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Abstract:

Quarantining Coronavirus (COVID-19) patients is a critical measure to prevent
the spread of the disease, thus it is important to perform the correct diagnosis
quickly. Among other diagnosis tools, radiograph scans exist as one of the
common screening methods for detecting COVID-19. This study aims to
reduce the healthcare workers’ burden by mitigating the impacts of COVID-
19 pneumonia by developing an image classification system to assess
radiographs in an accurate and timely manner. The proposed work also assists
junior radiologists in familiarizing themselves with reading radiographs
confidently using localization features through Explainable Artificial
Intelligence. This project focuses on the detection of COVID-19 pneumonia in
a multi-classification environment by pre-trained convolutional neural network
models such as Inception-V3, VGG-16, and VGG-19. The overall system’s
idea is to first perform transfer learning based on the binary classification of
Normal and Pneumonia. The knowledge is then transferred to the task-specific
models to classify COVID-19, bacterial, viral pneumonia, and normal. Out of
all the models, VGG-19, the multiclass CNN model outperformed others by
achieving a 99.27% accuracy in detecting COVID-19 in X-rays. The model
also has the highest overall accuracy of 85.59% compared to multiclass
Inception-V3, VGG-16, VGG-19, and the ensemble model. It was then chosen
to be deployed as the Web Application where users are able to pass an input of
radiograph to get an output with the label classifying whether the patient is
infected with COVID-19 pneumonia, viral pneumonia, bacterial pneumonia,
or normal together with highlights on the infected areas of lungs.
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Convolutional Neural Networks, COVID-19, chest X-ray, Deep Learning, X-
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Introduction

COVID-19 is a contagious disease caused by the SARS-CoV-2 virus. It has since spread
globally, leading to a declaration of outbreak by the World Health Organization (WHO) and
the implementation of measures like social distancing and quarantine to prevent its spread. One
critical measure to control the spread is to diagnose infected individuals quickly and accurately.

Reverse transcription polymerase chain reaction (RT-PCR) is the standard reference test for
detecting viruses in the lungs, including COVID-19, but it has limited supplies, requires proper
laboratory facilities, and can have high false-negative rates (Fang et al., 2020). Computed
tomography (CT) is another tool used for diagnosing COVID-19 pneumonia. However, CXR
is more widely used due to its cost-effectiveness, availability, and convenience (Wang, Li, Li,
Zhang, & Wang, 2021). Chest X-rays (CXRs) can be used to diagnose COVID-19 and
differentiate it from other types of pneumonia, but accurate diagnosis can be challenging as it
requires radiologists to have sufficient knowledge, skills, and time to read radiographs
following existing medical guidelines.

With the increasing severity of COVID-19, public health is at risk and requires immediate
assistance from the healthcare industry to control the rising hospital. Hence, healthcare workers
must be able to diagnose rapidly and act promptly to give the correct treatment, especially when
those who have taken a CXR can have a more severe case.

Our work developed a web application that utilized VGG-16 model to detect various forms of
pneumonia through CXR images. The proposed model used deep learning for multilabel
classification and localization through visual explanation. It focused on opacity, and the cloudy
grey areas in radiographs, which indicates the presence of COVID-19 or other forms of
pneumonia. The multiclass classification has 4 labels: Normal, Covid-19, Viral Pneumonia,
and Bacterial Pneumonia. The prototype is intended for moderate to severe COVID-19 cases
and can aid medical undergraduates, newly trained doctors, interns, general practitioners, and
junior radiologists in learning to read radiographs. Senior healthcare professionals can also use
the model for confirmatory purposes. Besides that, this work used interpretability saliency
maps as an attention mechanism to concentrate feature representations on specific image
regions that indicate the class to which they pertain. This study represents a proof-of-concept
work inspired by the research of Rajaraman et al, as outlined in their paper titled ‘Iteratively
Pruned Deep Learning Ensembles for COVID-19 Detection in Chest X-Rays’ (Rajaraman et
al., 2020).

Literature Review

This section presents the literature review of this study by dividing it into three parts. The first
part of the literature review will study the existing methods in the market that are used to
diagnose COVID-19 traditionally while the second part of this study breaks down the different
architectures of Convolutional Neural Network precisely in relation to previous literature work
by researchers based on the topic of diagnosing COVID-19 in chest X-rays. A brief description
of the Gradient-weighted Class Activation Mapping technique is included in the third part of
the literature review.

Diagnose Methods for COVID-19
Diagnosing COVID-19 is essential in order to contain the spread of the virus and provide
appropriate medical care to infected individuals. There are several methods available for

Copyright © GLOBAL ACADEMIC EXCELLENCE (M) SDN BHD - All rights reserved
114



Journal of Information System
and Technology Management JISTM

EISSN: 0128-1666

Volume 8 Issue 32 (September 2023) PP. 113-128
DOI: 10.35631/J1STM.832008

diagnosing the presence of COVID-19 pneumonia, each with its own advantages and
limitations. The methods are categorized into invasive and non-invasive methods. Invasive
methods are diagnostic techniques that involve penetrating the skin or body cavity to obtain a
sample for analysis. These methods usually require trained professionals to perform the
procedure and can be uncomfortable or painful for the patient. Non-invasive methods on the
other hand do not require penetration and are generally easier and less uncomfortable for the
patient. They involve collecting respiratory secretions or analysing imaging studies of the
lungs.

One of the most widely used invasive methods for diagnosing COVID-19 is reverse
transcription—polymerase chain reaction (RT-PCR), which is considered the gold standard for
COVID-19 diagnosis (Mahendiratta et al., 2020). RT-PCR is a molecular test that detects the
Ribonucleic acid (RNA) of the SARS-CoV-2 virus, if present, in a specimen sourced from
nasopharyngeal, oropharyngeal or saliva swabs (Sethuraman, Jeremiah, & Ryo, 2020), which
involves inserting a long swab into the back of the throat or nose to collect a sample of mucus.
The RT-PCR test takes about 4 to 24 hours to display its results and is highly available in
markets. However, it is slightly low in specificity, which can sometimes result in false positive
results, typically to asymptomatic patients with low viral load or due to technical errors
(Kucirka, Lauer, Laeyendecker, Boon, & Lessler, 2020).

Another widely used diagnostic method is the Antigen Rapid Test Kit (RTK-Ag), which is a
more rapid and economical alternative to RT-PCR (Albert et al., 2021). RTK-Ag tests are
commonly used in at-risk environments like hospitals, schools, and universities where
personnel are frequently exposed to the virus (Augustine et al., 2020). The test results are
displayed in less than 30 minutes and the test is done by collecting a swabbed nasal, throat or
saliva sample. While the collection of nasal and throat sample is invasive, a saliva sample is
considered to be non-invasive. However, RTK-Ag tests have several limitations, such as low
specificity and high sensitivity, which results in a 27.9% false negative rate and no false-
positive results (Cerutti et al., 2020). It is suggested that RTK-Ag tests should be followed by
a RT-PCR analysis for a more precise diagnosis and confirmation.

Chest CT scans is a non-invasive medical imaging technique used for detecting COVID-19
pneumonia. CT scans can show the severity of the disease over time by capturing its varying
appearance (Harahwa et al., 2020). However, CT scans may not reveal lung opacities, which
are the baseline for disease detection, during the first two days of illness. The use of CT scans
is also prone to accidental transmission of the disease if proper personal protective equipment
is not used (Raptis et al., 2020).

CXR are a commonly used radiology modality for initial assessments of patients suspected of
having COVID-19 (Devi, A., A., & H., 2021). It is widely used as a first-line investigation tool
in countries like China and Italy due to its speed and infection control capabilities (Kermali,
Khalsa, Pillai, Ismail, & Harky, 2020). It also has the advantage of being a non-invasive
diagnose method. In addition to the benefits of less discomfort and ease of performance, non-
invasive methods also reduce the risk of complications. Non-invasive methods do not carry
these risks. It is also safer for healthcare workers because invasive methods do not involve
exposure to potentially infectious bodily fluids, which can help to reduce the risk of infection
for healthcare workers performing the tests.
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Convolutional Neural Network in Diagnosing COVID-19

Many researchers have used Convolutional Neural Networks (CNN) as a base to develop
solutions for identifying COVID-19 in chest radiographs (Musleh & Maghari, 2020). CNN is
a deep learning algorithm that primarily focuses on the domain of computer vision applications
such as object detection, object recognition, face recognition and many more. Although CNN
is similar to Artificial Neural Network (ANN), it varies in terms of connectivity. In ANN, all
the neurons from the previous layer are connected to the neurons in the subsequent layer
whereas only the last layer of CNN is fully connected. ANN is not suitable to process images
in large size because it is prone to overfitting due to its full connectivity (Singla, 2020).

One such CNN architecture is the VGG-16, developed by Karen Simonyan and Andrew
Zisserman in 2014, with 16 layers and a large number of parameters, making it a large and
complex model (Author: Tinsy John Perumanoor, n.d.). Renukadevi et al. implemented the
VGG-16 model to classify patients with and without COVID-19 using CXR datasets of
different sizes (Renukadevi, Saraswathi, Vigneshwaran, Pradeep, & Arulsanthosh, 2021). The
images were preprocessed by rescaling them to 224x224 pixels and standardizing the intensity
values to range between 0 and 1. The VGG-16 model achieved an accuracy of 99.81%
compared to the LeNet model, which only had an accuracy of 98.72%. LeNet is another CNN
network made up of 5 layers with hyperparameters that tune themselves automatically.
However, both models have the risk of overfitting due to the small sample size used in the
study.

The Xception CNN, introduced by Google in 2017, is a 71 layer deep model and an advanced
version of the Inception model, with linear stack of distinguishable depth convolutions (Jabber,
Lingampalli, Basha, & Krishna, 2020). Santoso and Purnomo proposed a further advanced
Xception model, called FCovNet, for COVID-19 detection, with extra dense layers and batch
normalization to prevent overfitting (Santoso & Purnomo, 2020). FCovNet achieved an
accuracy score of 99.1% on the validation set, surpassing other models such as Resnet50,
Inception V3, and Xception. FCovNet also had a higher recall compared to other models, but
the added layers and batch normalization resulted in higher computational and training cost.

In a study by Narin et al., a model based on the ResNet-50 architecture was proposed to
minimize the rate of false positive and negative cases and reduce training time (Narin, 2020).
The model applied 5 convolution blocks and used a Support Vector Machine (SVM) for multi-
class classification, with a quadratic SVM function achieving the highest accuracy of 95.28%
in patient condition classification. MobileNet, a low-latency CNN architecture developed by
Google in 2017, was used by Jabber et al. in a comparison study of different CNN architectures
for COVID-19 detection. The study found that MobileNet achieved the highest accuracy score
of 98.9% among the four evaluated models (Jabber et al., 2020).

Table 1 presents a comparison table as a summary for the studies mentioned in this section.

Table 1 : Task-Specific Models Results

Study CNN
Author Architecture  Key Details Accuracy Remarks

Renukadevi VGG-16 Used VGG- 99.81%  Achieved high
etal., 2021 16 for accuracy with
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COVID-19 preprocessing but
classification noted the risk of
with  image overfitting.
preprocessing

details.

Jabber, Xception Introduced 99.1% FCovNet

Lingampalli, the Xception outperformed

Basha, & CNN other models but

Krishna, architecture with increased

2020 and an computational
advanced cost.
version called
FCovNet.

Narin, 2020 ResNet-50  Proposed a 95.28%  Focused on
ResNet-50- reducing false
based model positives/negatives
with SVM for and training time.
multi-class

classification.

Jabber et al., MobileNet  Used 98.9% MobileNet was the
2020 MobileNet top-performing
for COVID- model in  the
19 detection comparison study.
and compared
it to other
CNN

architectures.

Gradient-weighted Class Activation Mapping (GRAD-CAM)

The Gradient-weighted Class Activation Mapping (GRAD-CAM) technique has been used in
various medical image analysis studies to understand the features of certain diseases and
improve their detection accuracy. This technique has also been utilized in the detection and
diagnosis of COVID-19.

One study by Panwar et al., used the GRAD-CAM technique to visualize the regions of interest
(ROIs) in COVID-19 X-ray images. The study found that the technique was effective in
identifying the regions of the image that the model relied on to make its prediction, which could
be useful for radiologists in understanding the disease and its progression (Panwar et al., 2020).

Similarly, a study by Umair et al., GRAD-CAM was used to visualize the regions of the X-ray
images that were most important in the CNNs' decisions. By analysing the Grad-CAM
visualizations, the authors were able to identify the specific regions of the lungs that were
affected by COVID-19 pneumonia, such as the periphery of the lungs and the lower lobes. This
information can be helpful in understanding the pathology of the disease and in developing
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targeted treatments. It is stated the use of Grad-CAM in combination with transfer learning and
CNNs can be an effective approach for detecting COVID-19 pneumonia in X-ray images
(Umair et al., 2021).

Overall, the GRAD-CAM technique has been chosen to visualize COVID-19 pneumonia in X-
ray and CT images due to its ability to generate a heatmap that highlights the most relevant
features and regions of the image for classification. This can help medical professionals in
understanding the features of the disease and improving its detection accuracy.

In addition, information systems play an important role in the medical field, enabling healthcare
providers to manage patient data, make informed decisions, and improve patient care. An area
where information systems have been useful is in the development of Artificial Intelligence
(Al)-powered diagnostic tools. Information systems have enabled the integration and analysis
of large datasets, improving the accuracy and efficiency of these Al-based diagnostic tools (Jin
et al., 2020). By solely training the Machine Learning (ML) model, practitioners may not have
a clear understanding of how to effectively utilize my COVID detection tool. This proposed
method of a covid detection system via web application, however, enhances interpretability by
highlighting infected areas in chest x-rays and provides a practical application platform for
practitioners to both use and upload images.

Methodology

The methodology of the proposed system is illustrated in Figure 1. The overall system’s idea
is to first perform modality-specific transfer learning based on binary classification of Normal
and Pneumonia. The knowledge is then transferred to the task-specific models to classify
COVID-19, bacterial, viral pneumonia and normal. The algorithms involved, Inception-V3,
VGG16 and VGG19, are then combined together as an ensemble model. The best performing
model is deployed as a web application using Streamlit and hosted to a public server provided
by Ngrok. User should be able to pass an input image of an CXR and expect to receive the
output of a labeled CXR classifying it as Normal, COVID-19, Bacterial or Viral Pneumonia
along with GRAD-CAM Visualization.
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Figure 1: Methodology Of The Study

Data Description
There are two types of datasets used in this project; ‘Normal Pneumonia xray’ for the
modality-specific training and ‘Lung Disease Dataset’ for task-specific training.

The first dataset named "Normal_Pneumonia_xray" used in this study was obtained from
Prashant Patel, a Kaggle user. The data was gathered from three prominent public sources,
including the COVID-19 Image Data Collection, COVID-NET, and Chest X-Ray Images
(Pneumonia), which were created by Cohen et al, Wang et al, and Paul Mooney, respectively.
The dataset comprises a total of 6432 chest X-ray images, with 1288 images dedicated for
testing and 5144 images for training. Initially, the dataset had three categories: COVID-19,
Pneumonia, and Normal. However, to simplify it, the COVID-19 data was merged with the
Pneumonia data, resulting in only two classes: Pneumonia and Normal.
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The second dataset used in this study, known as the Lung Disease Dataset, was sourced,
compiled and modified from Rahman et al. (Rahman et al., 2020) and Kermany et al.
(Kermany, 2018). The Lung Disease Dataset originally contained chest X-rays of four types of
lung diseases (Coronavirus Disease, Bacterial Pneumonia, Viral Pneumonia, Tuberculosis, and
normal patients). The dataset was then modified with Visipics software to remove duplicates
and augmented the dataset by a factor of 6, resulting in 10095 images.

The scope of this study focuses on chest X-rays related to COVID-19, Bacterial Pneumonia,
Viral Pneumonia, and Normal, and any folders with X-rays related to Tuberculosis were
manually removed. The validation data was taken as a subset of the training data, so the
validation folder was omitted. The images are in PNG format with varying resolutions, with
4834 images in the training set and 1617 images in the testing set. The folders for the four
classes contain 2031, 2009, 2008, and 2013 images respectively.

Data Preparation

The images are in PNG format with varying resolutions, with 4834 images in the training set
and 1617 images in the testing set. The folders for the four classes contain 2031, 2009, 2008,
and 2013 images respectively.

Model

Modality-specific features are learned from the Normal_pneumonia_xray dataset where the
system has to classify the CXR input between normal and pneumonia. To solve the problem of
model bias and overfitting from high inter-class similarity and low intra-class variation found
in medical images, Modality-Specific Knowledge Transfer is applied. Using a large CXR
dataset to retrain CNN models to learn modality-specific feature representations can improve
generalization and performance of the model.

The knowledge learned based on the weight layers during the modality specific training is
transferred and fine-tuned to the multiclass classification models. The 3 task-specific models,
Inception-V3, VGG16 and VGG19 perform multiclass classification individually on the Lung
Disease Dataset by predicting whether the CXR belongs to a COVID-19, Bacterial Pneumonia,
Viral Pneumonia, or a normal patient. The three models are instantiated with modality-specific
weights, trimmed at fully connected layers, and appended with 4 class-specific heads.

The ensemble model is the result from the weighted averaging of 3 multi-classification models;
Inception-V3, VGG16 and VGG19. These models are loaded and stacked into an ensemble
with functions imported from the kerasSurgeon library. Different weights of 0.5, 0.4, and 0.1
are assigned to each multi-classification model according to its performance, indicating the
significance of each model for prediction.

Visualization

Our work utilized Gradient-weighted Class Activation Mapping (Grad-CAM) as the
visualization technique which is based on class-specific heatmaps (Selvaraju et al., 2017).
Grad-CAM can be used for weakly-supervised localization, which is when a model is trained
solely on whole-image labels rather than explicit location annotations to determine the location
of specific objects. In this study, the aim is to localize the areas in the lungs affected by
coronavirus, bacterial and viral pneumonia for the guidance of healthcare practitioners as
mentioned in the problem statement. Bright red pixels on two-dimensional heat maps indicate
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pixels with greater relevance and, therefore, weights for classifying the test sample as a specific
class are reliable. In order to make the predictions, distinct colour transitions are seen for
various pixel significance ranges. By overlaying the heat maps on the input sample CXR,
salient Regions of Interest (ROIs) found in the CXR are discovered.

JISTM

Web Application Deployment

The overview of the web application deployment is illustrated in Figure 2. The web app is
hosted on one of the ngrok domains, therefore no public domain or IP address is required. A
ngrok account must be registered at ngrok.com to obtain the authentication token (auth_token).
After this is accomplished, the generated URL will redirect to the web app. The front end of
the web application, Chest X-ray Classification, was developed using python and Streamlit to
identify COVID-19 infection using a chest X-ray image, along with other types of diseases
such as Bacterial and Viral Pneumonia. The "Upload File" option allows the user to submit an
X-ray image for the results. As shown in Figure 3, the GRAD-CAM of the input image is
shown beside the original image for comparison to the emphasized regions which the model
has learned from. Upon clicking the ‘Show guide’ checkbox, users can see the Heatmap guide
of the GRAD-CAM. The ‘Export Results’ button allows the user to download the GRAD-CAM
image, Heatmap, and Prediction results as a ZIP file. After the image has been uploaded, the
prediction results are displayed as shown in Figure 4. The tested image will also be assigned
to the rest of the classes, along with its confidence score.

CXR
Request

from Client

T " narok — Qs
«—— -«

E Response T

Client To Client

_ 80

Detected: Machine

COVID-18 Learning
positive Model

Training

Data

Figure 2: Web Application Deployment Overview
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Figure 4: Web App Screenshot with Prediction Results

Results

The modality-specific models, task-specific models and ensemble model are evaluated using
metrics such as recall, precision, F1 score, accuracy, and AUC score. Table shows the results
of the modality-specific models during binary classification of Normal and Pneumonia class.

Table 2 : Modality-Specific Models Results

Models/Metric Precision Recall F1 AUC Accuracy
Score

Inception-V3  0.9404 0.9356 0.9368 0.9890 0.9356
VGG-16 0.9561 0.9557 0.9559 0.9897 0.9557
VGG-19 0.9512 0.9480 0.9488 0.9900 0.9480

Table shows the results obtained for the 3-task specific models, along with the ensemble
model in classifying CXR as Normal, COVID-19, Viral Pneumonia or Bacterial Pneumonia.
The ensemble model is the result of weighted averaging by combining Inception-V3, VGG-16,
and VGG-19 models. Since a classification report containing the precision, recall, and f1 score

can't handle a mix of multilabel-indicator and binary targets, only the accuracy of the Ensemble
model is evaluated.
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Table 3 : Task-Specific Models Results

Models/Metric Precision Recall F1 AUC Accuracy
Score

Inception-V3 0.8317 0.8349 0.8330 0.9598 0.8349

VGG-16 0.8298 0.8306 0.8297 0.9579  0.8306
VGG-19 0.8582 0.8559 0.8530 0.9653  0.8559
(deployed
model)
Ensemble - - - - 0.8462

In the binary classification, the VGG-16 network outperformed the other models by achieving
an accuracy of 95.57% while the VGG-19 was the best model in the multiclass classification,
resulting in 85.59% accuracy. The ensemble model scored a higher accuracy of 84.62% than
VGG-16 and Inception-V3 but lower than VGG-19. Hence, the VGG-19 model is chosen to be
deployed as a web application. For better understanding of the results, the ROC-AUC curve is
shown for all the models in Figure 5, Figure 6, Figure 7Figure , Figure 8, Figure 9, and
Figure 10 respectively.

Figure 5: ROC Curve of Inception-V3(Binary Classification)

Copyright © GLOBAL ACADEMIC EXCELLENCE (M) SDN BHD - All rights reserved
123



sith

Journal of Information System
and Technology Management

EISSN: 0128-1666

Volume 8 Issue 32 (September 2023) PP. 113-128
DOI: 10.35631/JISTM.832008

JISTM

Binary-class ROC curve

-
-7
e
-
-
-
e
-~
-~
Pl
pras
Ve

| =+ micro-average ROC curve (area = 0.9920)
- s macro-aversge ROC curve (area = 0.9897)

e ROC curve of class 0 (area = 0.9893)

i ROC curve of class 1 (area = 0.9893)

0 005 010 015 020 025 030 035 040 045 050 055 060 065 070 075 080 085 030 095

Faise Positrve Rate

Figure 6: ROC Curve of VGG-16(Binary Classification)
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Figure 7: ROC Curve of VGG-19(Binary Classification)
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Figure 8: ROC Curve of Inception-V3(Binary Classification)
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Flgure 10: ROC Curve of VGG 19(I\/Iu|t|class)

VGG-16 and VGG-19 are both deep convolutional neural networks (CNNs) with different
architectures. The number of layers and their configurations in these models can make them
more suitable for specific tasks. In this case, VGG-16 might have features that are more
discriminative for binary classification, while VGG-19 excels in multiclass classification. The
distribution of data points across classes can impact model performance. If one class is
significantly larger or smaller than the others, it can affect accuracy. The choice of the "best"
model can also depend on how well it handles the distribution of data in the multiclass problem.
The distribution of data points across classes can impact model performance. If one class is
significantly larger or smaller than the others, it can affect accuracy. The choice of the "best"
model can also depend on how well it handles the distribution of data in the multiclass problem.

Discussion

The VGG-16 model is found to be more accurate than the other models based on Table 2. In
comparison to VGG19 and inception-V3, the aforementioned model showed promising
accuracy values compared to other models. The recall value obtained from this model is also
higher than other models as it shows that the model is reliable in the healthcare industry due to
the higher acceptance of false positives than false negatives. This is due to the architecture
depths of the VGG-16 model being the best for learning the hierarchical representations of
features from the CXR data and categorizing them into classes for normal and pneumonia. The
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VGG-16 model also outperformed the competition as measured by the F-score, which provides
a balanced measure of precision and recall.

In accordance with Table 3, it can be observed that the VGG-19 model was more accurate for
multi-class classification with a higher AUC measure, indicating that it has the smallest margin
for error and hence offers a more precise estimate. Interestingly, the ensemble model achieved
higher accuracy than Inception-V3 and VGG-16 but not more than VGG-19. In comparison to
the VGG-16, Ensemble and Inception-V3 models, the VGG-19 model performed better when
F-score, Precision and Accuracy were taken into account.

The heatmap generated by Grad-CAM is typically color-coded, with warmer colors such as
red,orange and yellow indicating regions that are highly relevant to the predicted class, while
cooler colors like purple, blue, green indicate regions that are less relevant. The intensity of the
color represents the degree of relevance, with brighter colors indicating higher relevance as
shown in the heatmap guide Figure 3. By analyzing and interpreting the heatmap, insights can
be gained into which regions of the input image are most relevant for the model's prediction,
which in turn can help to identify areas for potential improvement. For example, if the model
IS making incorrect predictions, examining the heatmap can help researchers identify which
regions of the input image the model is not attending to, and which regions it is
overemphasizing. This information can be used to refine the model's architecture or to guide
the selection of additional training data.

Conclusion

In conclusion, this project has successfully met its objective to develop an X-ray Classification
system that identifies and localized COVID-19 in a multiclass environment including classes
such as Normal, Bacterial Pneumonia, and Viral Pneumonia. VGG-19, the multiclass CNN
model which was chosen to be deployed into the Web Application, has particularly achieved a
99.27% accuracy in detecting COVID-19 in X-rays. Although the overall accuracy of the
model is 85.59%, the project’s objective mainly focuses on COVID-19 disease. The proof-of-
concept system built in this project eases the radiologists’ workload and saves their time so that
they can diagnose diseases early, accurately, and quickly which is significant to mitigate the
COVID-19 outbreak due to its communicable nature. Ultimately, the disease localization
feature through GRAD-CAM included in the developed system also helps doctors to take the
next step in the diagnosis. Using CXR for all the individuals who are suspected to have Covid
is unideal. Hence, the system can only cater to COVID-19 patients with moderate to severe
respiratory issues where their cases require further investigation by healthcare experts. The
project's localization capability, which is an additional but crucial feature to enforce reliability,
would be considered its strength. On the other hand, the model's lower recall than the acquired
precision can be seen as a drawback because, in the healthcare sector, it is typically
recommended for a higher recall because erroneous positives are more acceptable than false
negatives. One of the limitations of this project is GPU restriction on the total runtime,
hindering from exploring other types of CNN models, fine-tuning its parameters and adding
more data to the training. As a future improvement, it is recommended to add more data to the
CNN models running on a reliable platform with faster and more dependable computational
resources, aiming for better accuracy and recall.
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