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Abstract— In the modeling domain, the selection of appropriate 
hyper-parameters for classification or prediction algorithms is a 
difficult task, which has an impact on generalization capacity and 
classifier performance. In this paper, we compared the 
performance of five Machine Learning (ML) algorithms from 
different categories namely: SVM, AdaBoost, Random Forest, 
XGBoost and Decision Tree. In the first experiment, we adopt a 
default setting of each model for training and testing. In the second 
experiment, we use the GridSearch function to find an optimal 
configuration of the model. The experiments are performed on 
dataset of anonymous patients with or without COVID-19 disease. 
The used dataset is obtained from the Albert Einstein Hospital in 
Sao Paulo, Brazil. To evaluate the reached results, we used 
different performance evaluation metrics such as: accuracy, 
precision, recall, AUC and F1-score. The results of the proposed 
approach have shown that the optimization of the hyper-
parameters of the studied learning models leads to an 
improvement of 18% in terms of Recall. 

Index Terms— optimization, hyper-parameters, coronavirus, 
COVID-19, machine learning, model. 

I. INTRODUCTION

Distributed reports on coronavirus disease (COVID-19) change 
daily and even hourly. A public health emergency has already 
swept the world: the virus threatens people's lives, affects 
business and interferes with travel. On January 30, the World 
Health Organization (WHO) declared the outbreak of a new 
coronavirus as a public health emergency of international scope 
and, on March 11, a world pandemic. The gravity of the 
situation requires seeking a solution to this health problem in all 
possible ways. The presence of the virus is detected using 
virologic tests or PCR tests. They consist of a nasopharyngeal 
swab: a kind of large cotton swab is inserted into the patient's 
nose in order to collect a certain amount of virus. The sample is 
sent for analysis to a laboratory. This type of test requires hours 
of analysis to obtain a result.  
Unfortunately, COVID-19 testing capacity is still weak in many 
countries around the world. Therefore, we need other tools to 
early diagnose patients in order to stop the spread of the virus. 
An early diagnosis helps to understand the spread of the virus 
and takes evidence-based action to slow the spread of the 
pandemic. In February 2020, a WHO report that Artificial 
Intelligence (AI) and big data analysis can be a key solution to 
the problem of the COVID-19 pandemic. 

© IEEE 2021. This article is free to access and download, 
along with rights for full text and data mining, re-use and 
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Machine Learning (ML) [1] as branch of AI is a scientific 
discipline concerned by the development, analysis and 
implementation of automatable methods that allow a machine 
to evolve through a learning process. With the rapid 
development of computer technology, ML has been widely 
applied in the medical field [2]–[4]. 
In the medical field, databases are often of large size; high 
performance computing (HPC) oriented graphics processors 
(GPU) have been used a lot in ML applications to reduce 
runtime [5]–[8]. In addition, ML and Deep Learning (DL) 
proven invaluable in predicting positive cases of multiple 
diseases [9],[10].  A ML model is defined as a mathematical 
model with a number of parameters that must be tuned from the 
data [11]. However, certain parameters called hyper-parameters 
cannot be studied directly. They are usually chosen by a user 
based on a certain intuition and test before the start of learning. 
These parameters demonstrate their importance in improving 
the performance of the model, such as its complexity or its 
learning speed. Models can have many hyper-parameters. In 
fact, finding the best parameters combination can be considered 
as a separate research problem. 
The present study aimed to improve the performance of ML 
classification models by optimizing the used algorithms 
parameters. In addition, we aim to establish an early detection 
model to distinguish COVID-19 cases from healthy ones using 
viral and blood patient’s data with ML techniques. Thus, the 
main purpose of this paper is to compare the 
classification/prediction algorithms results using the 
GridSearch function. This function describes the parameters 
that can be tested on the model for its training process. A 
parameter grid is defined as a dictionary, where the keys are 
parameters names and the values consist of a range of values 
that need to be checked [12]. For this end, we choose five ML 
algorithms from different categories. These algorithms are 
trained and tested using a COVID-19 dataset containing the 
results of blood and viral tests. 
The rest of this paper is structured as follows: Section II 
presents a brief overview of some relevant related work. Section 
III describes the used dataset structure and the different studied 
machine learning algorithms. In Section IV, we describe the 
elements and the stages of the proposed prediction 
methodology. Section V presents the experimental results and 
discuss the performance evaluation measures. Finally, section 
VI concludes this paper and presents some perspectives at this 
work. 

Optimization of Machine Learning Algorithms 
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II. LITERATURE SURVEY 

In recent decades, a wide variety of studies has proposed 
systems for predicting chronic or cancerous diseases. The aim 
of these studies is to improve the performance and obtain a 
powerful prediction model. The parameters selection is one of 
the key problems in modeling because these parameters have a 
significant impact on the precision performance metric of the 
model forecast [13]. In programming field, there are many 
functions which exhaustively search for hyperparameter values. 
These functions are generally carried out on a computation 
cluster because they are expensive in terms of computation. The 
simplest and most used one is the GridSearch function [14]. 

 In [7], the authors present an integrated view of the 
methods used in hyperparametric optimization of learning 
systems. it emphasizes the hyperparametric optimization 
aspects by using a combination of techniques for: optimization, 
space research and reduction of training time. 

Another study published in [15], proposed an approach that 
aims to accelerate the grid search function in order to select the 
optimal parameters for SVM classifiers. The main idea of this 
approach was to avoid starting again from zero the training of 
each SVM model by using the support vectors obtained during 
the training process of an SVM with a smaller value of C 
parameter. As training models for an SVM with a higher value 
rather than using the drive assembly.  

In [16], the authors proposed a clinical decision-making 
system that can helps the doctor to diagnose patients influenced 
by Parkinson disease. In this study, they invested in the 
optimization of the GridSearch function. Then, develop an 
optimized deep learning model to predict the early onset of 
Parkinson disease. Fine-tuning the parameters of the deep 
learning model provides an overall test accuracy of 89.23% and 
an average classification accuracy of 91.69%. 

Another research work [17] applied the optimization of 
hyper-parameter of Bayesian algorithm on the CIFAR-10 
dataset to improve model performance. indeed, Bayesian 
optimization clearly obtains optimized values for all the hyper-
parameters. This saves time and improves performance. The 
results show that the error was reduced by 6.2% on the graphics 
processing unit during validation. 

The present work aims to propose a new prediction model 
optimized for the diagnosis of patients with COVID-19 based 
on the results of blood samples. The proposed approach is based 
on two experiments: the first consists of training and testing five 
machine learning models with their default configuration. In the 
second experiment, we use GridSearch function to determine 
the best configuration of the models. 

III. MATERIALS AND METHODS 

In this section, we provide a description of the dataset and the 
used classifier methods in the experiments.  

A. Dataset Collection 

The used database contains anonymized data from patients seen 
at Albert Einstein Hospital (AEH). This dataset contains two 
classes: healthy patients (Negative cases) and patients infected 
with COVID19 (Positive cases). In the other hand, this dataset 
has 5644 instances and 111 features but with several missing 
values. For that, it was necessary to carry out a preprocessing 

exploration by removing the null values. Then, we eliminate 
features that have a data gap that exceed 80%. 
 

B. Machine learning algorithms 

In this sub-section, we gave a brief overview of the five used 
ML algorithms. 

1) Support vector machine 
It is a complete set of algorithms needed to solve classification 
analysis and regression problems. SVM is based on the position 
of an object in an N-dimensional space belongs to one of the 
two classes. The support vector method constructs a hyperplane 
of dimension N-1 so that all the objects appear in one of the two 
groups [18]. In Figure 1, this can be represented as follows: 
there are instances of two different classes (Positive and 
Negative), and they can be divided linearly.  

 
Fig. 1. Diagram representing the SVM classification of binary class data 

(Positive, Negative) by plotting the optimal hyperplane. 

In addition to separating the instances, this method generates a 
hyperplane so that it’s as far as possible from the case closest to 
each class. SVM and its modifications help solve complex 
tasks. The performance of the SVM classifier depends on the 
choice of the regularization kernel parameters [19], [20].  

2) Decision tree classifier 
Generally, the decision tree technique is used in binary 
classification problems. The objective is to build a set of choices 
in the form of a graphic tree composed of nodes and branches 
according to each collected attribute. The DT algorithm uses if-
then rules to construct the classification model in the form of a 
tree structure [21]. The process continues by decomposing the 
data into smaller structures and possibly associating them with 
an incremental decision tree. Rules are learned sequentially 
using training data one at a time. Each time a rule is learned, the 
tuples covering the rules are deleted. The process continues on 
the training set until the endpoint is reached [22]. The final 
structure of the model looks like a tree with nodes and leaves. 
The probability P(T) of estimating that an observation j is in 
node X is given by equation (1): 
 ܲሺܶሻ = ݓ∈  (1) 

 

3) Random forest classifier 
Random Forest (RF) is an efficient algorithm for prediction 



problems. Indeed, this is a particular case of bagging applied to 
decision trees. The principle of bagging methods is to calculate 
the average of the forecasts of several independent models to 
reduce the variance and the forecast error. To build a RF model, 
we select several bootstrap examples [23]. We use a large 
number of decision trees, each constructed with a different 
subsample of the training set. For each construction of a tree, 
the decision at a node is made according to a subset of variables 
drawn at random. Then, we use all the decision trees produced 
to make the prediction, with a majority vote for the 
classification, predicted variable of type factor [24]. Figure 2 
illustrates the construction architecture of an RF model. 

 
Fig. 2. Diagram representing the operating of the Random Forest algorithm. 

4) Adaboost classifier 
Adaptive Boosting (AdaBoost) is an algorithmic method known 
in the field of machine learning. This approach is the most 
widely used derivative of the Boosting method, which aims to 
stimulate the learning algorithm performance. AdaBoost 
consists of efficiently transforming a "weak" classifier into a 
"strong" classifier by reducing error rates. AdaBoost’s 
algorithm calls a learning algorithm at each iteration that trains 
the instances to classify. Thereafter, he define a new probability 
distribution for the learning instances [25]. Based on the results 
of the algorithm in the previous iteration while increasing the 
weight of the instances that are not correctly classified. At the 
end, AdaBoost combines weak data with a weighted vote to 
deduce a strong classifier. In fact, AdaBoost is trying to find an 
optimal classifier from the combination of a weak learning data 
set [26]. The principle of Boosting is to reuse a classifier several 
times by assigning to the learning instances, each time, a 
different weighting and then combining the results in order to 
find a single "strong / very precise" classifier. 

5) XGBoost classifier 
The XGBoost algorithm is a real star in machine learning 
competitions. It is an optimized open source implementation of 
the gradient boost tree algorithm. Indeed, Gradient Boosting is 
a supervised learning algorithm. The principle is to combine the 
results of a simpler and weaker set of models in order to provide 
a better prediction. The idea is simple: instead of using a single 
model, the algorithm will use several, which will be combined 
to obtain a single result. The algorithm works sequentially. 
Unlike for example the random forest. This will make it slower 
but it will allow the algorithm to improve by capitalization 
compared to previous executions. He begins by building and 
evaluating a first model. From the evaluation of the first model, 
each individual will be weighted according to the performance 

of the prediction [27]. XGBoost contains a large number of 
modifiable and adjustable hyper-parameters to improve 
performance. 

IV. PROPOSED METHODOLOGY 

A. Global overview  

In this paper, we aim to improve the performance of 
classification models by using the GridSearch function. Figure 
3 illustrates the main stages to build the prediction system of 
patients infected with COVID-19. 

 
Fig. 3. Illustration of the proposed methodology steps. 

The ratio used for the training and testing process is 80% and 
20% respectively. We carried out two experiments. The first 
one, we trained and tested the models with their default hyper-
parameters. Then, we calculated the performance metrics and 
drew the confusion matrix. In the second experiment, we 
examined the hyper-parameters and created grid parameters for 
each algorithm. This grid contains range of values necessary to 
find the optimal hyper-parameter value. With the same previous 
evaluation approach, we extracted the performances of the 
optimized models. Finally, we compared these performances 
with the results obtained in the first experiment. 

B. Preprocessing 

The main purpose of this step is to remove missing values and 
unnecessary features. 

TABLE 1.  THE AEH DATASET ARCHITECTURE 

Instances 
Positive : 1 558 
Negative : 0 702 

Relevant Features 
Input 17 
Output 2 

Train set (80%) 
Positive cases 436 
Negative cases 572 

Test set (20%) 
Positive cases 122 
Negative cases 130 

 



We keep the significant and correlate features with the outcome. 
The correlation function make possible to generate a vector of 
important features [28]. Therefore, we performed a series of 
preprocessing operations, including encoding, removing 
unnecessary data and features engineering. Table 1 shows the 
final dataset architecture used 

C. Parameter selection with GridSearch 

Optimizing hyper-parameters is the process of adjusting a 
parameter to minimize the cost function of the model. In fact, 
this process refers to any parameter of a machine-learning 
model. Most models of machine learning require at least one 
variable defined before learning. For example, decision tree 
model, support vector machines [29], neural networks and 
regularization algorithms for ordinary least squares. The 
purpose of using GridSearch function is to define the optimal 
parameters of a model. This allows rapid iteration over possible 
combinations of values for any hyper-parameters value [30]. 
Indeed, the search in the grid works by trying all the possible 
parameters combinations. Table 2 represents the optimal hyper-
parameters obtained by the grid search function. These 
configurations give the best results in terms of prediction 
accuracy. 

TABLE 2.  THE OPTIMAL HYPERPARAMETERS OBTAINED WHICH GIVE THE 
BEST RESULTS IN TERMS OF PREDICTION ACCURACY 

Classifier Hyper-Parameters Value 
SVM Svc__C 1000 

Cache_size 20 
Gamma 0.0001 
Kernel RBF 
Degree 3 

AdaBoost Algorithm SAMME.R 
Learning_rate 1.0 
N_estimators 50 
Random_state 0 

RF Bootstrap True 
Ccp_alpha 0.0 
Criterion gini 
Max_depth 25 
Min_samples_leaf 1 
Min_samples_split 2 
N_estimators 100 

XGBoost Base_score 0.5 
Booster Gbtree 
Learning_rate 0.1 
Subsample 0.5 
N_estimators 700 
Max_depth 6 

DT Min_samples_leaf 1 
Min_samples_split 2 
Splitter Best 
Random_state 0 

D. Performance Evaluation Methods 

Performance evaluation model allows checking the accuracy 
and efficiency. There are many ways to assess a classifier. In 
this study, we used the Holdout method, which consists of 
dividing the dataset into two parts as a test, and train set 20% 
and 80% respectively. The train set is used to train the data and 
the invisible test set is used to test its predictive performance. 
Moreover, we used the Cross-validation method to avoid the 
problem of over-fitting [31]. Then, we calculated some 

evaluation metric namely the accuracy, precision, recall, ROC 
and the F1-score [32]. 

V. EXPERIMENTAL RESULTS AND DISCUSSION 

In this section, we evaluate the performance of the five 
supervised machine learning algorithms using the Holdout and 
Cross-validation method. We assessed the model quality using 
different metrics under two experiments: 

• Experiment 1: keep the default model hyper-parameters 
and use the AEL dataset with preprocessing. 

• Experiment 2: Use the same dataset with the same 
preprocessing, but we develop for each model a 
GridSearch of the parameters to find the best 
combination. 

A. Experiment 1: algorithms with default parameters 

In this subsection, we present the performance results of the 
algorithms with default hyper-parameters. The five algorithms 
train on 1008 instances and then they test on 252. In order to 
draw the confusion matrix of each classification, we have 
calculated the elements of binary classification. Table 3 
presents the values of cases where the prediction is positive and 
the real value is positive (True Positive). The cases where the 
prediction is positive but the real value is negative (False 
Positive). The cases where the prediction is negative and the 
real value is negative (True Negative). Moreover, the cases 
where the prediction is negative but the real value is positive 
(False Negative). 

TABLE 3.  CONFUSION MATRIX ELEMENTS REPRESENTING THE 
PERFORMANCE OF THE FIVE CLASSIFIER STUDIED WITH DEFAULT HYPER-

PARAMETERS 

Models TP FP TN FN 
SVM 90 32 129 1 

AdaBoost 91 31 122 8 

RF 111 11 127 3 

XGBoost 112 10 126 4 

DT 109 12 117 13 

 
From these results, we can see that the XGBoost, RF and DT 
model provided a good classification in comparison with the 
other models. To illustrate these performances well, we have 
calculated and presented in Table 4 some percentage 
performance metrics. 

TABLE 4.  PERFORMANCE EVALUATION METRIC OF THE FIVE ALGORITHMS 
WITH DEFAULT HYPER-PARAMETERS 

Now, we can quickly notice that the three algorithms of the 
decision trees (XGBoost, RF, and DT) have an accuracy of 
94%. The SVM and the AdaBoost does not exceed 86%. Yet 
the SVM model surpass all models in Precision, it reaches 
98.90%. For the other metrics that remain recall, ROC and F1, 

Metrics SVM AdaBoost RF XGBoost DT 
Accuracy 
(%) 

86.90 84.52 94.44 94.44 90.08 

Precision 
(%) 

98.90 91.92 97.37 96.55 89.43 

Recall (%) 73.77 74.59 90.98 91.80 90.16 
ROC 0.86 0.84 0.94 0.94 0.90 
F1-score 0.84 0.82 0.94 0.94 0.89 



we noticed that always the trees algorithm family dominates the 
high performance. 

B. Experiment 2: algorithms with optimized parameters 

In the second experiment, we trained the same algorithms on 
the same dataset, except that this time we introduced optimal 
hyper-parameters using the GridSearch function. We obtained 
different classifications from those in Experiment 1. Table 5 
represents the classification elements of the five models. 

TABLE 5. CONFUSION MATRIX ELEMENTS REPRESENTING THE 
PERFORMANCE OF THE FIVE CLASSIFIER STUDIED WITH OPTIMIZED HYPER-

PARAMETERS 

 

Models TP FP TN FN 
SVM 108 14 129 1 

AdaBoost 113 9 122 8 

RF 110 12 129 1 

XGBoost 111 11 125 5 

DT 109 13 120 10 

From this table, we notice that the classification of the five 
models has been improved compared to the previous 
experiment. Table 6 includes the new values of the evaluation 
metrics of performance models. 

TABLE 6.  PERFORMANCE EVALUATION METRIC OF THE FIVE ALGORITHMS 
WITH DEFAULT HYPER-PARAMETERS 

Models SVM AdaBoost RF XGBoost DT 
Accuracy 
(%) 

94.05 93.25 94.84 94.44 90.87 

Precision 
(%) 

99.08 93.39 99.10 96.55 91.60 

Recall (%) 88.52 92.62 90.16 91.80 89.34 
ROC 0.93 0.93 0.94 0.95 0.90 
F1-score 0.93 0.93 0.94 0.94 0.90 

 

 
By comparing these performances with the results cited in Table 
4, we observe that some models have experienced a slight 
improvement in performance. However, the SVM and 
AdaBoost models experienced a significant improvement in 
terms of the recall metric. Table 7 illustrates the percentage 
improvement of each model compared to experiment 1. 

TABLE 7.  PERCENTAGE IMPROVEMENT RATE OF THE FIVE MODELS 
COMPARED TO EXPERIMENT 1 

Metrics SVM AdaBoost RF XGBoost DT 
Accuracy 
(%) 

+7.15 +8.73 +0.4 0 +0.79 

Precision 
(%) 

+0.18 +1.47 +1.73 0 +2.17 

Recall (%) +14.7 +18.03 -0.82 0 -0.82 
ROC +7.38 +9.01 +0.38 +0.8 +0.75 
F1-score +9 +1.35 +0.35 0 +0.66 

The XGBoost model kept the same performances of experiment 
1, except a slight improvement of 0.8% on the ROC. The RF 
and DT recorded a slight improvement in all metrics except the 
recall, which decreased with 0.82%. 

On the other hand, the performance of both SVM and AdaBoost 
models has been greatly increased. AdaBoost's recall reached 
an extreme augmentation of 18.03% followed by SVM with 
14.7% on the same metric.  

C. Discussion 

In this research, we conducted two experimental studies in order 
to improve the prediction of patients infected with COVID-19 
using five machine-learning algorithms SVM, AdaBoost, RF, 
XGBoost and DT. We explored a public dataset containing 
information on blood tests of approximately 5,644 patients. We 
performed a series of pre-processing operations to extract the 
important features and avoid missing values. Finally, we 
obtained a dataset containing 1260 instances. In the two 
experiments, we trained the algorithms on the same separation 
ratio of the dataset (80% training and 20% for the test). In 
experiment 2, we use a GridSearch for each algorithm to find 
the optimal hyper-parameters. From the experimental results 
section, we observed that the performance of the majority of 
models has been improved. The AdaBoost model experienced 
a major increase in the recall metric. In addition, the SVM show 
a significant improvement on all metrics. A very important 
remark that we have drawn from the confusion matrices is that 
the two classification obtained by the SVM and RF models have 
a FN equal to one. Which means that these two models have an 
extreme sensitivity to identify the patients actually infected with 
COVID-19. 

VI. CONCLUSION AND PERSPECTIVES   

In summary, the optimization of the hyper-parameter plays a 
major role in each algorithm. This can influence on the 
performance of the model learning. In this paper, we showed 
that the use of a grid search function improve and increase the 
performance of a model. This grid search finds the best 
configuration of an algorithm. This study could help future 
researchers to choose the optimal hyper-parameters to improve 
their model using one of the GridSearch functions. 

In future work, we will develop an architecture of an 
optimized convolutional neural network model based on 
Transfer Learning algorithms. To deal with detection problems 
of patients infected with COVID-19 based on X-ray or CT-
images. 
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