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Abstract: The novel coronavirus disease (COVID-19) was initially identified in Wuhan, China, in
December 2019 and subsequently had a profound global impact due to its rapid spread. Earlier
symptoms and conditions of this deadly virus share common characteristics with the common cold and
influenza, making the diagnosis difficult for health care professionals. This study aims to provide a
decision on earlier and reliable screening of COVID-19 patients from the clinical blood tests and
laboratory reports. We have proposed a cost-sensitive heterogeneous stacked ensemble classifier (CS-
HSEC) that combines three different classifiers, namely random forest (RF), gradient boosting machine
(GBM) and K-nearest neighbour (K-NN) at level-1 and naive bayes classifier (NB) as the meta classifier
at level-2 for diagnosing COVID-19 disease. We have selected highly significant features using the
hybrid feature selection algorithms based on mutual information (MI) technique to enhance the
performance of the classifiers. The classifiers are trained and tested on the dataset acquired from the
Israelita Albert Einstein Hospital, Sao Paulo, Brazil. The proposed CS-HSEC performance is evaluated
using 10 clinical features of complete blood test with stratified 10-fold cross-validation and stratified
train-test split, with 90% data for training and remaining for testing. The experimental results prove the
proposed model's promising performance, having an accuracy of 98.33% with sensitivity, specificity
and AUC 0f 0.93, 0.99 and 0.96, respectively. The proposed CS-HSEC can potentially find the COVID-
19 disease during the initial screening of a patient and can be used as an assisting tool by clinicians in
diagnosing the COVID-19 disease.

Keywords: SARS-CoV-2 virus, COVID-19 disease, Mutual Information, Ensemble Learning, Cost-
sensitive learning, Laboratory findings.

1. INTRODUCTION:

Coronavirus disease (COVID-19) is an infectious disease caused by the SARS-CoV-2 virus has no
respite in spreading across the world. It was originally identified in Wuhan, China, in 2019 and became
pandemic in 2020 [1]. A COVID-19 infection is an acute respiratory disease caused by a coronavirus in
humans that especially has severe symptoms and, in some cases, leads to death in older people and those
with health complications like heart disease, kidney failure, diabetes and so on [2]. The symptoms
associated with SARS-COV-2 diseases are fever, cough, tiredness, and loss of taste and smell. Based
on the severity of the infection, the patients may also have difficulty breathing and chest pain that
requires immediate medical attention as the symptoms worsen [5]. In such medical casualties, faster
decision-making may reduce the mortality and morbidity rate of COVID-19 patients. The major
challenge faced in identifying and classifying COVID-19 infection is the severity of lung infection
caused by other diseases like pneumonia and flu.

Medical diagnosis refers to the identification of a disease or condition that accounts for a patient's
symptoms and clinical signs. Several testing methods have been developed to diagnose the COVID-19
disease. The COVID-19 disease is medically diagnosed using the standard diagnostic methods like
transcription-mediated amplification (TMA), real-time reverse transcription-polymerase chain reaction
(rRT-PCR), or reverse transcription loop-mediated isothermal amplification (RT-LAMP) from a swab.
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Although RT-PCR identifies COVID-19 infections, the availability of the kit is limited, and it suffers a
high false-negative rate with an 80\% of accuracy rate [3], [4]. Hence, medical images are used as an
alternative for identifying SARS-COV-19 infections. The SARS-CoV-2 infections can be identified
effectively using chest X-rays, CT scans and blood samples to diagnose the severity of the COVID-19
in a person. The most widely used modality for diagnosing COVID-19 disease is a chest X-ray to
identify the lung's infection [5], [7]. However, the physical diagnosis of X-ray requires an experienced
radiologist and takes a longer diagnostic time for the experts as the number of patients grows.

The identification of COVID-19 disease can be enhanced by using artificial and computational
intelligent techniques that help in the effective detection and treatment of the disease. The machine
learning algorithm utilizes the available data to learn the underlying relationships between different
attributes. Then, the learned model can be used to identify disease in a patient. Deep learning algorithms
are the emerging field that shows promising results in identifying COVID-19 infections from chest X-
rays, or CT images [7]. Deep neural networks are used in detecting COVID-19 infections that can assist
the radiologist in identifying the disease effectively [3], [5]. However, a Deep neural network incurs a
high computational cost for the feature extraction and training time for an image dataset. The
computational time increases with an increase in data size. Hence, in this study, COVID-19 infection
detection is performed using the data acquired from the patients' clinical and laboratory test results. To
enhance the performance of the machine learning algorithm, it is essential to identify the relevant
features for identifying and classifying COVID-19 infection.

Feature selection plays a vital role in identifying significant features in predicting COVID-19 disease
[22]. The selection of appropriate features reduces training cost, data redundancy and helps to improve
the predictive performance of the model. The feature importance measures like random forest variable
importance [17], [19], glmnet-based feature importance [17], artificial bee colony optimization [29] and
so on. In this research, a hybrid combination of mutual information (MI) based feature selection is used
for selecting highly significant, and relevant feature attributes for the classification of COVID-19 [23].
The main motivation of this study is to develop a stacked ensemble-classifier model based on cost-
sensitive learning with MI based optimal feature subset to enhance the performance of COVID-19
classification by reducing the total misclassification cost.

This study proposes a cost-sensitive heterogeneous stacked ensemble classifier model (CS-HSEC) with
weighting-based cost-sensitive learning with MI based feature selection for identifying COVID-19
disease utilizing the publicly available clinical dataset containing information about COVID-19 patients
acquired from Hospital Israclita Albert Einstein, Sao Paulo, Brazil [21]. The clinical dataset consists of
results of a complete blood test, urine, diabetes, renal function, liver function and adrenal function tests.
The proposed heterogeneous stacked ensemble model is constructed with two stacking levels that
combine three cost-sensitive classifiers: random forest [6], gradient boosting machine and K-nearest
neighbours in the first level and the Naive Bayes classifier as meta-classifier in the second level. The
proposed model exploits the structural diversity of the base classifiers, helping to capture each
classifier's underlying data distribution for improving the classification of COVID-19 disease. To the
author's knowledge, this is the first study that has applied cost-sensitiveness in stacked-ensemble
learning along with MI based feature subset selection to diagnose SARS-CoV-2 virus infection using
the clinical and laboratory findings.

The classifiers at the first level in the stacking model are trained using training data, and the unseen test
data are used to predict the individual algorithms' performance. The predictive performance of the CS-
HSEC along with the individual classifiers as assessed in terms of detection accuracy, recall, precision,
F measure, kappa, specificity, Matthew's Correlation Coefficient (MCC), and Area under the Curve
(AUC) in COVID-19 diagnosis. The test performance validates the efficacy of the CS-HSEC in
effectively diagnosing COVID-19 infection with an accuracy of 98.3%, recall of 0.93 and specificity of
0.99, with a precision of 96% in COVID-19 diagnosis. These diagnostic results are comparatively
higher than the other state-of-the-art techniques in the literature. The main contribution of this study is
as follows:

» We have proposed a cost-sensitive heterogeneous stacked ensemble classifier for identifying
SARS-CoV-2 infection from clinical and laboratory test results by forming two-level stacking
with 10-fold cross-validation. The stacked-ensemble algorithm combines the structural diversity
of the random forest, gradient boosting machine, and K-nearest neighbour at the first level. The
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probability prediction of the classifiers in first level is given as the input to the Naive Bayes
classifier as a meta-learner at second-level of stacking.

» We have applied a hybrid feature selection technique that combines mutual information (MI)
technique to select highly significant and discriminant features for diagnosing COVID-19
disease. We have selected ten highly discriminant features for the COVID-19 classification
process.

» To minimize the misclassification cost and handle the highly imbalanced dataset (ratio of 6.5:1),
weighting-based cost-sensitive learning is used to compute the normalized weight for each class
based on the class distribution.

The remaining sections are organized as follows. A review of the previous literatures related to
imbalanced class distribution problem in medical diagnosis with related publication in clinical diagnosis
of COVID-19 infection using laboratory findings are presented in Section 2. Section 3 discuss about
the normalization methods, Mutual Information-based feature selection algorithm, and proposed cost-
sensitive heterogeneous stacked ensemble algorithm used in the detection of COVID-19 disease.
Section 4 briefly describes about the performance evaluation metrics used to assess the developed
classifiers performance with the experimental results and discussion about the diagnostic results of the
proposed CS-HSEC approach on the laboratory and clinical findings dataset of COVID-19 infection.
Finally, Section 5 concludes the paper with scope for further research.

2. RELATED WORKS

Artificial intelligence and Machine learning-algorithms has found popularity and have been applied
widely in the fields of image processing, heart disease identification [8], cancer diagnosis, alzheimer
disease and so on. With the advancement in clinical diagnostic system and its application in medical
diagnosis helped the medical experts to conduct a comprehensive study in analyzing the clinical
laboratory findings for better understanding of the disease. However, the imbalanced class distribution
in medical dataset is a greater challenge for both researchers and medical experts.

2.1 REVIEW OF IMBALANCED CLASS DISTRIBUTION PROBLEM IN MEDICAL
DIAGNOSIS

Despite the latest advancements in clinical diagnosis and decision support system (CDSS) for disease
diagnosis and prediction using machine learning algorithms, one of the problems in disease diagnosis
and classification is the way of handling class imbalance problem [8]. Class imbalance has been
extensively investigated, as most machine learning algorithms operate under the assumption of equal
sample distributions among all classes within a dataset. However, in real-time applications, the class
distribution is uneven with number of samples in majority class (healthy or negative class) is relatively
higher than the number of samples in the minority class (diseased or positive class). In literature, several
studies deal with the imbalanced class distribution problem using resampling techniques [9] and cost-
sensitive learning algorithms. The resampling technique tries to balance the dataset at data-level by
applying over-sampling method or under-sampling method and sometimes, applies both techniques for
balancing the dataset. Thus, the imbalanced dataset can be balanced to have even distribution of class
samples using resampling techniques [10]. Nonetheless, during the resampling process, these
resampling techniques change the underlying distribution of classes that may result in omitting some of
the important data instances (majority class) or increases the computational cost by adding more
instances (minority class) [11].

Cost-sensitive learning addresses imbalanced class distributions by assigning specific costs to the
misclassification of data instances. In contrast to resampling technique, cost-sensitive learning works at
algorithm-level by incorporating a class weight in the cost-insensitive algorithm making the classifier
cost-sensitive. A cost or weight matrix is utilized for assigning cost/weight for misclassification of
classes during the training process of machine learning algorithm [11]. The approach aims to minimize
misclassification costs, which in turn enhances the model's classification performance on the input data.
Cost-sensitive learning is used in many research works for medical data diagnosis that employs machine
learning algorithms like artificial neural network, ensemble algorithm [12], XGBoost, support vector
machine [11], AdaCost [13], multi-layer perceptron, deep neural network, among others. These
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algorithms are employed for applications like diabetes [10], chronic kidney disease [12], heart disease,
liver disease, dermatology [13], cancer diagnosis [11], [14], and so on to identify the minority class
samples accurately.

2.2 RESEARCH ON CLINICAL DIAGNOSIS OF COVID-19 INFECTION USING
LABORATORY FINDINGS

Numerous studies have assessed the performance of machine learning and deep learning algorithms in
various medical imaging modalities, including chest X-rays, CT scans, ultrasound, and clinical
laboratory datasets, for the accurate detection of COVID-19 infections. Although there is limited
literature on clinical prediction of COVID-19 using laboratory parameters, several studies have utilized
machine learning algorithms to predict COVID-19 based on laboratory findings.

The authors in [24] applied machine learning algorithm to predict the severity of COVID-19 infection
using the clinical data obtained from Wenzhon central hospital and Cangnan peoples hospital in
Wenzhon, China. The authors have developed Machine learning algorithms namely random forest (RF),
decision tree (DT), logistic regression (LR), K-nearest neighbors(KNN) and support vector machine
(SVM) for classification of COVID-19 disease and achieve a classification accuracy of 80% using SVM
classifier. An investigation is done in [19] using different machine learning algorithms namely, KNN,
Naive Bayes, LR, extremely randomized trees, DT, RF, SVM and three-way RF classifier for prediction
of COVID-19. The 3-way RF model was trained and obtained an accuracy of 86%, with 95% sensitivity.
The authors in [28] combined the findings of computer tomography with laboratory data to identify the
COVID-19 infection using convolution neural network and machine learning and achieved sensitivity
of 84.3%, specificity of 82.8% and 92% AUC. The following are the studies in the literature that have
used the clinical and laboratory test dataset obtained from Hospital Israelita Albert Finstein at Sao
Paulo, Brazil [21] for prediction of COVID-19 disease.

The authors in [15] developed different deep learning models using 10-fold cross validation and train-
test split approach and achieved a classification accuracy of 92.9% with sensitivity of 93.68% and
precision with 92.35% using convolution neural network with short term memory network. The study
in [16] developed an ensemble learning model with RF, GBM and LR as base classifiers and XGBoost
as meta classifier with synthetic minority oversampling technique (SMOTE) for COVID-19 prediction.
The developed stacked ensemble model attained a classification accuracy of 99.88% with 98.72% recall
and 99.99% specificity in predicting the disease.

An initial screening was done based on the blood test to identify COVID-19 patients in [17] using four
machine learning algorithms namely RF, LR, ANN and generalized linear model network (GLMNET)
with 14 features. The developed models are trained and achieved an accuracy of 87% with 86% Area
Under the Curve. A COVID-19 diagnostic system is created and developed as an application in [18]
that utilizes multi-layer perceptron (MLP), SVM, Bayesian Network (BN), NB, RF and Randomized
trees with SMOTE. The Bayesian Network model has superior performance with overall accuracy of
95.19%, a precision of 93.8%, sensitivity of 96.8% and 93.6% specificity in comparison with other
models.

A study in [20] used machine learning algorithm to predict SARS-COV-2 infection. The authors
developed five different classifiers namely SVM, Neural Network, Logistic Regression, random forest
and gradient boosting machine. The SVM and RF classifier achieved the AUC of 0.847. The authors in
[27] developed a clinical predictive model using various machine learning algorithm for classification
of COVID-19 disease learning algorithms like RF, NN, LR, SVM and XGB and the extreme gradient
boosting achieved an AUC of 66% in identification of the disease. The authors in [29] developed Deep
learning classifier with newly created features using pre-weighty vector optimization using artificial
bee colony and applied SMOTE preprocessing technique to evaluate the performance of the RNN
model. The developed model achieved an accuracy of 94.95% in predicting SARS-CoV-2 virus
infection.

Some authors have applied the widely used Synthetic Minority Oversampling Techniques (SMOTE)
resampling technique for improving the predictive accuracy of the model by balancing the minority
class in an imbalanced dataset [16], [25], [29]. However, SMOTE resampling techniques add the
instances into minority class thereby changes the skewed distribution of dataset and increases the
computational cost. However, all the above studies have not applied cost-sensitive learning for
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identification of SARS-CoV-2 infection. In the present study, we have added class weights with the
base classifiers and stacked three cost-sensitive base classifiers namely Random Forest, Gradient
Boosting Machine and K-Nearest neighbors with Naive Bayes algorithm as meta-classifier to predict
the COVID-19 infection from clinical findings and laboratory data.

3.MATERIALS AND METHODS

This section discuss in detail about the dataset used for the detection of COVID-19 infections. The next
subsection describes the feature selection algorithm used for selecting significant features. The data
preprocessing technique followed by cost-sensitive classification are described in the consecutive
subsection. Subsequently, the proposed -cost-sensitive, stacked ensemble algorithm and its
implementation is given in the last section.

3.1. MEDICAL DATASET USED

The dataset comprises anonymized records from 5,644 individual patients collected by Hospital
Israelita Albert Einstein in Sao Paulo, Brazil, between 28 March to 3 April 2020, and is utilized for the
identification of COVID-19 disease [21]. The dataset provides information about the patient admitted
to regular ward,

semi-intensive unit and intensive care unit along with their medical diagnostics. The data is collected
perform RT-PCR test and other clinical and laboratory tests like complete blood and urine tests with a
total of 111 laboratory findings. From the dataset, only 600 sample records are used as the remaining
samples lacks laboratory test results. We have used the dataset consists of 600 samples with 18
laboratory findings namely Haematocrit, Red blood Cells, Lymphocytes, Eosinophils, Haemoglobin,
Platelets, Monocytes, Leukocytes, Basophils, Serum Glucose, Neutrophils, Creatinine, Urea, Proteina
C reativa mg/dL, Potassium, Sodium, Alanine transaminase, Aspartate transaminase, and a class label
indicating the presence/absence of COVID-19 disease. In this study, the dataset consists of 520 data
samples that belongs to normal or healthy persons labelled as value 0 and 80 COVID-19 infected
patients data samples labelled as value 1. The dataset is highly imbalanced in the ratio (6.5:1) with
86.67% of data samples belonging to healthy patient records and 13.33% data samples belonging to the
infected category.

3.2. DATA PREPROCESSING

Data preprocessing techniques enhance generalisation and reduce overfitting, which improves the
performance of classification algorithms. Data standardisation is a preprocessing method that prepares
the dataset prior to its use in classification tasks. Common data normalization techniques include min-
max normalization and zero-mean (Z-score) normalization. In this study, the Z-score normalization
technique was applied to the entire dataset, resulting in a zero mean and a standard deviation of 1. The

data were subsequently scaled to the range of (-1, +1), as shown in Equation 1.
(x=%)

Zscore = \/W (1

N
where, x represents the value of the feature in a data sample, X is the average
value, the denominator represents the standard deviation of a feature and N
denotes the number of samples in the dataset.

Table 1: Clinical and Laboratory findings used for diagnosis of COVID-19 infection

Feature Name Range Type
Haematocrit (HCT) -4.50 - 2.66 Numeric
Red blood Cells (RBC) -3.97 - 3.64 Numeric
Basophils -1.14 - 11.08 Numeric
Monocytes -2.16-4.53 Numeric
Eosinophils -0.83 - 8.35 Numeric
Urea -1.63-11.24 Numeric
Protein C-reativa mg/dL (CPR) -0.53-8.02 Numeric
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Creatinine(CR) -2.38-5.05 Numeric
Haemoglobin (Hgb) -4.34-2.67 Numeric
Potassium (K) -2.28-4.10 Numeric
Sodium (Na) -5.24 -4.09 Numeric
Leukocytes (WBC) -2.02-4.52 Numeric
Lymphocytes -1.86-3.76 Numeric
Neutrophils -3.33-2.53 Numeric
Platelet(PLT) -2.55-9.53 Numeric
Serum Glucose -1.10-7.01 Numeric
Alanine transaminase (ALT) -0.64-7.93 Numeric
Aspartate transaminase (AST) -0.70 - 7.23 Numeric

Label Yes No Categorical

3.3. FEATURE SELECTION ALGORITHM

Feature selection techniques are utilized to select significant and relevant feature attributes that helps to
improve the performance of the machine learning algorithm. In this study, we have utilized mutual
information (MI) technique [23]. It is a statistical measure for selecting significant feature attribute by
measuring the correlation between the variables. The computed MI score is greater than or equal to
zero. The higher the MI score then higher the correlation between two variables, when MI score is equal
to zero, then there is no correlation and the variables are independent. The MI measuring the statistical
dependence between two random variables X and Y with N observations is given in equation.

IX;Y) =H(®Y) - H(Y|X) 2

where H(Y) represents the entropy of Y that quantifies the expected uncertainty

level in a discrete random variable Y.

H(Y) = _ZstP(.V)log(P(y)) (3)

The joint entropy between two discrete random variables X and Y is computed as given in equation 4.
HX,Y) = _ZxEXZstP(x' Vlog(P(x,y)) (4)

where P(x,y) is the joint probability mass function of random variable X and

Y.

The conditional entropy H(Y|X) is defined as the entropy of random variable

Y by observing the random variable X which is calculated using equation 5.

HX|Y) = — Xxex Zer P(ylx)log(P(ylx)) (%)

P (x); P (y) represents the marginal probability mass functions of random variable X and Y, P(y|x) is
the conditional probability of variable Y given variable X. The mutual information between two
variables X and Y, a positive value signifies there is a dependency between the variables and a value of
zero indicates the variables are independent. In this study, X signifies the number of independent feature
attributes and Y is a dependent value that signifies the target class variable. From the figure 1, it can be
seen that only eleven features attributes have value greater than zero. Hence, we have selected top 9
variables namely Leukocytes, Platelets, Eosinophils, Creatinine, Hemo globin, Basophils, Monocytes,
Red blood Cells, Proteina C reativa mg/dL having high MI scores for classification of COVID-19
disease.

3.4. COST-SENSITIVE CLASSIFICATION

In medical diagnosis, most of the real-word datasets used for analysis are highly imbalanced. A cost-
sensitive learning is a technique that considers the misclassification cost to minimize misclassification
rate. The misclassification cost plays a important part in cost-sensitive learning to handle the imbalanced
distribution of classes. In this study, we have utilized cost-sensitive meta learning technique that
integrates cost-sensitiveness in the cost-insensitive classifier algorithms. In binary classification
problem, given a sample xi such that x; € X having N samples consisting of k feature attributes with
two classes ¢; € {0,1}.
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The main objective is to identify or predict the target classcy; € {0, 1}of a sample. The principle of
minimum expected cost states that the objective of a cost sensitive classification is to classify a sample
into a class having minimum expected cost. The expected cost or risk R(i|x) associated with binary
classification in predicting a sample x into a target class i can be expressed as in equation 6.
argminR(i|x) = argmin}. j Prob(j|x)Cost (6)
i%j

where R(i|x)is the expected risk of classifying sample x into class i, Prob(j|x) is the posterior
probability of sample x in class j, Cost(; ; is the misclassification cost or risk associated with a sample

belonging to class j misclassified as class i.

In cost-sensitive binary classification, the samples of minority class will be proportionately given a
higher weight than the majority class. Without loss of generality, here, it is assumed that the negative
class (N) is considered as the majority class whereas the positive class (P) as the minority class. In an
imbalanced classification, a 2x2 cost matrix is constructed in cost-sensitive learning such that the cost
of Cost(,1) # Cost(1,0) and Cost (0,0) = Cost,1y = 0. A weighting-based cost-sensitive learning which is a
sampling method that allocates a normalized weight for each samples is used in this study. Let Wmin
be the cost weight assigned to the instances belonging to minority class and Wmaj be the cost weight
given to the majority class, then the misclassification cost is a normalized weight assigned as given in
equation 7. The weight matrix is constructed as given in table 2.

Mutual Information Scores

Leukocytes
Platelets
Eosinophils
Creatinine
Monocytes
Basophils
Red blood Cells
Proteina C reativa mg/dL
Hemoglobin
Hematocrit
Sodium
Alanine transaminase -
Serum Glucose
Neutrophils 1
Lymphocytes 4
Urea A
Potassium A
Aspartate transaminase -

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 o0.08
Variable Importance

Figure 1: Feature Selection based on Mutual Information
COSt(l,O) =FN = Wmin
COSt(o_l) =FP = Wma} (7)

where FN and FP are the false negative rate and false positive rate respectively, Wmin and W,; are the
weights of minority and majority class respectively and Cost(i,0) and Cost,1y are the misclassification
cost of positive and negative classes respectively. The weight of minority class Wi, is greater than the
weight of the majority class Wi, (ie., the cost incurred for misclassification of minority class is higher
than the cost of majority class, Cost(1,0) > Cost,1)) for imbalanced classification.

Table 2: Weight Matrix used in the cost-sensitive classification of COVID-19

Predicted Positive Predicted Negative
Actual Positive 0 Cost(q,0y o1 Winin
Actual Negative Costo,1) o1 Wing; 0
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3.5. PROPOSED COST-SENSITIVE HETEROGENEOUS STACKED ENSEMBLE
CLASSIFIER MODEL (CS- HSEC) FOR PREDICTING SARS-COV-2 INFECTION

The proposed cost-sensitive, stacked ensemble classifier model is applied for a binary classification to
predict SARS-CoV-2 infection using routine laboratory findings. Stacked ensemble classifier model is
an ensemble model that combines several similar or different base classifiers to construct a multi-level
stacking architecture with a meta-classifier. The proposed stacked ensemble -classifier is a
heterogeneous classifier model that combines prediction of different CS-base classifiers. In this study,
we have constructed a stacked ensemble model using three different cost-sensitive base classifiers (CS-
base classifiers) namely RF, GBM and KNN with Naive Bayes classifier as meta-learner. A weighting-
based cost-sensitive learning is incorporated that applies a normalized weight to each class based on
their distribution. The predictive results of the cost-sensitive base classifiers are used as the input
attributes to train the meta-classifier. The proposed cost-sensitive heterogeneous stacking classifier (CS-
HSEC) applies stratified 10-fold cross-validation with data shuffling to improve the classification
accuracy and to avoid overfitting.

Let us consider the dataset D={X,Y }having N sample of individuals with k independent feature
attributes and each sample x; € Xsay x; = {xy, x5, ..., x;} belonging to one of m classes such that y; €
Y = {y1,¥2, ..., Yim}- The dataset D is partitioned into two namely training Dt and testing Dr.. During
the training process, the CS-base classifiers are trained using the Dt and the stacked ensemble classifier
combines the prediction results of the CS-base classifiers. A K-fold cross-validation is applied to predict
the COVID-19 infection using the Naive Bayes as meta classifier by dividing the Dt into K disjoint
subsets that is stratified to maintain same class distribution for each fold during model training and
validation.

During the training process, each CS-base classifiers are trained using K-1 subsets and one subset is
used for validation. The process is repeated K times for all the three base classifiers and all the predicted
results of validation subset of three different base classifiers (three prediction results) are combined
along with the actual target class to form the meta-data of dimension (Nx4) as a new training set. The
new training dataset or meta-data is used as the training data to train the Naive Bayes meta classifier.
The prediction result of the different CS-base classifiers can be a binary class label or probability values.
We have taken the probability of prediction as result from three CS-base classifiers for validation.
Finally, in the testing phase, we make prediction on the test dataset Dr. to evaluate the performance of
the CS-base classifiers. The predictive result (probabilities) of each base classifiers are combined with
the actual class and used by the meta-classifier for model evaluation. The prediction result of the meta
classifier is the final prediction result of the cost-sensitive stacked ensemble algorithm.

4. PERFORMANCE EVALUATION AND RESULTS

4.1. EVALUATION MEASURES
The performance of the classification algorithm is assessed primarily in terms of accuracy. For
imbalanced datasets, additional metrics are considered, including recall, specificity, precision, F1-score,
Cohen's kappa coefficient, Matthews correlation coefficient, and Area Under the Curve, since the
majority class can significantly influence overall accuracy. Metrics derived from the confusion matrix,
such as True Positive rate (TP), False Positive rate (FP), True Negative rate (TN), and False Negative
rate (FN), are also utilized to evaluate classifier performance. The accuracy of the classifier is calculated
using equation (8).
TP+TN
TP+TN+FP+FN ®)
Recall, or TPR, is an important metric in imbalanced classification of a medical dataset because it

evaluates the classifier's performance in identifying the minority class. Specificity is used to evaluate a
classifier's effectiveness in identifying majority-class samples. The sensitivity and specificity are
measured using equation (9) and equation (10), respectively

Recall = ©
(10)

Accuracy =

TP+FN
Specificity =

TN+FP
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Similarly, precision, F1 score and the quality of a binary classifier measured with Matthew’s Correlation

coefficient (MCC) are calculated using equation(11)

- (13) respectively.
.. TP

Precision = TPIFP

Fl=2x precisionxrecall

(11)

precision+recall

(12)
TP+TN—-FPXFN
MCC = Jarsmmyarrm) (N PR IN TN (13)

The kappa statistical test (KS) that measures the inter-rater reliability of classification accuracy of a
classifier considering the random accuracy of the classifier is given in equation (14).
2X(TPXTN—FPXFN)

k= (TP+FP)X(FP+TN)+(TP+FN)x(FN+TN) (14)

4.2. EXPERIMENTAL RESULTS
The classifiers were evaluated on an 11th Generation Intel Core i5-1135G7 2.40GHz Windows
computer with 16 GB of main memory. Classifier models were implemented in Python using Google
Colaboratory. The pandas library facilitated dataset loading [30], scikit-learn [31] supported machine
learning algorithms, and matplotlib enabled data visualisation [32]. The performance of the proposed
cost-sensitive heterogeneous stacked ensemble model, as well as other classifier models, was evaluated
to assess their effectiveness in predicting COVID-19 infection using clinical tests and laboratory
findings.
The proposed algorithm was evaluated using stratified 10-fold cross-validation with the cross_val score
function from scikit-learn for COVID-19 detection. The CS-HSEC method achieved a classification
accuracy of 90.01%, a sensitivity of 0.75, and a specificity of 0.92 in predicting SARS-CoV-2 infection.
Figure 2 displays the classification accuracy of the CS-HSEC and other developed classifier models,
assessed by stratified K-fold cross-validation, in the form of a box plot.
Figure 3 presents the receiver operating characteristic curve of the proposed CS-HSEC model for
stratified 10-fold cross-validation. Although 10-fold cross-validation is widely used in medical
diagnosis for relatively small datasets, it may result in less clear interpretation of results in medical
applications. Therefore, a train-test split model was also applied to evaluate the classification
performance of the classifiers in predicting COVID-19 infection.
The dataset was split using a stratified, shuffled train-test split with the train-test-split command from
scikit-learn. The resulting data included 90% training data with 520 samples, comprising 468 normal
samples and 72 COVID-19 infected samples. The test dataset consisted of 60 samples, with 52 normal
and 8 abnormal samples. Table 3 presents the average performance results over 20 iterations on different
datasets for each classifier. According to Table 3, the proposed cost-sensitive heterogeneous stacked
ensemble classifier achieved 33% sensitivity and 93% accuracy, 13% sensitivity, 99.2% accuracy, and
3% specificity, with an Area Under the Curve (AUC) of 0.96. Additionally, the cost-sensitive stacked
ensemble classifier attained an F1 score of 0.97, indicating low false positive and negative rates. The
proposed model also demonstrated high precision of 0.96 and achieved a Kappa statistical value and
Matthews Correlation Coefficient of 0.93, respectively.

Stratified K-fold Cross Validation
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Figure 2: Box-plot showing the stratified K-fold cross-validation accuracy of the classifiers

Table 3: Classification results of 20 simulation runs obtained using stratified train and test split

for the prediction of COVID-19 infection from laboratory findings.
Algorithm CA% | Recall | Spec | Prec. | F1 | Kappa | MCC | AUC
CS-XGB 9342 | 0.54 |1 099 | 095 | 0.68 | 0.65 0.68 | 0.77
NB 8733 | 0.73 [ 0.89 | 0.53 | 0.61 | 0.54 0.55 | 0.81
CS-NuSVC 92.00 | 0.55 | 098 | 0.80 | 0.64 | 0.59 0.61 | 0.76
CS-KNN 93.50 | 0.62 | 098 | 0.89 | 0.72| 0.69 0.70 | 0.80
CS-RF 9475 | 0.68 | 099 | 091 |0.78] 0.75 0.76 | 0.85
CS-GBM 96.67 | 0.80 | 099 | 0.95 | 0.86| 0.84 0.85 | 0.90
CS-Stacked 98.33 | 093 | 099 | 096 | 094 | 093 0.93 | 0.96
Ensemble

CA - Accuracy, Spec - Specificity, Prec - Precision, MCC - Matthew’s Correlation Coefficient
Cross-Validation ROC of Stacked Ensemble NB

ROC fold 1 (AUC = 0.87)
ROC fold 2 (AUC = 0.96)
ROC fold 3 (AUC = 0.84)
ROC fold 4 (AUC = 0.90)
ROC fold 5 (AUC = 0.81)
ROC fold 6 (AUC = 0.97)
ROC fold 7 (AUC = 0.90)
ROC fold 8 (AUC = 0.96)
ROC fold 9 (AUC = 0.92)
ROC fold 10 (AUC = 0.92)
Chance

— - Mean ROC (AUC = 0.91 = 0.05)
+= 1 std. dev

True Positive Rate

o.a 0.8 1a

'1.4 D.6
False Positive Rate

Figure 3: ROC curve of proposed cost-sensitive heterogeneous stacked ensemble classifier with
stratified 10-fold cross validation

Figure 4 presents the receiver operating characteristic (ROC) curves for all classifiers evaluated on the
COVID-19 dataset. The area under the curve (AUC) for the cost-sensitive stacked ensemble classifier
demonstrates effective identification of both positive and negative samples. Experimental results in
Table 3 highlight the robustness of the proposed classifier in comparison with other developed models.
Table 4 provides a summary of previous studies and the machine learning algorithms employed,
alongside the proposed CS-HSEC model, for COVID-19 prediction using laboratory test results from
Hospital Israelita Albert Einstein in Sao Paulo, Brazil. As indicated in Table 1, previous studies have
not utilized a stacked ensemble algorithm for COVID-19 prediction, except in [ ] and [25]. To the best
of the authors' knowledge, this model is the first to apply cost-sensitive learning for COVID-19
prediction using clinical and laboratory data. The CS-HSEC algorithm outperforms all other developed
classifier models, with the exception of [16], which exhibits a slight reduction in accuracy. Only nine
feature attributes were utilized, thereby reducing computational cost compared to other classifiers, while
achieving 98.33% accuracy in COVID-19 prediction.
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Receiver Operating Characteristic Curve
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Figure 4: ROC curve of the classifier models for a single run using train-test split.

Table 4: Comparing the results of proposed algorithm with existing studies in literature for
predicting COVID-19 infection using laboratory test results.

V) V)
Method #Features ?CCM) Sen(%) | Spec(%) f‘UC( %
ANN, CNN, RNN, LSTM,
CNNLSTM, CNNRNN [15] 18 92.30 | 93.68 NR 90
ﬁl;,]LR, GLMNET, ANN 14 R7 65 91 36
I[\;I(\)I], RF, XGBoost, LR, SVM 15 NR 68 85 847
XMLP, SVM, RT, RF, BN,
NB + SMOTE [18] 24 95.16 | 96.8 93.60 NR
Ensemble SVM Models +
SMOTE [25] 16 NR 70.25 85.98 86.78
{“25’] NN, RF, SVM, XGB 97 95.1 80 98.6 96
égI]N’ CNN, +SMOTE 18 94.95 | 94.98 NR 100
Ensemble RF, ET, LR with
XGBoost with SMOTE [16] 18 99.88 | 98.72 99.9 98.72
Proposed CS-HSEC 9 98.33 ]93.13 99.23 96.1

#Features-Number of Features selected, NR- Not Reported The limitations of the proposed cost-
sensitive heterogeneous stacked ensemble classifier model is as follows:
(1) The result obtained by the proposed CS-HSEC is tested with only 600
samples from a single dataset.
(2) The performance of the model needs to be tested on other COVID-19
datasets from different regions to improve the generalization ability.

5.CONCLUSION:

Accurate diagnosis and prediction of SARS-CoV-2 infection are essential for timely treatment and
disease containment. This study introduces a cost-sensitive heterogeneous stacked ensemble classifier
(CS-HSEC) for detecting COVID-19 patients using routine clinical tests and laboratory results from
Hospital Israelita Albert Einstein, Brazil. Highly significant and discriminant features were selected
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through a hybrid approach incorporating the mutual information (MI) technique to enhance COVID-19
prediction. The heterogeneous stacking ensemble is a two-level model that integrates cost-sensitive
learning and leverages structural diversity by employing multiple classifier models. Probabilistic
outputs from level-1 classifiers, including random forest, gradient boosting machine, and K-nearest
neighbour, are combined with the target class and provided as input to a Naive Bayes meta-classifier at
level-2, which substantially improves predictive performance in COVID-19 diagnosis. Model
performance was validated using a stratified train-test split and 10-fold cross-validation. Experimental
results demonstrate that the CS-HSEC achieves 98.33% accuracy, 93.13% sensitivity, and an AUC of
96.1% with 90% training and 10% testing data. The algorithm requires only ten routine clinical blood
tests and laboratory findings to predict COVID-19 patients.

Further research is required to address the challenges associated with implementing artificial
intelligence-based clinical decision support systems (CDSS) for the automated diagnosis of COVID-19
infection. Such efforts necessitate rigorous validation in collaboration with clinical and medical experts
across diverse ethnic groups and countries. Additionally, future work may involve developing machine
learning and deep learning algorithms utilizing other modalities, including chest X-ray images,
computed tomography, and lung ultrasound findings, to enhance COVID-19 detection.
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