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Abstract:
COVID-19 pandemic affects the world disastrously and also had a major effect on the world economy. We aimed
to create the prediction model of in-hospital mortality using machine learning methods for patients with
coronavirus disease 2019 (COVID-19) based on Chronic disease, age, smoking, and gender. The model was
applied to the reliable data published by the government of Mexico and the dataset was collected by Mexican
health authorities. The important variables used in this model are age, hypertension, gender, COPD, smoking,
intubated, diabetes, asthma, pneumonia, and cardiovascular disease. Furthermore, we calculated Accuracy using
data from January 1, 2020, to April 26, 2022. Only those patients who had full information were included in this
study. Of the 43,110 patients admitted for COVID-19, 3864 (8.91 %) died during their stay. Linear Regression,
Decision Tree, Naive Bayes, and K-Nearest Neighbour have been used to build the model. The Model provided an
excellent result with an accuracy of 89.34 %. The model can be useful in estimating the in-hospital mortality of
COVID-19 patients and minimizing the deaths due to COVID-19.
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1. INTRODUCTION
COVID-19 is an infectious disease caused by a
coronavirus. It was discovered in December 2019 in
Wuhan, China. COVID-19 has been classified as a
pandemic by WHO due to an increase in cases around
the world[1]. As of May 6, 2022, a total of
526,092,380 cases have been reported, with
519,813,714 successfully treated. Unfortunately,
6,278,666 people have died as a result of this virus.
[2]. Moreover, it was found that patients with ages
above 65 have a higher risk of in-hospital mortality.
The elderly and those with comorbid conditions,
particularly heart disease had the highest mortality

rates[3]. Patients who died as a result of coronavirus
had a higher likelihood of having COPD and being
current smokers[4]. Self-quarantine and distancing
are advised for those suffering from mild coronavirus
symptoms. This disease affects each individual
differently. People with a weak immune system are
more likely to get this disease quickly than people
with a strong immune system[5]. The spread of
coronavirus is more likely as a result of failing to
observe social distancing. This virus then spreads from
person to person and continues to spread[6].
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Many researchers are working to reduce the
impact of this disease. Machine Learning (ML) has the
ability to establish the correlation between deaths
and disease spread. The WHO, world communities,
and kaggle are all working to update patient data so
that researchers can use it to stop or slow the spread
of this virus. Because the data of coronavirus patients
are so complex, establishing a relationship between
them is extremely difficult. Many Machine Learning
(ML) models have been developed to discover the
complex relationship between coronavirus data. The
ML primarily based totally version can assist to expect
the COVID-19 pandemic spread, the wide variety of
cases, deaths, and effective measures to prevent the
pandemic.
Many papers employ the Machine learning
technique to create a model for COVID-19. One paper
proposed a model to predict the number of deaths
due to the corona virus. In this work, SusceptibleInfected-Recovered (SIR) model was used to forecast
the death of COVID-19 patients[7]. In this work it was
found that lower the hemoglobin and lymphocytes
lower the risk of death due to this virus. Another
random forest model discovered that patients with
diabetes mellitus have a higher risk of death from
coronavirus[8].
The majority of the models were time-based. The
goal of this model is to predict the death of an
individual patient suffering from coronavirus based on
chronic disease, age, gender, and smoking.
Hypertension, COPD, intubation, diabetes, asthma,
pneumonia, and cardiovascular disease are examples
of chronic diseases. Age is also one of the most
important inputs for predicting death.
Abbreviations
LR
Linear Regression
KNN
K-Nearest Neighbor
ML
Machine Learning
NB
Naive Bayes
DM
Diabetes Mellitus
COVID-19 coronavirus disease-2019
COPD
Chronic Obstructive Pulmonary Disease
DT Decision Tree
DATASET
The model was applied to a dataset collected by
Mexican health authorities. The dataset includes
patients who were hospitalized in Mexico, as well as
their age, gender, date of death, and chronic diseases
such as COPD, diabetes, asthma, hypertension, and
I.

cardiovascular disease. The dataset also includes the
date of onset of symptoms, the date of admission,
and the date of discharge/death.
II.

MATERIAL AND METHODS

A Hybrid ML algorithm is used to predict the mortality
risk prediction. Fig. 1, depicts the proposed hybrid
model architecture with chronic diseases such as
diabetes, COPD, hypertension, asthma, and
cardiovascular disease. Gender, age, and smoking are
also inputs. The output is the COVID-19 patient's
death.

Fig. 1.: A general structure of a Hybrid model
The hybrid model has four models i.e., LR(Linear
Regression), NB(Naive Bayes), KNN(K-Nearest
Neighbor), and DT(Decision Tree) which will be
ensemble using the voting classifier. In the input we
give the patient’s age, smoking tendencies, gender,
intubated, and chronic diseases like COPD, diabetes,
asthma, hypertension, Kidney, and cardiovascular
disease.
A. Data Cleaning

A data cleaning approach is applied to remove the
missing values. Patients with more than 50% missing
values were removed. Like patients whose gender is
unknown or having an outlier. Those whose value is
unknown were removed from the dataset. As a result,
the total dataset from 1046700 become 43,110.
B. Train Test Split

After the cleaning of the dataset, the dataset is split
into an 80:20 ratio. As a result, the number of samples
of train and test becomes 34488 and 862. The dataset
has 12 columns i.e., diabetes, COPD, asthma,
hypertension, cardiovascular, obesity, kidney disease,
smoking, intubated, pneumonia, age, and gender

eISSN1303-5150
www.neuroquantology.com

2114

NeuroQuantology|July 2022| Volume 20|Issue 8| Page2113-2117| doi: 10.14704/nq.2022.20.8.NQ44230
Akashdeep Singh Rana, et al / COVID-19 Mortality Prediction using Machine Learning Methods

whereas in the output the dataset contains the target
column which has the patient’s death record. The
training set of the target column was unbalanced that
containing the number of deaths and the number of
alive patients 3073, and 31415 respectively as shown
in Fig. 2.

dataset was 3073 whereas survivors were 31415.
Thus this makes the model more inefficient and
creates an imbalance. To make the dataset balanced
the oversampling technique can be used.

Fig. 3. Summary of the training set of the dataset
After oversampling
Fig. 2. Summary of the training set and test set of the
dataset
C. Data preprocessing

a) Outlier Treatment
It is the first step of the preprocessing which is
very useful to make a model efficient. In this step,
extreme values were removed or the values other
than numerical were also removed. This technique
limits the extreme value of numerical data.
b) Feature values transformation
After the removal of outliers, the dataset
becomes more efficient than before. As we know ML
does not deal with units like kg, gram, inch, feet, etc.
So we need to convert the data into the same format
for making the data easy to understand for ML. It can
be done using scaling like standard scaling, and minmax scaling. By using the scaling data is converted
into a suitable numerical format for the Machine
Learning technique.
c)Missing values imputation
After the scaling, the missing values can be replaced
using KNN. In this algorithm, the missing value can be
replaced using the mean value of the surrounding
neighborhoods. This algorithm was compatible with
the continuous feature as well as the categorical
feature [9]. Each of the missing values in the dataset
can be replaced using the KNN technique.

The oversampling technique has the ability to
increase the number of minority classes. Here the
number of death is much lower than the number of
survivors. Hence oversampling technique makes the
number of death equal to the number of survivors.
We used Synthetic Minority Oversampling Technique
(SMOTE)algorithm for oversampling. The training set
after the oversampling is shown in “Fig. 3”. Only the
training dataset was oversampled as test data used
for the actual interpretation.
D. Feature Selection

2115

After the oversampling of the dataset. The important
features were extracted so that the model can be
more efficient. As there were so many features that
has the least importance to the model. It can be done
using the recursive feature technique(RFE) around
classifiers LR, gradient boosting, and AdaBoost. These
algorithms have vast capabilities and can be applied in
COVID-19 research[11][12].
Every feature coefficient metric was ranked according
to the voter system. Features that had the lowest
importance in the training set were removed using
the RSE. The feature that was left behind was used for
mortality prediction.

d) Oversampling
This is the final step of the preprocessing. As the issue
of imbalance arises here. As shown in “Fig. 3”, in the
This is the final step of the preprocessing. As the issue
of imbalance arises here. As shown in Fig. 3, in the
training set the survivor was much more. The
inequality case dominance toward the dominant class
[10]. The number of dead patients in the training
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Fig. 5: Patients with intubated and pneumonia risk
analysis
Fig. 4: Features with their importance in the model
As Fig. 4 shows that asthma had the lowest
importance and intubated with the highest
importance. Hence we removed the feature with
the lowest importance from the dataset and
continue with the remaining parameters.

Based on the graphs created from the predictions of
the model, we see that the disease with the highest
risk of death is diabetes followed by COPD. However,
we see that these curves grow when the patient has
pneumonia, but this curve grows aggressively when
patients have been intubated and diagnosed with
pneumonia.

E. Mortality Risk Prediction
After the feature selection, a hybrid model was
created using NB, KNN, LR, and DT. To predict the
mortality using the selected feature. This technique
found useful to find the COVID-19 risk[13][14][15][16]
.This model was an ensemble using the voting
classification.

Evaluation Metric in %
Accuracy
89.34
Precision
70
Recall
77.5
F1 score
73
Fig. 6: The evaluation result of the mortality
prediction models

F. Results
In Fig. 6 the performance of the model is shown which
It is possible that with some combinations of health
shows the accuracy, precision, recall, and f1 score.
problems or factors, the curve of probabilities is not
the expected one, this may be because there are few
IV. CONCLUSION
patients who meet that combination of health
In this research, we have proposed a hybrid-based
problems or diseases, causing the prediction of the
model to predict the mortality of COVID-19 patients.
model to be somewhat doubtful. This problem seems
Age, COPD, and diabetes had a very high impact on
to appear in those features or indicators in which the
the mortality of COVID-19 patients. The dataset is
positive values are scarce. The latter can be consulted
taken from the Mexican health authorities, which is
in the 'Final data display' section.
publicly accessible to create models. As it was found
Based on the graphs created from the predictions of
that the feature asthma had the least impact on the
the model as shown in Fig. 5, we see that the disease
model so it was removed. Hence to make the model
with the highest risk of death is diabetes followed by
more efficient. Using SMOTE algorithm the
COPD. However, we see that these curves grow when
imbalanced feature in the dataset i.e., a target that
the patient has pneumonia, but this curve grows
includes a number of deaths and survivors was
aggressively when patients have been intubated and
balanced. So that the majority class could not
diagnosed with pneumonia.
overcome the minority and make the model much
more efficient when applied in the real world.
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