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Abstract. The Covid-19 is a virus that has spread around the world and can cause infected
respiratory tracts to die. One solution to this problem is to classify the Covid-19 chest X-
ray. Among the challenges in this area is improving the classification performance of
Covid-19 chest X-rays. Covid-19 chest X-ray and other lung disease chest X-rays have
similar colors and patterns, which makes the classification performance not optimal. As a
solution to this problem, this study used chest Covid-19 X-ray data and 12 types of other
lung diseases chest X-ray data to improve classification performance by applying data
sampling techniques. Data sampling techniques included Random Undersampling (RUS),
Random Oversampling (ROS), Synthetic Minority Over-sampling Technique (SMOTE),
and Tomek Link (T-Link) will be evaluated. This study uses Support Vector Machines
(SVM) to classify data and evaluation is based on the highest Area Under Curve (AUC)
value and accuracy value. ROS found to be the best data sampling technique with an
average increase in AUC and accuracy for all datasets of 31.5% and 3.4%, respectively.
As a result, the ROS technique helps classify COVID-19 and other lung diseases more
accurately.
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1 Introduction

On December 31, 2019, the World Health Organization (WHO) China Country Office
reported a case of pneumonia of unknown etiology in Wuhan City, Hubei Province, China. On
January 7, 2020, China identified pneumonia of unknown etiology as a new type of
coronavirus or Covid-19 [1]. The rapid spread of Covid-19 acute respiratory syndrome is
causing a worldwide pandemic. Therefore, many countries have implemented preventative
measures to control community spread, such as social distancing, restrictions on non-urgent
medical care, and the closing of non-essential businesses. Covid-19 continues to spread
despite these efforts, posing a global public health crisis [2].

Due to these challenges, a solution is required to diagnose Covid-19-infected patients by
predicting whether they are safe or infected. Chest X-ray data can be used as input data for
data classification in one implementation of the solution. A similar implementation was
carried out by Bergtholdt ef al. (2016) in the manufacture of a lung nodule detection system
with classification. The Area Under Curve (AUC) value obtained is 90% [3]. Classification of
data in this study will be carried out using the Support Vector Machines (SVM) model. Based
on research comparing data classification models, the SVM classification method was selected
because its results were superior. The results of the research by Harefa and Pratiwi (2016)
related to mammogram images show that SVM has an overall accuracy rate of 93.98%
compared to the k-Nearest Neighbor accuracy rate of 63.86% [4].
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Classification of patients infected with Covid-19 against healthy patients will have a high
accuracy value compared to patients who are infected with other lung diseases [5]. This is due
to bias during the classification of fellow lung diseases because there are similarities in color
and pattern in the two chest X-ray images. As a result, there is an error in handling patients
who have ordinary lung disease but are diagnosed with Covid-19 or vice versa. Moreover, the
Covid-19 case began when an unknown pneumonia case was reported in Wuhan, Hubei
Province, China. After analyzing the respiratory samples, experts from the Chinese State
Disease Center stated that the pneumonia was caused by Covid-19 [6].

In order to overcome these problems, it has been proven that the data sampling technique
improves data classification. At the time of collecting chest X-ray images, it is always found
that the number of data classes is different from the number of other data classes. This is
known as imbalanced data. If you try to balance the number of data classes manually, you will
lose data which may be important. However, if the imbalanced data is tried to continue to be
classified, it will cause the average misclassification to be higher in the minor class data. The
data sampling technique changes the imbalanced data by different procedures to produce a
balanced distribution of data. Balanced data can improve the overall performance of the
classification process compared to unprocessed data [7].

For this reason, this research was formulated to gain knowledge of what data sampling
techniques can improve the classification performance of Covid-19 with other lung diseases.
The evaluation results from the comparison of data sampling techniques will be measured
based on the AUC and the level of accuracy as an additional parameter.

2 Methodology

2.1 Preparation of Chest X-ray Data

This stage is carried out to prepare the dataset used for data sampling and classification.
This study uses chest X-ray data infected with Covid-19 and 12 chest X-ray data infected with
other lung diseases. Covid-19 and Viral Pneumonia chest X-ray was sourced from Chowdhury
et al. (2020) and Rahman et al. (2020) [8]-[9], Tuberculosis chest X-ray was sourced from
Rahman et al. (2020) [10], then Atelectasis, Consolidation, Effusion, Emphysema, Infiltration,
Nodule, Pleural Thickening, Pneumothorax, Edema, and Mass chest X-ray was sourced from
Wang et al. (2017) [11]. Description of chest X-ray can be seen in Table 1.

Table 1. Chest X-Ray Data of Covid-19 and Lung Disease

Covid-19 (3616 RNA viruses with a particle size of 120-160 nm. The coronavirus that
images) causes COVID-19 is included in the beta coronavirus genus [12].

Tuberculosis (700  Direct infectious disease caused by the bacteria Mycobacterium
images) Tuberculosis. Mycobacterium Tuberculosis bacteria can live mainly in

the lungs and can be transmitted to various other body organs through the
blood such as the digestive tract [10].

Viral Pneumonia Pneumonia is an inflammatory process in which there is consolidation

(1345 images) caused by the filling of the alveoli cavity by exudate. When consolidation
occurs, it prevents gas exchange, as well as blood flow around the alveoli,
which does not function optimally [13].

Atelectasis (508 Atelectasis occurs when the lungs are unable to fully expand [13]. This

images) condition results in a decrease in the surface area available for the
diffusion process and a reduced respiratory rate [14].

Consolidation (271  Pulmonary consolidation is a term that describes when a lung X-ray



images)
Effusion (644
images)

Emphysema (127
images)
Infiltration (967
images)

Nodule (313
images)

Pleural Thickening
(176 images)

Pneumothorax
(271 images)

Edema (118
images)

Mass (284 images)

appears white or cloudy [15].

Effusion is a condition characterized by the accumulation of fluid in the
pleural cavity on the surface of the visceral and parietal pleura.
Additionally to fluid, pleural effusions contain pus and blood [16].
Emphysema is an obstructive pulmonary disease that is chronic and
progressive, characterized by anatomic abnormalities in the form of
widening of the distal air cavities in the terminal bronchioles and damage
to the lung parenchyma [17].

Pulmonary infiltrates are substances denser than air that persist within the
parenchyma of the lung, such as pus, blood, or protein. They are more
common in febrile neutropenic patients [18].

A lung nodule is defined as a “spot” on the lung that is 3 centimeters
(approximately 1.5 inches) in diameter or less. If the abnormality seen on
X-ray of the lung is larger than 3 centimeters [19].

The pleura is a layer that covers the lung tissue. The pleural layer consists
of 2 layers, namely the visceral pleural layer which covers and attaches
directly to the lung tissue and the parietal pleural layer which adheres to
the chest wall [20].

Pneumothorax is the case where an amount of air in the chest increases
markedly and a one-way valve is formed leading to a tension
pneumothorax. Unless reversed by effective treatment, this situation can
progress and cause death [21].

Edema is the result of an imbalance in the filtration system between the
capillary and interstitial spaces. The kidneys play a key role in regulating
extracellular fluid volume by adjusting sodium and water excretion [22].
A pulmonary mass is any area of pulmonary opacification that measures
more than 30 mm. Spots smaller than 3 cm in diameter are considered
lung nodules. The commonest cause of a pulmonary mass is lung cancer
[23].

Then, all chest X-ray data were converted to 50 x 50 pixels. The test in this study used 12
datasets in which there were two data classes, namely the chest X-ray data class of patients
infected with Covid-19 and the chest X-ray data class of patients infected with lung diseases
other than Covid-19. The number of chest X-ray data in the 12 datasets is shown in Table 2.
Table 2 shows that the number of data classes in this dataset is imbalanced, so data sampling

will be used to balance this dataset.

After the feature extraction is done, the next step is to define a class to each category of
image data. The definition of classes to the image data is adjusted to the imbalanced dataset
where 0 is for the major class and 1 is for the minor class. The major class is in the Covid-19
chest X-ray data because it has large numbers than other lung disease data. In other words, the

Covid-19 X-ray data class is 0 and the other lung disease X-ray data class is 1.

Table 2. Total Class Data on Imbalanced Dataset

Imbalanced  Covid-19  Lung Disease Imbalanced Covid-19 Lung
Dataset data data Dataset data Disease data
Covid-19 & Covid-19 &
Tuberculosis 3616 700 Infiltration 3616 967
Covid-19 & .
Viral 3616 1345 Covid-19 & 3616 313
. Nodule
Pneumonia
Covid-19 & 3616 508 Covid-19 & 3616 176

Atelectasis

Pleural




Thickening

Covid-19 & Covid-19 &

Consolidation 3616 27 Pneumothorax 3616 27
Covid-19 & Covid-19 &

Effusion 3616 644 Edema 3616 118
Covid-19 & 3616 127 Covid-19 & 3616 284
Emphysema Mass

2.2. Sampling Data
The explanation of the imbalanced data and the 5 sampling data used are as follows:

Data Imbalanced

The initial chest X-ray image data in Table 2 shows the existence of unbalanced data
where the amount of sample data is not balanced. An imbalanced dataset occurs when
there are fewer members of one class than the other, resulting in an unbalanced class
distribution. As a result, minor classes are ignored and classification performance is
reduced [7].

Random Undersampling (RUS)

RUS is a non-heuristic method that balances the distribution of classes through
random deletion of major classes to obtain a balanced set of instances [7].

Random Oversampling (ROS)

ROS is a non-heuristic method that balances the distribution of classes by randomly
adding data to minor classes [7].

Combination of Over-Undersampling (COUS)

COUS is a combined technique algorithm by over-sampling the minor class and
under-sampling the major class until both classes have the same number of samples
[24].

Synthetic Minority Over-sampling Technique (SMOTE)

The SMOTE technique performs oversampling based on k-NN (k-Nearest Neighbors)
of the minor class. SMOTE aims to enrich the minor class boundary by creating
artificial examples in the minor class rather than adding to the existing examples to
avoid overfitting problems [25].

Tomek Link (T-Link)

In the dataset, some instances are the nearest neighbor data and are in a different class.
This T-Link technique searches for these instances using 1-NN (One-Nearest-
Neighbor) in the dataset. To overcome imbalanced, the instance major class is deleted
[26].

2.3. Training Data and Test Data

This stage is carried out to create training data and test data used in data classification.
Training data or training data is the data used to create a classification model. Test data or
testing data is data that will be used to evaluate the classification model and data sampling
technique. This study divides the proportion of training data and test data as much as 4:1 from
each imbalanced dataset and dataset results from every five samplings. Furthermore, the actual
data and the classification results of each dataset are stored into a separate Table for evaluation
of the sampling technique.



2.4. Data Classification

Classification of data is carried out after sampling the data. The method chosen for data
classification in this study is Support Vector Machines (SVM). SVM is a classification
method that is widely used because classification accuracy is strongly influenced by setting
kernel parameters and feature selection. SVM groups data by looking for a suitable hyperplane
that can separate data based on the highest margin [27].

2.5. Evaluation of Sampling Techniques

Evaluation is done by calculating the value of accuracy and AUC for each data sampling
technique. To measure these criteria, predictions will be made using imbalanced data and
those that have gone through a sampling process. The results obtained from comparing the
prediction results with the actual is a confusion matrix. The results of the confusion matrix
were used to calculate the accuracy, specificity, sensitivity, and AUC [28]. The equations that
will be used for these criteria are as follows:

Specificity
_ True Negative . Sensitivity + Specificity
" (True Negative + False Positive) - 2
Sensitivity Accuracy
_ True Positive _ True Positive + True Negative
" (True Positive + False Negative) " (Length Positive + Length Negative)

3 Result and Discussion

By using the SVM algorithm on imbalanced data and 5 sampling data shown in Table 3, a
comparison of performance classification accuracy (Acc) and AUC has been obtained. The
Viral Pneumonia and Tuberculosis dataset has been able to classify the Covid-19 dataset well,
with the AUC value and accuracy exceeding 90%, while the Infiltration, Effusion, Mass,
Nodule, Pneumothorax, Atelectasis, Pleural Thickening, Consolidation, Edema, and
Emphysema datasets are still in the category classification performance that is not optimal.

Table 3. Classification Performance on Imbalanced Data and 5 Sampling Data

A

U Acc Sampli é i AU Ac
Sampli C Datase P Datase  Sampli C c
Dataset ng Data  ( ( t ne ¢ ( t ngData (% (%
g oy, % Data (% % g )" )"

) ) ) )
Imbalan 91 96 Imbalan 74, 91 Imbalan 54, 97,
ced ,6 6 ced 9 2 Covid- ced 2 1
Covid- 95 95 Covid- 80, 80 73, 73,
19 & RUS 0 0 19 & RUS 9 ,6 P}es,ufzal RUS 4 2
Tube.rc ROS 99 99  Effusio ROS 96, 96 Thicke ROS 99, 99,
ulosis 2 2 n 0 ,0 ning 8 8
98 98 96, 96 76, 95,
Cous 6 6 COous 0 0 COous ) 3



99 99 SMOT 92, 93 92, 92,
SMOTE 0 1 E 3 0 SMOTE 5 7
. 93 97 . 75, 90 . 56, 95,
T-Link 3 6 T-Link | 1 T-Link h |
Imbalan 97 98 Imbalan 50, 96 Imbalan 61, 95,
ced 7 3 ced 0 7 ced 7 4
RUs 98 98 Rus 8L 82 rus 81 8L
. ,0 ,0 4 4 . 3 7
Covid- 99 99 Covid- 99, 99 Covid- 9, 99
19& ROS ov ROS ’ 19& ROS e
Viral A 4 19 & 6 .6 Pneum 2 2
Pneum cous 0 90 Emphy - qyg 95 97 hera cous 85 %6
onia L1 L1 sema 7 3 X 1 1
99 99 SMOT 93, 93 91, 91,
SMOTE g E £ 3 SMOTE 73> g
. 97 98 . 50, 95 . 63, 95,
T-Link 5 3 T-Link 0 5 T-Link 9 7
Imbalan 61 89 Imbalan 78, 89 Imbalan 50, 97,
ced ,6 5 ced 7 9 ced 0 2
77 77 81, 81 78, 79,
RUS 0 0 RUS 4 4 RUS 3 5
Covid- 96 96 Covid- 94, 94 . 99, 99,
19& ROS 7 & 19& ROS 37 3 C109Vl£- B
Atel'ect COoUS 94 94 lni.“lltra COUS 71, 94 Edema COUS 92, 97,
asis 6 5 tion 1 ,8 2 1
92 92 SMOT 93, 94 94, 95,
SMOTE 3 3 E 9 0 SMOTE 7 2
. 67 92 . 81, 90 . 50, 96,
T-Link 9 1 T-Link 1 6 T-Link 0 >
Imbalan 51 95 Imbalan 63, 94 Imbalan 64, 95,
ced 4 4 ced 8 7 ced 8 1
79 79 77, 77 76, 76,
RUS 1 1 RUS 9 0 RUS 7 3
Covid- pos % % covie- RO P B covia-  rOs B B
19 & 3 3 0 ,0 5 5
Consoli 97 97 19 & 74, 95 19 & 79 93
dation COous 2 3 Nodule COUS 7 0 Mass COous 2 7
93 93 SMOT 93, 93 94, 94,
SMOTE 7 7 E 1 4 SMOTE 4 5
. 56 95 . 68, 95 . 66, 94,
T-Link 3 3 T-Link > 5 T-Link 9 5
Table 4. Increase in Accuracy Value and AUC for each Data Sampling
RUS ROS COUS SMOTE T-Link
Dataset AUC Ace AUC Acec AUC Acc AUC Acc AUC Acc
%) ) ) ) () () (%) (%) %) (%)
Covid-19 & 34 -6 76 25 458 18 75 24 18 10
Tuberculosis
Covid-19 &
Viral 0,3 -0,3 1,7 1,1 45,7 0,7 2,2 1,6 -0,1 0,0
Pneumonia
Covid-19 & 154 -125 352 73 422 01 307 28 64 26
Atelectasis
Covid-19 & 27,7 -163 469 29 330 51 423 <18 49 02




Consolidation

Cov1q-19& 6,0 -10,6 21,1 48 220 -1,8 17,9 1,8 0,2 -1,1
Effusion

Covid-19 & 31,4 -143 496 29 214 0,8 434 34 0,0 -1,2
Emphysema

Cov1d-1v9& 2,7 -85 15,6 45 21,1 4.8 15,2 42 2,4 0,7
Infiltration

Covid-19 & 14,1 -17,7 342 33 144 -14 293 -1,3 44 0,8
Nodule

Covid-19 &

Pleural 192 239 456 27 10,9 0.4 38,0 44 1.9 2,0
Thickening

Covid-19 & 196 -13,7 375 3.8 7,0 2,0 29,6 -35 22 0,4
Pneumothorax

Covid-19 & 283 -180 493 2.1 1,4 0,8 447 -2,0 0,0 -1,0
Edema

Covid-19 & 1,9 -188 33,7 3,4 -7,6 4,9 29,5 -0,7 2,1 -0,6
Mass

Average 150 -130 315 34 214 15 275 -03 22 00

According to Table 4, the RUS can significantly increase the AUC value for Covid-19 &
Emphysema by 31.4% when the dataset includes classification performance that is not
optimal. Although the RUS could not increase the accuracy value, it decreased accuracy to -
0.3% in the Covid-19 & Viral Pneumonia dataset and -23.9% in the Covid-19 & Pleural
Thickening dataset. In 12 datasets using ROS, the average increase in AUC and accuracy was
15% and -13%, respectively.

Using ROS increases AUC value in Covid-19 & Emphysema and Covid-19 & Edema
datasets more significantly, as both datasets have the lowest AUC values in the imbalanced
data classification. Additionally, the ROS can increase the accuracy of imbalanced data
classification by at least 1.1% in the Covid-19 & Viral Pneumonia dataset and 7.3% in the
Covid-19 & Atelectasis dataset. The average increase in AUC and accuracy in 12 datasets
using ROS was 31.5% and 3.4%, respectively.

The COUS method can increase AUC value more significantly in the Covid-19 &
Consolidation, Covid-19 & Emphysema, and Covid-19 & Edema datasets. COUS accuracy
has decreased in the Covid-19 & Edema, Covid-19 & Pleural Thickening, and Covid-19 &
Mass datasets. The accuracy value for imbalanced data classification can be increased by
COUS by a minimum of 0.7% in the Covid-19 & Emphysema dataset and a maximum of
4.9% in the Covid-19 & Infiltration dataset. In 12 datasets using COUS, AUC increased by
21.4% and accuracy increased by 1.5% on average.

SMOTE can significantly increase the AUC value in the Covid-19 & Edema, Covid-19 &
Emphysema, Covid-19 & Consolidation, Covid-19 & Pleural Thickening, and Covid-19 &
Atelectasis datasets that are classified as data imbalanced with the lowest AUC. SMOTE has
decreased accuracy in many datasets. The Covid-19 & Infiltration dataset had a significant
increase in accuracy by 4.2%. The average increase in AUC and accuracy for the 12 datasets
using the SMOTE was 27.5% and -0.3%, respectively. Tomek Link sampling did not
significantly increase accuracy and AUC in 13 datasets using the Tomek Link sampling
technique. The average increase in AUC and accuracy is 2.2% and 0%, respectively.



4 Conclusion

Data analysis was performed using imbalanced data and data sampling techniques for chest
X-ray data infected with Covid-19 and 12 chest X-ray data infected with other lung diseases.
Based on the results of the evaluation, it can be concluded that the ROS technique accurately
samples imbalanced data more accurately than other techniques. RUS, ROS, COUS, SMOTE,
and T-Link data were sampled, and their average AUC values were 15.0%, 31.5%, 21.4%,
27.5%, and 2.2%, respectively, with ROS having the highest value at 31.5%. ROS can also
improve accuracy with imbalanced data by 3.4%. In other words, ROS is the most accurate
data sampling technique for improving classification of Covid-19 and Lung Diseases and can
reduce misdiagnosis of Covid-19 disease with other lung diseases.

For further research, a larger number of datasets and a larger image size are required in
order to identify changes in the evaluation criteria. This should lead to improvements in the
performance of data classification. It will also be interesting to compare these 5 sampling
techniques with other sampling techniques in order to determine which technique can
improving classification of Covid-19 and Lung Diseases.
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