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A B S T R A C T  

Coronavirus (COVID-19) is a disease that is caused by the SARS-CoV-2 virus. Patients that are infected by this disease 

have common symptoms that range from mild to moderate respiratory sickness. Machine learning (ML) techniques have 

been identified to be very promising for the identification of COVID-19 evidence in patients. Some of the past ML-based 

studies focused more on the use of clinical images for COVID-19 disease classification. Thus, this work used identified 

medical symptoms in the chosen dataset for the classification of the disease. The study specifically seeks to investigate 

the performances of two ensemble learning models when the dataset is pre-processed and promising features are used 

to train the models. Exploratory analysis was carried out on the dataset with a view to understanding the patterns better. 

Then, a categorical variable in the dataset was encoded and promising features were selected with the aid of feature 

importance method. Thereafter, Random forest and AdaBoost algorithms were used to build COVID-19 classification 

models from the dataset. The results showed that the two ensemble models performed better when a filter-based feature 

selection technique was used on the dataset compared to when all the features were used for building the COVID-19 

classification models. For instance, the RF-based model record an accuracy of 0.89 and 0.96 without and with filter based 

feature selection respectively. Similarly, the Adaboost-based model recorded an accuracy of 0.90 and 0.97 without and 

with feature sub-set selection, respectively. Thus, the study established that the feature selection method used was able 

to achieve improved predictive accuracy. 
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COVID-19 disease has been ravaging countries of 

the world for more than two years now. The disease is 

caused by the SARS-CoV-2 virus.[1] The symptoms that 

are exhibited by patients carrying the virus include mild and 

moderate respiratory illnesses[1,2;3] World Health 

Organization has claimed that as at November 11 2022, 

there are 630,832,131 cases of the disease and 6,584,104 

deaths have been reported.[3]  

As a way to explain the various ways in which technology 

can be used for curbing the disease, Authors in4 described 

about ten technologies that can help in the fight against 

coronavirus fight disease. On the list, Artificial Intelligence 
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(AI) techniques took the lead. As a sub-filed of AI, machine 

learning (ML) techniques are very promising. The paper 

argued that as the COVID-19 disease keep evolving, the 

various technological applications and initiatives are 

coming up with a view to stopping the spread of the disease 

among global people. This study is in support of the fact 

that AI and machine learning techniques can be used to 

support clinical decisions early enough. Thus, it is argued 

herein that the use of a dataset that has symptoms for the 

identification of the corona virus disease is a step in the 

right direction. 

Many past studies have pointed out that the use of 

ML methods can promote accurate and early detection of 

COVID-19 disease.[5,6,7,8] Apart from this, a study by9 

argued that ML approaches are very promising for 

identifying COVID-19 patterns in the evolving coronavirus 

disease datasets. The study specifically pointed out that 

with the growing of the disease globally, machine learning 

techniques can aid in early diagnosis of the disease in 

infected patients.  

On the use of various ML methods for early 

detection of other diseases, there have been several 

studies published. For instance, in recent times 

researchers have built ML-based approaches for the early 

detection of diseases such as lung cancer,[10-12], cervical 

cancer by[13], COVID-19 disease detection by [5,6,7,8,10] 

and many others. Unlike some of the past studies that used 

clinical images (X-rays and CT scans) for COVID-19 

disease classification, this work employed a dataset that 

contains medical symptoms for the ML-based coronavirus 

disease classification. The study first of all carried out 

exploratory data analysis so as to understand the patterns 

in the dataset better. Then, focus was shifted to building 

two ensemble-based models that can be used for the early 

detection of coronavirus disease in patients based on the 

identified symptoms in the dataset. Emphasis is on 

investigating how a filter-based feature sub-set selection 

will impact on the performances of the proposed ML 

models in the detection of the disease. The two algorithms 

chosen for the disease classification are Random Forest 

(RF) and AdaBoost algorithms. The features in the pre-

processed dataset were fed into the algorithms to build the 

disease classification models. 

 

 

 

 

Authors in15 built a ML model that is based on 

probabilistic distribution. The work involves classification 

and prediction with the use of most important CT images 

features that are peculiar to Coronavirus. The authors 

argued that a combination of statistical and machine 

learning techniques were applied for feature extraction 

from the CT images and selected features were classified 

using hybridised stack classification technique. Writers 

in[16] proposed a ML-based technique for the prediction of 

criticality in patients that have severe Covid-19 infection 

using three clinical features. The study is a machine 

learning-based prognostic model with clinical data in 

Wuhan. The study was interested in predicting the mortality 

risk in patients before they become seriously sick. The 

authors argued that their model claimed that the approach 

is of great clinical significance. 

Moreso, authors in[5] proposed a model for the 

classification of corona virus disease by making use of X-

ray images and Deep Convolutional Neural Networks. 

Authors used three different convolutional neural network 

approaches namely: ResNet50, InceptionV3 and Inception 

for the detection of corona virus pneumonia infected 

patient using chest X-ray radiographs. It was reported that 

ResNet50 model provided the highest classification 

performance with 98% accuracy. Researchers in[8] carried 

out a study focused on the prediction of the epidemic peak 

for COVID-19 in Japan. The study used the real-time data 

from 15 January to 29 February 2020. They took the 

uncertainty due to the incomplete identification of infective 

population, into consideration by applying the well-known 

SEIR compartmental model for the prediction. The study 

was able to predict the reproduction level of the epidemic 

in the country from nearest time to come using the model.  

Authors in[17] analysed, modeled and forecasted 

COVID-19 outbreak in China. The authors provided 

estimates of the main epidemiological parameter of corona 

virus. These parameters include: such as the basic 

reproduction number (R0) and the infection, recovery and 

mortality rate. The study then predicted the growth of 

corona virus epidemic. The study further used data 

analysis to know the rate of reduction of mortality rate in 

Hubei, China. The measures are quarantine and 
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hospitalization of infected individuals. 90% confidence 

intervals were computed for the three chosen parameters. 

Researchers in5 developed a ML-based approach 

for predicting Corona virus. The authors focused on 

algorithmically identifying the combinations of clinical 

characteristics of COVID-19 that predict COVID-19 

outcomes. They then come up with AI-driven model that is 

capable of carrying out the prediction in patients who may 

have risk for more severe illness. The emphasis of the work 

was on the promises that machine learning techniques has 

for corona virus prediction.  

Similarly, writers in[6] predicted the COVID-19 

epidemic trend in China and across the world using the 

machine learning approach. The authors built the models 

for predicting the daily numbers of cumulative confirmed 

cases (CCCs), new cases (NCs), and death cases (DCs) 

of COVID-19 in China based on the data from Jan 20, 

2020, to Mar 1, 2020. However, with the growing number 

of cases of corona virus in the world, the number has 

surpassed the predicted values. Thus, identifying the 

patients with the symptoms earlier is a promising research 

approach. 

 

 

The basic approaches used in the study include: 

collection of relevant COVID-19 dataset, carrying out 

detailed exploratory analysis of the chosen COVID-19 

dataset with a view to understanding it better. The EDA 

revealed the actual patterns in the dataset which further 

enable the researcher to settle for three linear machine 

learning algorithms. Two different ensemble learning 

algorithms, namely: Random Forest (RF) and AdaBoost 

algorithms were chosen for the classification of the COVID-

19 disease. Then, the impact of a filter-based feature 

selection technique in the classification was investigated. 

All the experimentations were carried out in Anaconda 

Python Environment. Split test ratio was used for validating 

the results of the ML-based COVID-19 classification 

models. 

Dataset Collection 

The study first of all collected COID-19 dataset. The 

dataset used in this study contains the possible symptoms. 

It was generated based on different guidelines from WHO. 

The dataset is available at 

https://www.kaggle.com/datasets/martuza/early-stage-

symptoms-of-covid19-patients?resource=download. The 

author of the dataset termed the features in it as early stage 

symptoms. 

Exploratory Data Analysis 

The exploratory Data analysis (EDA) carried out on the 

dataset revealed the values in table 1, figure 1, table 2 and 

figure 2. 

Description of the COVID-19 Dataset  

Table 1: Features and Feature Type 

S/N Column (Attribute) Number of 
Non-Null 
Count 

Data 
type 

0 gender                6512   object 

1  age_year              6512   int64 

2  fever                 6512   int64 

3  cough               6512   int64 

4  runny nose            6512   int64 

5  muscle soreness      6512   int64 

6  pneumonia            6512   int64 

7  diarrhea            6512   int64 

8  lung infection        6512   int64 

9  travel_history        6512   int64 

10 isolation 
treatment   

6512   int64 

11  SARS-CoV-2  6512   int64 

From the exploratory analysis in this study, the summary of 

number of instances’ and data types in the dataset is as 

shown in table 1. As shown in table 1, there are numerical 

and categorical data types in the dataset used in this study. 

 
Figure 1: Data patterns as contained in the dataset 

Based on the values in table 1 and figure 1, it is also 

evident that the input features in the dataset include: 

gender, age year, fever, cough, runny nose, muscle 

soreness, pneumonia, diarrhea, lung infection, travel 

history. Isolation treatment, while the target class is SARS-

RESEARCH METHODOLOGY 
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CoV-2. Furthermore, judging from the data frame obtained 

in analysis as shown in figure 2, the summary of the 

description in the chosen dataset is captured in table 1. 

Table 2: Dataset Summary 

No of  input features 11 

No of samples 6512 

Missing values NO 

DataTypes(for Input and Output Features) Mixed 

Data Pre-processing 

The categorical data (gender) in the dataset was 

pre-processed using label encoding. This is needed with a 

view to generating a complete dataset that has been 

transformed to the usable format for the selected learning 

classifiers. 

Statistical Summary 

 
Figure 2. Statistical Summary of the Dataset 

The statistical summary provided the information 

about the individual count, mean, standard deviation, 

minimum value, 25th percentile, 50 percentile, 75th 

percentile and maximum value. 

Chosen Ensemble Machine Learning Algorithms 

The ensemble machine learning algorithms used 

include Random Forest and AdaBoost Algorithms. Both 

algorithms are tree-based and were used to learn from the 

dataset features fed into them. 

Feature Selection Approaches 

Authors in18 have argued the importance of 

selecting promising attributes in ML-based classification 

models. Feature selection methods are of different 

categories. In this study, a filter-based feature sub-section 

method called feature importance is chosen. In all, scoring 

of the attribute is derived from the feature importance 

provided by the base classifiers (Decision Trees) in both 

ensembles. That is, the feature importance in both RF and 

Adaboost-based models is determined by the average 

feature importance provided by each decision tree used as 

base classifier. The feature selection techniques selected 

a subset of the features that were used for building the 

ensemble COVID-19 classification models. The feature 

selection approaches arrived at seven attributes out of the 

eleven input features in the dataset.  

Model Building 

Based on the patterns of the target class in the 

dataset, it is evident that the problem is a binary 

classification one. In each of the machine-learning based 

COVID-19 identification approaches, the dataset was 

cleaned and selected subset features were fed into the two 

algorithms for the detection of COVID-19 evidence. The 

rate at which the two models can detect COVID-19 

symptoms was evaluated using accuracy, precision, recall 

and f1-score as metrics. Decision trees are the weak 

classifiers that are used to build the ensembles. Also, the 

test split ratios of 85% for the training set and 15% for the 

testing set were settled for.  

(i) Random Forest Algorithm for COVID-19 Classification 

Random Forest algorithm is built based on base 

classifiers. It uses bagging to select different variations of 

the training data with a view to ensuring that the decision 

trees are different.  

Algorithm 1: Algorithm for Random Forest-based 

COVID-19 Classification model 

(a) Input: COVID-19 dataset containing basic symptoms 

(b) Output: COVID-19 classification based on Random 

Forest Algorithm runs 

1. Load  the disease dataset in csv format 

2. Select samples randomly from the given dataset. 

3. Designt a decision tree for every sample.  

4. Compute the prediction result from every 

decision tree. 

5. obtain voting for every predicted result 

6. Select the most voted prediction result as the final 

prediction result 

7. Stop 

(ii) AdaBoost Algorithm for COVID-19 Classification 

Adaptive Boosting algorithm is popularly called AdaBoost. 

It is also a learning algorithm that is built from base 

learners.  

http://www.jictra.com.pk/index.php/jictra
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Algorithm 2: Algorithm for AdaBoost-based COVID-19 
Classification model 

I. Input: COVID-19 dataset containing basic 

symptoms 

II. Output: COVID-19 classification based on 

AdaBoost Algorithm runs 

1. load  the dataset  

2. initialize weight Di(i)=1/m 

3. For t= 1...T 

 Refer to a weak learn which returns a weak 

classifier (DT as base estimator) ht: X ∈ {-1,1} 

with minimum error w.r.t Di 

 Select α ∈ R   

4. obtain the classifier from the DT-based weak 

estimators 

5. End For 

6. Stop 

Algorithms 1 and 2 are used for building the coronavirus 

disease classification models. 

Experimental Results 

Results of Data Exploratory Analysis 

Summary Statistics of Features in the Dataset 

 

Figure 3. Summary Statistics of the COVID-19 Dataset 

 

Visualizing the features in the Dataset 

 
Figure 4: Showing patterns of features in the dataset 

The patterns in the dataset are as captured in the 

figures Was part of the exploratory data analysis provides 

some insights for a better understanding of the dataset. 

Results of Data Pre-processing 

Encoding 

Aside the target class, the dataset contains a 

categorical feature. Thus, the categorical attribute in in the 

dataset was converted to numerical equivalent before 

being fed in the chosen classification algorithms used for 

building the model. Label encoding technique was used for 

the encoding. 

Dataset Patterns after pre-processing 

 
Figure 5. Datasets distribution after encoding 

Results of Selected Features  

 
Figure 6. Pictorial representation of scores of features in the 

dataset. 
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Sub-set features were selected from the dataset 

based on the feature importance technique. Seven 

features were settled based on their scores that are better 

than the chosen threshold of 0.05. 

Results of COVID-19 ML-based Classification 

The results are based on the chosen metrics for the 

evaluation of the ensemble-based COVID-19 classification 

models. First, results of the models built without 

considering feature selection were reported in table 2. 

Thereafter, the results of the models built with feature 

selection being considered are captured n table 3. 

Model Performances 

Case One: Ensemble-based COVID-19 Classification 

Model without Feature Selection  

Table 3. RF-based Model performance 

Algorithm used Performance Metrics Value 

Random Forest Accuracy 0.89 

Precision 0.89 

Recall 0.88 

F-Measure 0.86 

Case Two: Ensemble-based COVID-19 Classification 

Model with Feature Selection 

Table 5.  RF-based Model performance 

Algorithm used Performance Metrics Value 

Random Forest Accuracy 0.96 

Precision 0.95 

Recall 0.94 

F-Measure 0.95 

 

 

The exploratory data analysis carried out in the 

study revealed the different patterns and features in the 

dataset. The study specifically seeks to investigate the 

performances of two ensemble learning models under two 

cases (scenarios). The first scenario is when all features 

were used while the second case is when selected features 

were employed. Since one of the input features in the 

dataset is a categorical type, the feature was handled 

through encoding. Thereafter, the study obtained sub-set 

features from the pre-processed dataset using feature 

importance. In each of the experimentations, promising 

results were obtained for the two ensemble algorithms in 

the classification of COVID-19 evidence in patients. Eighty-

five percent (85%) and fifteen percent (15%) of the dataset 

were used as training and test tests respectively. The 

results shown in tables 3, 4, 5 and 6 revealed that the two 

models performed better when the filter-based feature 

selection technique called feature importance was used 

compared to when all the features were used for building 

the classification models for the disease. For instance, the 

RF-based model records an accuracy of 0.89 and 0.96 

without and with filter-based feature selection. Similarly, 

the Adaboost-based model recorded an accuracy of 0.90 

and 0.97 without and with feature sub-set selection. 

Detailed resources of the disease classification are shown 

in tables 3, 4, 5 and 6 respectively. Thus, this study further 

confirmed the importance of feature selection in any 

machine learning related researches as argued by 

authors.[18] 

 

 

This study focused on the investigation of how 

ensemble-based models can be used for the early 

detection of coronavirus disease in patients based on the 

identified symptoms in the chosen dataset. The study first 

of all introduced how ML techniques can be very promising 

for COVID-19 identification. Then the work used the pre-

processed features in the dataset to build two ensembles 

for the disease identification and then reports their 

performances. The dataset used was obtained from 

Kaggle repository and was found relevant for COVID-19 

detection studies. The chosen dataset contains symptoms 

of patients that have suffered from COVID-19 infections. 

The dataset was pre-processed and the features in two 

different cases were used to train the models. The two 

ensemble learning algorithms used for building the 

coronavirus classification models are: Random Forest and 

AdaBoost. The study specifically investigated the 

Table 4. Adaboost-based Model performance 

Algorithm used Performance Metrics Value 

AdaBoost Accuracy 0.90 

Precision 0.89 

Recall 0.88 

F-Measure 0.88 

Table 6.  AdaBoost-based Model performance 

Algorithm used Performance Metrics Value 

AdaBoost Accuracy 0.97 

Precision 0.96 

Recall 0.96 

F-Measure 0.95 

RESULT AND DISCUSSION 

CONCLUSION  
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performances of the two models when all features in the 

dataset were used and when selected features were 

employed. The results revealed that the two models 

performed better when a filter-based feature selection 

technique called feature importance was used compared 

to when all the features were used for building the 

classification models for the disease. 
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