 66.25 ± 5.36 49.13 ± 1.08 82.00 ± 7.60 64.55 ± 1.11 0.63
7 SVM for general features 63.12 ± 8.89 34.34 ± 2.63 89.60 ± 1.01 61.03 ± 1.03 0.60
8 SVM for blood gas features 66.45 ± 5.41 40.86 ± 1.28 90.00 ± 5.07 64.02 ± 1.02 0.63
1 RF for demographic features 62.29 ± 5.59 57.82 ± 7.40 66.40 ± 8.68 60.81 ± 4.65 0.59
2 RF for vital features 75.00 ± 3.67 75.21 ± 5.04 74.80 ± 6.81 74.35 ± 4.98 0.72
3 RF for CBC features 79.79 ± 6.13 81.73 ± 1.13 78.00 ± 8.48 79.39 ± 4.46 0.78
4 RF for coagulation features 69.16 ± 3.37 66.95 ± 6.54 71.20 ± 1.12 68.32 ± 4.54 0.66
5 RF for kidney features 63.95 ± 7.41 58.87 ± 7.38 69.27 ± 1.78 61.43 ± 4.08 0.61
6 RF for liver features 64.79 ± 3.98 63.47 ± 1.25 66.00 ± 6.86 63.64 ± 3.83 0.61
7 RF for general features 65.41 ± 4.07 69.13 ± 5.59 62.00 ± 7.11 64.78 ± 4.69 0.62
8 RF for blood gas features 60.23 ± 7.19 63.47 ± 7.72 57.20 ± 8.65 59.39 ± 2.38 0.58
1 LR for demographic features 64.11 ± 4.75 53.91 ± 5.49 69.39 ± 5.54 63.79 ± 3.61 0.62
2 LR for vital features 72.62 ± 310 72.79 ± 4.27 73.92 ± 6.34 72.15 ± 4.48 0.70
3 LR for CBC features 78.83 ± 3.57 79.79 ± 3.36 76.70 ± 2.54 78.76 ± 6.68 0.78
4 LR for coagulation features 69.06 ± 6.02 65.20 ± 5.26 66.72 ± 4.40 67.13 ± 4.91 0.66
5 LR for kidney features 66.44 ± 4.47 65.47 ± 4.54 63.87 ± 7.38 65.94 ± 3.58 0.63
6 LR for liver features 64.76 ± 5.48 65.28 ± 5.62 63.28 ± 6.25 64.29 ± 4.85 0.63
7 LR for general features 61.93 ± 4.63 62.84 ± 4.37 63.06 ± 6.59 61.36 ± 5.42 0.60
8 LR for blood gas features 60.65 ± 6.19 61.06 ± 6.32 58.29 ± 6.38 60.17 ± 2.79 0.60

Figure 3. Box plot of features with AUC > 0.6 and p-value < 0.005 for two outcomes of COVID-19 patients (survived and death).
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Table 3. The results of classification accuracy, sensitivity specificity, F1 score and Kappa (meanþ standard division) of different
classifiers (LR, SVM, RF, ANN, KNN, Bagging, Boosting) with different hierarchical feature selection algorithms (Forward Feature
selection, MRMR and Relieff, LDA, NCA).

Run for 10 times:

Classifier and feature selection method
Accuracy

(mean ± SD)
Sensitivity
(mean ± SD)

Specificity
(mean ± SD)

F1 score
(mean ± SD)

Kappa
(mean)

1 SVM for all 41 features 80.20 ± 4.83 75.65 ± 1.04 84.40 ± 5.48 80.40 ± 2.39 0.78
2 SVM for all 28 features with AUC > 60 84.37 ± 4.41 84.23 ± 4.40 85.18 ± 5.63 84.92 ± 3.44 0.81
3 SVM with hierarchical feature selection (AUC > 60 and then forward

feature selection)
89.58 ± 2.94 89.56 ± 2.96 90.54 ± 3.94 89.98 ± 2.32 0.87

4 SVM with hierarchical feature selection (AUC > 60 and then MRMR) 89.10 ± 3.22 89.11 ± 3.32 88.16 ± 5.27 89.40 ± 3.17 0.86
5 SVM with hierarchical feature selection (AUC > 60 and then Relieff) 88.04 ± 3.93 88.04 ± 4.04 87.12 ± 4.23 87.40 ± 2.76 0.88
6 SVM with hierarchical feature selection (AUC > 60 and then LDA) 89.33 ± 4.14 88.21 ± 3.42 90.44 ± 4.16 89.04 ± 4.57 0.86
7 SVM with hierarchical feature selection (AUC > 60 and then NCA) 87.26 ± 4.64 85.37 ± 5.28 88.46 ± 2.78 87.29 ± 3.15 0.85
1 RF for all 41 features 88.75 ± 2.97 88.25 ± 5.35 88.25 ± 5.35 88.57 ± 3.42 0.86
2 RF for all 28 features with AUC > 60 88.12 ± 5.42 88.25 ± 5.35 89.08 ± 5.49 88.93 ± 3.13 0.83
3 RF with hierarchical feature selection (AUC > 60 and then forward

feature selection)
92.08 ± 2.56 91.90 ± 2.67 91.31 ± 2.61 92.37 ± 2.48 0.91

4 RF with hierarchical feature selection (AUC > 60 and then MRMR) 91.66 ± 3.64 91.70 ± 3.62 90.65 ± 3.65 90.90 ± 2.76 0.90
5 RF with hierarchical feature selection (AUC > 60 and then Relieff) 89.37 ± 2.49 89.38 ± 4.47 88.43 ± 3.57 89.49 ± 2.58 0.89
6 RF with hierarchical feature selection (AUC > 60 and then LDA) 87.50 ± 4.28 89.56 ± 7.44 85.60 ± 5.71 87.22 ± 4.59 0.86
7 RF with hierarchical feature selection (AUC > 60 and then NCA) 88.18 ± 5.37 88.61 ± 4.95 88.73 ± 5.84 89.64 ± 5.82 0.87
1 LR for all 41 features 87.95 ± 4.61 87.20 ± 2.74 87.25 ± 5.35 88.27 ± 3.32 0.86
2 LR for all 28 features with AUC > 60 88.95 ± 4.61 88.86 ± 4.74 87.85 ± 4.72 87.98 ± 2.95 0.88
3 LR with hierarchical feature selection (AUC > 60 and then forward

feature selection)
90.20 ± 3.41 90.14 ± 3.47 89.16 ± 3.43 89.31 ± 2.46 0.90

4 LR with hierarchical feature selection (AUC > 60 and then MRMR) 89.16 ± 4.25 89.14 ± 4.18 90.10 ± 4.35 89.25 ± 3.62 0.89
5 LR with hierarchical feature selection (AUC > 60 and then Relieff) 89.58 ± 3.67 89.49 ± 3.79 88.51 ± 4.73 89.79 ± 2.85 0.88
6 LR with hierarchical feature selection (AUC > 60 and then LDA) 90.29 ± 3.93 89.13 ± 5.88 90.66 ± 4.38 90.66 ± 4.75 0.89
7 LR with hierarchical feature selection (AUC > 60 and then NCA) 88.36 ± 4.64 89.39 ± 4.12 87.41 ± 6.73 88.84 ± 3.90 0.87
1 ANN for all 41 features 59.54 ± 4.68 60.71 ± 5.13 60.44 ± 3.96 59.68 ± 4.75 0.58
2 ANN for all 28 features with AUC > 60 65.72 ± 4.14 71.09 ± 3.27 67.36 ± 4.84 65.53 ± 6.16 0.65
3 ANN with hierarchical feature selection (AUC > 60 and then forward

feature selection)
67.48 ± 6.38 74.93 ± 5.74 69.28 ± 3.26 67.37 ± 5.98 0.67

4 ANN with hierarchical feature selection (AUC > 60 and then MRMR) 65.45 ± 8.65 69.23 ± 7.67 68.47 ± 4.94 65.36 ± 5.74 0.64
5 ANN with hierarchical feature selection (AUC > 60 and then Relieff) 66.68 ± 3.77 64.23 ± 6.36 67.38 ± 3.33 65.64 ± 4.28 0.63
6 ANN with hierarchical feature selection (AUC > 60 and then LDA) 64.26 ± 4.39 65.46 ± 4.83 69.71 ± 4.79 64.27 ± 3.46 0.62
7 ANN with hierarchical feature selection (AUC > 60 and then NCA) 64.68 ± 6.65 63.65 ± 4.48 66.62 ± 5.32 64.22 ± 5.49 0.62
1 KNN for all 41 features 83.41 ± 4.05 82.60 ± 7.16 84.00 ± 5.97 82.92 ± 4.80 0.80
2 KNN for all 28 features with AUC > 60 85.43 ± 4.30 84.31 ± 5.72 85.00 ± 5.48 85.93 ± 6.38 0.83
3 KNN with hierarchical feature selection (AUC > 60 and then forward

feature selection)
87.50 ± 5.53 86.95 ± 8.56 88.00 ± 6.65 86.63 ± 5.90 0.86

4 KNN with hierarchical feature selection (AUC > 60 and then MRMR) 78.33 ± 5.03 79.56 ± 7.95 77.20 ± 7.55 77.78 ± 4.48 0.75
5 KNN with hierarchical feature selection (AUC > 60 and then Relieff) 76.04 ± 2.02 73.91 ± 8.76 83.60 ± 5.82 75.55 ± 3.86 0.71
6 KNN with hierarchical feature selection (AUC > 60 and then LDA) 88.33 ± 3.82 89.65 ± 6.16 86.80 ± 6.53 88.13 ± 3.60 0.85
7 KNN with hierarchical feature selection (AUC > 60 and then NCA) 75.62 ± 4.63 77.39 ± 6.47 78.63 ± 5.19 76.63 ± 3.45 0.73
1 Bagging for all 41 features 71.87 ± 3.43 65.65 ± 43.23 77.60 ± 6.02 70.11 ± 3.41 0.68
2 Bagging for all 28 features with AUC > 60 87.08 ± 6.42 90.30 ± 6.79 83.20 ± 9.94 87.24 ± 6.04 0.83
3 Bagging with hierarchical feature selection (AUC > 60 and then

forward feature selection)
85.83 ± 6.86 88.69 ± 8.24 83.20 ± 6.47 85.66 ± 7.04 0.79

4 Bagging with hierarchical feature selection (AUC > 60 and
then MRMR)

74.58 ± 60.38 73.91 ± 8.92 75.20 ± 7.72 73.42 ± 6.83 0.71

5 Bagging with hierarchical feature selection (AUC > 60 and
then Relieff)

72.91 ± 5.19 72.86 ± 4.37 72.00 ± 6.76 71.34 ± 4.96 0.69

6 Bagging with hierarchical feature selection (AUC > 60 and then
LDA)

77.91 ± 66.75 79.13 ± 7.33 76.80 ± 8.59 77.46 ± 6.69 0.76

7 Bagging with hierarchical feature selection (AUC > 60 and
then NCA)

77.08 ± 4.62 73.91 ± 3.95 80.62 ± 5.93 76.55 ± 6.81 0.76

1 Boosting for all 41 features 81.25 ± 3.47 86.96 ± 4.38 76.00 ± 6.75 81.63 ± 2.94 0.78
2 Boosting for all 28 features with AUC > 60 87.91 ± 3.22 87.39 ± 6.30 88.40 ± 3.97 87.32 ± 3.49 0.83
3 Boosting with hierarchical feature selection (AUC > 60 and then

forward feature selection)
89.16 ± 4.89 88.69 ± 6.54 89.75 ± 4.91 88.60 ± 8.68 0.87

4 Boosting with hierarchical feature selection (AUC > 60 and
then MRMR)

84.16 ± 7.49 81.73 ± 1.04 86.40 ± 7.35 83.03 ± 8.30 0.81

5 Boosting with hierarchical feature selection (AUC > 60 and
then Relieff)

81.87 ± 6.51 80.43 ± 9.22 83.23 ± 8.28 80.96 ± 6.35 0.79

6 Boosting with hierarchical feature selection (AUC > 60 and
then LDA)

82.70 ± 6.44 82.60 ± 6.14 82.80 ± 8.23 82.14 ± 6.29 0.8

7 Boosting with hierarchical feature selection (AUC > 60 and
then NCA)

81.25 ± 5.14 78.26 ± 8.50 80.05 ± 5.20 80.65 ± 6.38 0.78
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4. Discussion

This study investigated the prediction power of demo-
graphic, vital characteristics, and blood test results
that are routinely collected during the first day of
patients’ admission to predict the outcome situation
of COVID-19 patients. We have compared several
feature categories, and the results revealed that the
combination of features in CBC and then vital sign
groups had the highest classification performance.
Furthermore, a robust machine learning approach
based on hierarchical feature selection algorithms and
RF classifier revealed that a combination of nine fea-
tures, age, RR, Spo2, Neutr, Lymph, MCH, INR, PTT,
and LDH, had the highest accuracy of 92.08 ± 2.56 to
predict COVID-19 mortality outcome. Therefore, our
automatic proposed model can be used as a valuable
assistant prognostic tool to avoid missing high-risk
patients and help provide on-time hospitalization and
intensive care services to reduce mortality rates in
Iranian patients.

An important weakness of routine rapid triage in a
pandemic situation is the increased mortality rate due
to missing high-risk patients (Liang et al. 2020). These
patients might incorrectly be identified as mild and,
without further workup, be advised to take a home-
treatment approach. The disease has an unpredictable
trajectory where the condition of some patients sud-
denly becomes critical, surprising even the most skilled
physicians; this hampers physicians’ performance by
limiting their action time window. Furthermore, it has
been shown that patients who later become critically ill
carry significantly more viral loads even before their
condition becomes critical (Siordia 2020). Thus, rapid
isolation of high-risk patients is required to decrease
infection spread. Our model using mentioned features
could alleviate these problems by providing fast and
accurate prognosis prediction after the first day of
patient admission to support proper resource allocation
and decision making and consequently avoid missing
high-risk patients.

We have used widely known feature selection algo-
rithms named Forward feature selection, mRMR and
Relieff. The results displayed that the wrapper
method, here forward feature selection, which
includes a learning algorithm as a black box and uses
its predictive performance to evaluate the usefulness
of a subset of features, yielded better classification
results. In wrapper methods, the feature selection part
is combined with the training of a classifier and can-
not be separated (Chandrashekar and Sahin 2014).
This method uses a classifier during the feature selec-
tion phase, and this leads to better performance

results. On the other hand, filter methods, such as
Relieff and mRMR, only consider the relevance of fea-
tures with dependent classes using statistical measures
(Chandrashekar and Sahin 2014). These methods rely
on the importance of the general features and rank
them based on the characteristics of the features and
do not give the best combination of features. For
these two groups of methods, we increased the num-
ber of features from highest rank to lowest rank until
the best accuracy was achieved, while the best com-
bination of features might be something else.
Consequently, the results revealed that Forward fea-
ture selection, a wrapper method, led to better per-
formance results compared with Relieff and mRMR
filter methods.

The seven traditional classifiers algorithms used in
the current study, RF, SVM, LR, KNN, ANN, bagging,
and boosting are popular and have been among the
most successful classification methods in the previous
studies in various fields (Shalbaf et al. 2020; Valizadeh
et al. 2021). The advantages of these widely used meth-
ods, such as high performance, great classification rate,
and high-speed calculation, make them applicable for
medical classification problems. Specifically, the RF clas-
sifier has several superiorities compared to other statis-
tical classifiers, namely the ability to model complex
interactions, the participation of different predictors,
higher generalization due to the inherent randomicity in
the feature and sample selection procedure in each iter-
ation, and interpretability.

The best-selected features were nine features; age
in demographic features; RR and Spo2 in vital fea-
tures; Neutr, Lymph, and MCH in CBC features; INR
and PTT in coagulation features; and finally LDH in
general features. Older age is associated with more
infection susceptibility and an atypical response to
viral pathogens due to reduced expression of type I
interferon-beta (Smits et al. 2010). Furthermore, age-
related impairment of lymphocyte function along
with abnormal expression of cytokines leads to pro-
longed pro-inflammatory responses and weakens the
host’s response to viral infection and inflammation
control (Opal et al. 2005). SPO2 and RR were also
significantly associated with patient mortality in this
study. Dyspnea is not prominent in the initial stages
of COVID-19. This is because carbon dioxide
exchange is still present through alveoli at these
stages. However, the oxygen exchange is distorted due
to the alveolar collapse. This hypoxia leads to the pro-
gression of pneumonia in the absence of clinical
symptoms (Teo 2020). Furthermore, hypoxia pro-
motes the activity of the local inflammatory system
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causing further damage to the lung tissue and higher
hypoxia (Xie et al. 2020a). Another prominent associ-
ation with patient COVID-19 mortality in this study
was CBC results, specially Neutr, Lymph along with
MCH. Previous studies have reported that platelets
are affected through several possible routes in patients
and that the rates of thrombocytopenia are higher in
severe patients. COVID-19 patients are at an
increased risk of thrombosis formation (Ratajczak and
Kucia 2020); Furthermore, cytokine storm and other
immune factors can destroy platelets (Humbert et al.
2020) or decrease their production (Xu et al. 2020). It
also has been proposed that SARS-COV-2 can also
distort the beta chain of hemoglobin, reducing its
level and RBC population (Liu and Li 2020). White
blood cells are also affected by COVID-19 infection.
Lymphopenia is associated with a poor prognosis.
The virus can kill lymphocytes via direct apoptosis or
indirectly by cytokine storm (Tan et al. 2020).
Furthermore, a reduction in the neutrophile popula-
tion can be observed in severe patients that might be
due to inflammation or secondary infection (Huang
et al. 2020). INR and PTT in coagulation features are
also significantly associated with patient mortality.
The inflammatory response promoted by severe
COVID-19 infection could cause endothelial damage,
distortion of the coagulation cascade function, and
coagulopathy. Therefore, levels of INR and PTT, as
coagulation biomarkers, during COVID-19 infection
can be informative of coagulopathy progression and
disease severity (Connors and Levy 2020). The higher
INR and PTT mean fibrin degradation products are
increased and lead to life-threatening intravascular
coagulation, necessitating rapid intervention (Terpos
et al. 2020). Finally, elevated levels of LDH could
reflect tissue injury caused by COVID-19 infection
and concurrent lung fibrosis. Indeed, abnormal LDH

is commonly seen in idiopathic lung fibrosis (Yan
et al. 2020; Giacobbe 2020). Furthermore, a robust
immune response to COVID-19 infection and subse-
quent cytokine storm could cause multi-organ dam-
age, which causes a further rise in the LDH level
(Yang et al. 2020a).

The proposed machine learning system has some
advantages compared with other studies. As opposed
to imaging procedures such as CT scans, proposed
clinical tests are common in medical centers, and
exposure to X-ray is not needed. Furthermore, they
are significantly cheaper, and their results are pro-
vided in a relatively short time. Vital signs and demo-
graphic data can be easily measured by simple
questions and devices. These laboratory and non-
laboratory variables can be suitable candidates for
early triage of patients, especially in crowded regions
or emergencies, such as pandemics. Another import-
ant point is that we have evaluated different groups
of clinical features from each patient simultaneously,
giving an advantage to our model from the perspec-
tive of available data in each feature. Finally, the RF
classifier, which is used in this study, has several
superiorities compared with other classifiers due to
utilizing several decision trees built by a selected sub-
set of features which improve the robustness of the
classifier significantly.

Several limitations were present in this study. First,
the study was conducted with a retrospective frame-
work. Furthermore, several biomarkers, such as CRP,
which are potentially linked to COVID-19 mortality,
were not included due to the high rate of missing val-
ues resulting from the pandemic situation. The pres-
ence of other acute phase reactants and inflammatory
markers, such as ESR, plt, and LDH, in this model, is
likely to explain a significant portion of information
explained by CRP. Moreover, patients in this study
were admitted to the Masih Daneshvari hospital,
which is a primary care center for COVID-19
patients. Thus, more severe patients were admitted,
and the ratio of expired and discharged patients does
not accurately mirror the whole society. Furthermore,
the study population was relatively small and only
contained Iranian patients. Finally, laboratory data
requires invasive sampling, and many smaller health
centers do not have access to laboratory equipment
(Plebani 2015; Reeve and Twomey 2020).

Future studies should include larger and more
diverse COVID-19 patient study groups to further
investigate the utilization of machine learning models
in clinical settings. Continuous data input from vari-
ous hospitals could be used to develop and

Figure 4. Box plot for 10 time run from one feature to thir-
teen features based forward feature selection method and
RF classifier.
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incrementally train an online learning model to pre-
dict the prognosis of COVID-19 patients, giving
increasingly precise and updated results to be used in
clinical settings. Moreover, a more comprehensive
archive of a person during hospitalization, from the
first day to the last day of hospitalization, can be used
for better prediction. Also, in this study, binary
outcome (discharged and expired) was used for
COVID-19 patients. Future studies can explore other
outcomes, such as whether a patient was intubated or
admitted to ICU as outcomes. Moreover, to devise
specific prognostic models, future studies can focus
on individual groups of comorbidities (e.g. cardiovas-
cular) to develop separate models.

5. Conclusion

We have proposed a robust machine learning pipeline
to predict the outcome of COVID-19 patients based
on demographics, vital signs and CBC, coagulation,
kidney, liver, blood gas, and general blood tests. We
have compared eight different groups of features sep-
arately, and results revealed that the combination of
features in CBC groups and then vital signs had the
highest classification parameters with an accuracy of
82.91 ± 5.53 and 75.83 ± 5.30, respectively. Finally, to
find the best combination of different groups of fea-
tures for increasing the prediction accuracy, a hier-
archical feature selection algorithms using features
which have AUC above 0.6 and p-value below 0.005
and then forward feature selection and finally an
advanced classifier named RF have used with an accur-
acy of 92.08±2.56 to classify COVID-19 patients as
death or survived. The best-selected features are set to
nine features which are: age in demographic features;
RR, and Spo2 in vital features; Neutr, Lymph, and
MCH in CBC features; INR and PTT in coagulation
features; and finally LDH in general features. So, our
proposed model can be confidently used as a valuable
assistant diagnostic tool for the physician to predict the
patient outcome of COVID-19 with high accuracy for
clinical decision making and resource allocation and
finally to sieve patients with high mortality risks.
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