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ORIGINAL RESEARCH ARTICLE

Deep learning on chest X-ray and computed
tomography scans for detection of COVID-19 as
a part of a network-centric digital health stack
for future pandemics

Ajay Kumar Gogineni'(®, Madapathi Hitesh'(), Prashant Kumar Jha?>,
Soumya Suvashish Sen?, Shreeja Das? and Kisor Kumar Sahu>*5*

'School of Electrical Sciences, Indian Institute of Technology, Bhubaneswar, Odisha, India

Abstract

Developing a reliable rapid screening protocol for highly infectious diseases like
COVID-19 is of paramount interest since it facilitates the isolation of infected patients
from the rest of the population. Reverse-transcription polymerase chain reaction
(RT-PCR) test is presently the most widely accepted gold-standard test to detect
COVID-19. In this method, the RNA of the virus is duplicated by a process called reverse
transcriptiontoform DNAforfacilitating the copying process.Fluorescentdyeisattached
to the viral genetic material and copied billions of times through the process called
polymerase chain reaction. Enhanced fluorescence is used to identify the presence of
genetic material of the virus. These tests are time-consuming and have significant false
negatives, i.e., a person with COVID-19 might be categorized as not having the virus.
Large-scale RT-PCR testing has its own share of problems such as logistics, availability
and affordability in underdeveloped nations, and reliability of the test results. Machine
learning algorithms can act as a cheaper supplementary/alternative diagnostic tool
for the testing process. In the current study, using publicly available chest X-ray image
datasets, different convolutional neural network (CNN)-based models were developed
for efficient identification of COVID-19 infected patients, and their efficacies were
compared. Key innovations in training the CNNs are discussed. Our results indicate
that EfficientNet, SeResNext, and ResNet are best at classifying normal, pneumonia and
COVID-19 cases, respectively. The ResNet architecture with transfer learning performed
best at detecting COVID-19 with an accuracy of 94%, a rate far superior to that in the
RT-PCRtest, which is typically in the range of 70 - 80%. This is particularly attractive as an
additional noninvasive protocol since such technology-augmented detection is likely
to help in reducing the psychological refractory period due to COVID-19 infections.
Toward the healthy lung initiative in the post-COVID-19 era, we propose close coupling
of the present diagnostic protocols with digital approaches to ensure more reliable
personal care within the ambit of large-scale pandemic control mechanisms. Such
integration with emerging technological tools can create a benchmark for the first line
of defense against future global pandemics.

Keywords: COVID-19; Machine learning; Deep learning; EfficientNet; ResNet; SeResNext;
Network-centric digital health stack
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1. Introduction

In December 2019, clusters of pneumonia-like cases of
unknown origin were first reported in the city of Wuhan
in China. Upon investigations, it was found that the
disease was caused by a new type of single-stranded RNA
virus, which was officially named by the World Health
Organization (WHO) as severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2)."” The disease caused by
SARS-CoV-2 was subsequently named COVID-19. The
rate of spread and severity of COVID-19 all around the
world forced the WHO to declare it as a pandemic on
March 11, 2020. It had caused unparalleled disruptions
in the post-internet modern era of global civilization and,
in a way, demonstrated the serious shortcomings and
vulnerabilities of traditional approaches for tackling such
issues.” It was depicted that, although we had the bits and
pieces to construct a robust technology-armed first line
of defense against global pandemics based upon smart
integration of the new age tools, we did not invest enough
to construct the requisite technological architecture to
realize this. Therefore, various countries attempted to do
what they could do best under the prevailing situations.
Some implemented nationwide lockdowns, limiting
movement of the population, commanding social
distancing, and expanding the consciousness of cleanliness
and good hygiene as a range of preventive measures against
the pandemic; an early analysis of such measures has been
reported in the literature.’

SARS-CoV-2 can cause symptoms of fever, fatigue,
headache, cough, sore throat, myalgia (muscle pain),
anosmia (loss of smell), and other respiratory symptoms.
Most people recover from the disease without requiring
any special treatment but those who have comorbid
medical conditions such as chronic kidney disease,
autoimmune disease, cancer, heart conditions, obesity,
diabetes, and respiratory disease are more prone to develop
serious illness.* COVID-19 causes serious damage to the
lungs, causing oxygen deficiency in the patient, a condition
referred to as hypoxia. This can be easily identified by
lower oxygen saturation level, typically less than 94%.
Infections due to bacterial pneumonia and pulmonary
embolism present similar characteristics. Furthermore,
other underlying conditions such as chronic obstructive
pulmonary disease typically complicate the identification
of COVID-19. Atelectasis (indicating a partial or complete

collapse of the lungs caused by COVID-19) can be partially
reversed by maintaining continuous positive airway
pressure, which forces the collapsed alveoli to remain open
with oxygen-rich air. A far worse situation demands the
use of ventilators, where breathing is assisted with a life-
support device. Thus, since it is a common symptom across
various respiratory diseases, depleting oxygen saturation
cannot be a definitive indicator of COVID-19 infection.

To arrest the spread of the disease, affected countries
have adopted reverse-transcription polymerase chain
reaction (RT-PCR) tests as the gold-standard diagnostic
method to detect COVID-19 infection and isolate the
infected individuals as early as possible to limit further
transmission of the infection. Despite having many positive
aspects, this testing method requires the setting-up of
entirely new facilities with specially trained personnel for
sample collection and analysis. Such facilities are largely
authority-regulated and many underdeveloped countries
find it difficult to procure sufficient numbers of test kits.
Moreover, it is time-consuming and sometimes gives
non-negligible false negative (infected person is tested
negative) as well as false positive (uninfected person is
tested positive) results.

Machine learning (ML) has made a significant impact
in many disciplines of science and technology.*!' An ML
tool, based on chest X-ray and/or computed tomography
(CT) scan images of COVID-19 suspected individuals,
can be very attractive in this scenario, primarily because
of the very limited resources required and short diagnosis
time. Computer-aided biomedical image analysis might
turn out to be an additional useful tool to assist medical
practitioners in correct and quick decision-making.
For example, Habib et al” introduced a novel modified
lightweight SqueezeNet (SQN-MF) model (demonstrated
in non-medical application) coupled with continuous
wavelet transformation for converting acoustic emission
signals into two-dimensional (2D) images, achieving 100%
classification accuracy (surpassing traditional techniques
by 20.8%). The lightweight model (0.5 MB) is suitable for
field programmable gate array implementation, enabling
real-time monitoring. Their success in achieving high
accuracy with a memory-efficient model demonstrates the
potential for similar approaches in medical diagnostics
that will help to build reliable, rapid screening protocols for
infectious diseases like COVID-19. This kind of lightweight
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computer-based automated tools can be extremely useful,
particularly when faced with a logistics bottleneck or
when the entire medical infrastructure is overwhelmed for
some reason or other, which can be very handy during the
outbreak of some other potent infectious diseases.

The method outlined in the present article could be a
very important building block in an emerging integrated
digital medical doctrine that can ensure a more reliable,
personalized, and targeted medical intervention even
within the ambit of a very large-scale pandemic control
initiative spanning across prefectures/territories/states/
countries as previously outlined.” One of the foundational
principles of modern-era scientific practices is to decouple
critical processes to maximize control over them and
create provisions for more eflicient resource allocation.
In the RT-PCR test, the processes of physical examination
of the patient by the doctor, sample collection, and actual
evaluation of the testing results are highly integrated and
codependent. A decoupling approach in this scenario is
difficult to achieve. In the present ML-based method, the
physical examination of the patient in the form of taking
an X-ray radiograph and the evaluation of the testing
results from the ML model can be effectively decoupled,
thus offering a modular approach that tremendously
enhances flexibility in operational and clinical protocols
for pandemic control. This effective decoupling and
modular approach will be a crucial component for the
network-centric digital ‘health stack’ for the future
pandemic control by effectively predicting its geographical
occurrences and this will be dealt with in the second
article (in writing progress) in this series. Let us illustrate
this point further with a simple example for the sake of
brevity (the comprehensive architecture will be outlined
in the follow-up article): say an economically weaker
country “A” lacks enough resource pool of highly trained
medical professionals and/or RT-PCR test kits reserves.
However, medical X-ray radiography is one of the oldest
and most common diagnostic techniques. As a result,
most countries (including “A”) are already well-equipped
with X-ray devices. The approach proposed in this article
requires minimal training of personnel who can supervise
X-ray radiography tests satisfactorily (that is, just to take
a satisfactory radiograph; in the case it is not satisfactory,
it can be automatically flagged by a computer/professional
located in another country to re-do the test). However, the
difficult part of this approach is to train a large number
of medical professionals in analyzing/getting familiar with
X-ray images for COVID-19 or future pandemic detection.
Here, the great advantage of decoupling the critical process
becomes clear. By using internet-enabled technologies,
the tests and results can then be transmitted online for
further evaluation by automated ML algorithms. Only a

few confusing cases need to be cross-examined by trained
medical professionals in another country, say “B,” who can
undertake the post-ML decision-making with the help
of well-developed resources natively available in “B” It is
important to note that the present protocol is performed
by an ML algorithm implemented on a computer, and
the actual job of a medical expert is minimal, limited to
only overviewing/double-checking the assessment of the
computer to eliminate the remote possibility of mistakes
(since the machine accuracy is more than 94% even
without human intervention, as demonstrated in a later
section). Such global alliances can be a game changer in
providing equitable diagnostics to underdeveloped regions
of the world (Global South), as already demonstrated in the
case of vaccination under the COVID-19 Vaccines Global
Access, (COVAX)."? Moreover, free exchange of valuable
medical data across the boundaries will have the potential
to create huge synergistic effects, for example, in faster
identification of newer strains, proper epidemiological
analysis and consequent prevention strategy, and most
importantly, a reliable prediction about the future
trends based on hard data obtained through data-driven
approach. Developing an automated analysis system can
therefore save valuable time for the medical professionals
in the country “A;” which could be best utilized to address
some other critical conditions. This will also ensure
optimal resource utilization and advanced preparation for
the pandemic in country “B” As pointed out earlier, the
detailed digital architecture and infrastructure planning
will be presented in the follow-up article. It is important
to note that such a design will not be COVID-19-specific
but flexible enough to handle a broad spectrum of other
diseases.

COVID-19 radiograph (CORAD) scores from CT
scans are considered a definite diagnosis of COVID-19
even in the case of negative RT-PCR results. Chest X-ray
or CT scan of a COVID-19-infected patient generally
reports abnormal findings, such as ground glass opacities,
and coarse horizontal linear opacities scattered throughout
the lungs, often with consolidation.”® They represent
tiny air sacs getting filled with fluid. Another finding is
called the “crazy paving” pattern, which is caused due to
swelling of the interstitial septum along the walls of the
lung lobes superimposed on the background of ground
glass opacities. The latter finding is observed in the
advanced stage of infection.'"* Although RT-PCR remains
the gold standard procedure for COVID-19 detection,
these findings in X-ray images can help in the initial
screening of the suspected patients. There are six patterns
indicative of COVID-19 infection that can be observed
in a patient’s X-ray report. They are: (i) reverse batwing,
(ii) multifocal lower lobe predominant consolidation,
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(iil) peribronchial rounded consolidations, (iv) multifocal
bilateral consolidations, (v) ball pattern or round pneumonia,
and (vi) bilateral symmetrical diffuse lung involvement. Out
of these patterns, pattern (vi) is the most severe, suggesting
acute respiratory distress syndrome in the patient.

Several research groups have used deep learning-based
techniques for COVID-19 and pneumonia detection.'>?!
Since most of these techniques are well discussed and
debated in the literature, we will very briefly review only
a few of them. Wang et al.'® used deep learning techniques
on CT images to screen COVID-19 patients with an
accuracy, specificity, and sensitivity of 89.5%, 88%, and
87%, respectively. A novel convolutional neural network
(CNN), COVID-Net for detecting COVID-19 using chest
X-ray images presented by a different research team has
an accuracy of 83.5%." Transfer learning offers several
benefits, primarily in saving training time, significantly
improving the performance of ML models, and requiring
smaller data sets for training. For example, Sohaib et al.®
proposed a novel approach (demonstrated in non-
medical applications) that used step transfer learning
(STL) combined with extreme learning machine (ELM),
primarily focusing on improving the generalization power
of deep learning models for autonomous inspection. By
leveraging STL to extract generalized abstract features
from diverse source images and utilizing ELM to overcome
optimization limitations of traditional neural networks,
their model achieved significant improvements in accuracy
(2.5%), recall (4.8%), and precision (0.8%) compared to
existing studies. This approach enhanced generalization
demonstrating the usefulness of transfer learning
techniques for increasing the robustness of the detection
models and making the model more generalizable. Transfer
learning has found many applications in the biomedical
arena.” Joaquin'’ used a small dataset of 339 images for
training and testing by utilizing the ResNet50-based deep
transfer learning technique and obtained a validation
accuracy of 96.2%. Ahmmed et al.** conducted an in-depth
analysis of brain tumor classification using transfer learning
across multiple classes, utilizing robust frameworks,
such as ResNet 50 and Inception V3 for MRI images.
Their research meticulously curated paired datasets and
incorporated advanced techniques such as Early Stopping,
ReduceLROnPlateau, and hyperparameter optimization.
These strategies significantly improved model accuracy,
achieving exceptional classification rates for various types
of brain tumors. Similarly, Podder et al.*' developed a deep
learning model using optimized DenseNet architectures to
diagnose infectious diseases from chest X-rays, achieving
high detection rates for COVID-19 and other conditions.
Their modifications to the DenseNet architecture and
hyperparameter tuning demonstrated the potential of deep

learning models in improving diagnostic accuracy and
early disease detection.

In this study, we developed deep transfer learning-based
approaches for the automatic detection of COVID-19 using
various CNN-based models on chest X-ray images and
implemented several innovations in the training protocol.
Beyond the immediate applicability of the present method
as an additional diagnostic tool for identifying COVID-19
infections, it also might have far-reaching consequences. An
earlier big challenge was to identify and detect the infected
individual; however, slowly but steadily, the major focus
has shifted toward the long-term care of the lungs of the
infected persons. All seven human coronaviruses affect the
respiratory tracts and lungs. However, three of these virus
types, i.e., SARS-CoV, Middle East respiratory syndrome
coronavirus, and SARS-CoV-2 are known to severely affect
the lungs. Unfortunately, the long-term impact of SARS-
CoV-2 infection is neither clearly understood nor widely
studied as the viruses are dynamically evolving across the
world. Most severe infections are known to cause post-
COVID-19 sequelae, i.e., fibrosis of the lungs in the future.
A worthwhile initiative toward recording post-COVID-19
symptoms in this direction has been reported in the
literature.”® An ML-based system that relies on the chest
X-ray and/or CT scan image analysis might prove to be
highly valuable and instrumental in the long-term care of
the lungs by appropriately creating a highly scalable and
easily integrable digital infrastructure through curating,
cataloging, classifying and most importantly, creating an
appropriate data repository of the vital information about
different stages of the lungs as a function of time (using
automated time-stamps), significantly augmenting the
healthy lung initiative in the post-COVID-19 era.

2. Data and methods
2.1.Data

The dataset of chest X-ray and CT scan images™* used
in this study were sourced from a freely available GitHub
repository maintained by Cohen.* X-ray images containing
pneumonia and normal images were obtained from the
Kaggle dataset.”” We used 1763 images to analyze the
performance of the neural networks used for this study and
utilized 1260 images to train the model along with 251 and
252 images for validating and testing the model, respectively.
The dataset consists of 563, 947, and 223 images that belong to
COVID-19, normal, and pneumonia categories, respectively.
Figure 1 shows some examples from the dataset.

2.2. Methods: Different CNN architectures

Various CNN models such as ResNet, SeResNext, DenseNet,
and EfficientNet were used for classification. Here we briefly
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Figure 1. Sample images are taken from the dataset.***** The indication above each image corresponds to the associated label. Image created by the author.

sketch their outlines, although complete details can be
found in the reference mentioned in the corresponding
sections. Fundamental building blocks are schematically
depicted in Figure 2A-D.

2.2.1. Method 1: ResNet34

Developing a proper training protocol is a matter of
serious concern for the implementation of any deep neural
network. One such major issue is the divergence from local
minima, leading to improper training. To address this, in
ResNet,*® a modification in the network architecture was
introduced by incorporating skip connections, expressed
as H(x) + x, between layers. This alteration facilitated
quicker and more efficient model training. The smooth loss
landscape of ResNet prevents the model from becoming
trapped in local minima or saddle points, resulting in
improved training speed and accuracy. In our study,
we utilized a variant of ResNet, specifically ResNet34,
consisting of a total of 34 convolutional layers.

2.2.2. Method 2: SeResNext50

SeNet was originally proposed by Hu et al.* SeNet differs
from conventional neural network designs by emphasizing
the exploration of channel-wise features rather than solely
focusing on spatial features. In its fundamental structure,
the squeeze-and-excitation (SE) block transforms the input,
denoted as x, into a feature map U through convolution.
This map undergoes a squeeze operation, consolidating
feature maps across spatial dimensions to produce channel
descriptors. These descriptors encapsulate the global
distribution of channel-wise feature responses. Following
this, an excitation operation converts the descriptors into
per-channel modulation weights. These weights are then
applied to the feature map U to yield the output of the SE

A B

Output: F(X) + X
128 Dimensional

®

Output: F(x) + x

T relu

Identity
connection

Input X
128 dimensional

ResNext Block

Input : x

Residual Block

c Output : Hx W x C D Output

P 64 channel

HxWxC

Ak 1x1 conv, nf = 64
txaxc Concat
—

pxaxcn Conv Layer

1x1xC/r

1xixc

——
_—
ﬁ e

Input
3 channel

HxWxC

Input : Hx W x C
SeResNext Block

Dense Block

Figure 2. Building blocks of different convolutional neural network-
based architectures: (A) ResNet, (B) ResNext, (C) SeResNext, and
(D) DenseNet. Copyright © 2020 Springer International Publishing.
Reprinted with permission of Springer International Publishing.

block. In the SeResNext model,***! SE block is integrated
into every non-identity branch of the ResNext block—a
variant of the ResNet block characterized by multiple
convolution layers and skip connections. A ResNext block
consists of several convolution layers, each having a distinct
set of filter sizes and dimensions, and incorporates a single
skip connection for mitigating the vanishing gradient
problem during training. A SeResNext block is shown in
Figure 2C.
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2.2.3. Method 3: DenseNet

DenseNet architecture was proposed by Xie et al.* Its
architecture is very similar to that of ResNet, where
there are feed-forward connections from each layer to
the next layer.” In DenseNet, feature maps of one layer
are concatenated with feature maps of all the following
layers. This approach offers a benefit by leveraging
features extracted from early layers for subsequent
layers. Convolution blocks are sequentially stacked, and
interspersed with basic convolution layers to preserve
dimensionality across the network’s depth. It consists of
various “dense blocks.” A simple “dense block” is depicted
in Figure 2D.

2.2.4. Method 4: EfficientNet

Most of the architectures such as ResNet, VGG Net, and
Inception Net, are created manually by researchers where
they specify the complete network architecture upfront,
for example, number of layers, filter size, and number
of channels based on previous experiments/experience.
EfficientNets* are created using neural architecture search
where the complete model is built algorithmically by
keeping a constraint on the number of parameters. It uses
ResNet as a baseline model and modifies the number of
layers, number of channels, and input image dimensions
in the baseline model to create the desired model. The
smallest model, i.e., with a minimum number of parameters
in EfficientNet is called b0, and seven other models are
generated by changing the constraints, such as the number
of parameters and the number of Floating Point Operations
Per Second. EfficientNet b7 is the largest model among
EfficientNets. EfficientNets have very less inference time
when compared to other models with a similar number of
parameters. As the image size increases, larger EfficientNet
models are preferred since they have a greater number of
layers and the channel size also increases. This helps in
obtaining useful features from the larger image.

Overall, the rational for choosing this architecture
is as follows: ResNet was selected for its skip connection
architecture, which facilitates stable learning during
training; DenseNet for its dense connectivity facilitating
feature reuse across layers; SeResNext for its integration
of SE modules for enhanced feature recalibration; and
EfficientNet for its efficient model scaling strategy, which
collectively provides a diverse range of architectural
innovations for achieving accurate and reliable image
classification. It should be noted that it is always possible
(and sometimes more desirable) to make an ensemble of
these models for further improving the overall prediction.
Since the present article focuses on the fundamental aspects
of the implementation of these models, the ensemble
strategy is not explored in this work.

Transfer learning uses the initial weights of the neural
network pre-trained on a different database, which is
ImageNet* for the present study. Transfer learning plays
a crucial role in improving the model performance
when working on a dataset where the number of images
are limited. The amount of labeled data available in the
biomedical domain is limited mainly due to the time taken
toannotate the dataset. Initializing the model weightsin this
manner helps the model to capture important information
from the images. The initial layers of the network capture
very generic information from an image such as horizontal
and vertical edges, whereas the later layers of the network
capture patterns in an image that are very specific to the
dataset of study as previously described.* This pre-training
on a large dataset provides a solid foundation, allowing the
model to start with a better understanding of general visual
patterns. The fine-tuning process adapts the model to the
unique features and characteristics of the target dataset,
allowing it to specialize in recognizing patterns relevant to
the biomedical images at hand.

2.3. Training

We employed a learning rate scheduler* to determine the
most effective learning rate for our specific dataset. During
this process, the learning rate is cautiously increased after
each mini-batch, with the corresponding loss recorded at
each increment. Subsequently, we plotted the loss versus
learning rate, as illustrated in Figure 3, revealing how
different learning rates impacted the model’s performance.
Notably, for a very low learning rate, the loss diminishes
at a slower pace. As the learning rate increased, the loss
showed a rapid decline, indicating the optimal range.
Beyond this point, further increases in the learning rate
caused the loss to rise sharply, suggesting overshooting.
By identifying the point of the steepest loss decline (0.002
in our case), we determined the optimal learning rate for

13

124

114

Loss

10

0.9

0.8 4

le-04 le-03 le-02 le-01

Learning rate

le-06 le-05

Figure 3. Scheduling the learning rate by investigating its impact on the
loss function. Image created by the authors.
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training. It is crucial to avoid exceeding this optimal value,
as it may lead to overshooting the global minima of the
loss function. This balanced approach ensures efficient
training and better model generalization by avoiding both
slow convergence and the risk of overshooting the global
minima.

Adjusting the learning rate plays a critical role in
training neural networks. A smaller value of the learning
rate leads to gradual changes in the loss function but can
prolong convergence due to small gradients. Conversely,
a larger value of the learning rate may cause overshooting
of the global minimum. Hence, striking a balance between
the two extremes is essential for efficient training and
better generalization. Furthermore, employing a fixed
learning rate can lead to challenges such as becoming
trapped in local minima or saddle points where gradients
are insufficient for optimization. To mitigate these issues,
we set upper and lower bounds on the learning rate,
typically differing by a factor of ten. For instance, in our
experiments, the upper bound is set at 10~ and the lower
bound at 107°. This range allows the model to explore the
loss landscape effectively, avoiding stagnation in local
minima or saddle points. In addition, in lieu of employing
a uniform learning rate throughout the entire network
during the training process, this study adopts a strategy
known as discriminative learning rates. Here, learning
rates are tailored for different layers of the classifier,
typically ranging between 0.0001 and 0.01. This approach
acknowledges that various network layers capture distinct
types of information, thus warranting diverse learning
rates. Initial layers receive lower learning rates compared
to later layers, reflecting their differing roles in feature
extraction and abstraction.

The training methodology incorporates a one-cycle
training policy, characterized by a dynamic adjustment of
learning rates across epochs. Initially, a higher learning rate
is applied, gradually decreasing toward the final epoch. This
technique promotes improved model performance and
stability, facilitating parameter updates at an appropriate
pace. By mitigating the risk of local minima entrapment,
the model’s generalizability is enhanced.

Implementation details involve Python programming
utilizing the fastai library,*® a PyTorch-based open-source
platform tailored for deep learning model development.
Execution takes place on Google Collaboratory, leveraging
its provision of a free K-80 GPU with 12GB RAM, ideal
for executing ML algorithms. The source code and neural
network weights utilized in this study are publicly available
for reference.* In the following, we summarize some of the
key novelties in the training strategy in the present study.
We used training strategies to optimize the performance

of EfficientNet, ResNet, and SeResNext for COVID-19
detection using X-ray images. Key innovations include the
use of a dynamic learning rate scheduler to identify the
optimal learning rate, setting adaptive boundaries (10~ -
107°) to avoid local minima, and employing discriminative
learning rates tailored for different network layers (ranging
from 0.0001 to 0.01) to enhance feature extraction and
abstraction. In addition, we implemented a one-cycle
training policy, dynamically adjusting learning rates across
epochs to improve model performance and stability.
These training methodologies significantly enhance the
model’s robustness and accuracy, providing a distinctive
contribution to the field. Altogether, our proposed model
introduces several key innovations that enhance the
robustness and accuracy of these models, making our work
distinct from prior studies.

3. Results

A total of 1763 images were used to build the ML model, of
which 1260 images were used to train the model and 251
and 252 images were employed for validating and testing
the model, respectively. After the screening, the 563 images
indicating COVID-19 were split into train (450 images),
valid (71 images), and test datasets (72 images).

Figure 4A-D shows the confusion matrix for various
CNN architectures. ResNet and DenseNet obtained the
bestaccuracy, at 94.09%. The confusion matrix corresponds
to the predictions of the model on the test dataset.
The model is able to distinguish clearly among various
classes. The confusion matrices indicate that EfficientNet
is best at classifying normal images and SeResNext is
best at classifying pneumonia. ResNet performs best for
classifying images pertaining to COVID-19.

Figure 5 shows the predicted class, actual class, loss,
and probability of actual class for a set of misclassified
images for each model in the format “Prediction/Actual/
Loss/Probability” on the top of each image. Each image
illustrates the target class results for the model, highlighting
areas where the model’s predictions did not align with the
true labels.

Figure 6 shows the sensitivity as well as specificity of
the CNN models used in this work. The sensitivity of a
class measures the proportion of images belonging to a
particular class that are correctly classified by the model.
The specificity of a class measures the proportion of images
that do not belong to the class of interest and are correctly
classified by the model.

4. Discussion

EfficientNet has the highest specificity toward images of
class COVID-19 and ResNet has the highest sensitivity
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Figure 4. Confusion matrices for (A) ResNet (34), (B) DenseNet, (C) SeResNext, and (D) EfficientNet
Note: The number 34 indicates the number of convolution layers).

toward images of class COVID-19. The sensitivity and
specificity values in Figure 6A and B, respectively, were
computed by evaluating the performance of each CNN
model (ResNet, DenseNet, SeResNext, EfficientNet) on
a labeled test set consisting of three classes: COVID-19,
pneumonia, and normal X-ray images. Sensitivity (true
positive rate) was calculated as the ratio of correctly
identified positive cases to the total actual positive cases for
each class. Specificity (true negative rate) was determined
by the ratio of correctly identified negative cases to the
total actual negative cases for each class. For each model,
predictions were compared against the ground truth labels
to calculate these metrics, providing a comprehensive
assessment of each model’s ability to correctly identify and
distinguish between the three classes.

RT-PCR’s sensitivity and specificity are typically in the
range of 70 — 80% and 99 - 100%, respectively. Therefore,
the 94% sensitivity achieved in the present study with very
limited numbers of training images is an indication of good
performance, which is expected to get better with more
training images. Therefore, our method is significantly
more accurate. Subsequently, doctors may be consulted

for a confirmed diagnosis. Some examples of COVID-19
scans are described in the literature.”” In addition to the
tremendous promise, the efficacy of the present method
can be significantly enhanced, if it is supplemented with
blood lymphocyte count (as lymphopenia—a lower count
of lymphocytes—is mostly associated with COVID-19
and indicates severe form) and RT-PCR test data from
nasopharyngeal samples collected through swabs. The
efficacy of the present method will significantly improve,
even when not assisted by other methods, with more and
more usage (as the method progressively learns and gets
better at the job), as is the case for any ML method.

It is imperative to mention that collecting data from
diverse geographical regions can significantly improve
the performance of our model by introducing a wider
variety of image characteristics and potential variations
in COVID-19 presentation. Different regions may have
variations in imaging equipment, patient demographics,
and prevalence of comorbidities, all of which can influence
the appearance of X-ray images. By incorporating a more
diverse dataset, our model can learn to generalize better
across different populations and imaging conditions,
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Figure 6. Sensitivity (A) and specificity (B) of ResNet (34), DenseNet, SeResNext, and EfficientNet for COVID-19, normal, and pneumonia class detection
Note: The number 34 indicates the number of convolution layers).

leading to more robust and accurate predictions. This
enhanced diversity helps mitigate biases and ensures that
the model performs well in real-world, heterogeneous
environments, ultimately improving its reliability and
effectiveness in detecting COVID-19, pneumonia, and
normal cases at the global scale and for future pandemics,
as well.

5. Conclusion

In this work, we implemented various CNN models with
a transfer learning-based approach to classify COVID-19
and pneumonia from normal patients through chest X-rays.

This research article introduces several key innovations in
the training methodology that distinguish it from prior
works:

(1) Dynamic learning rate optimization. We developed a
novel dynamic learning rate scheduler that adaptively
identifies the optimal learning rate within carefully
set boundaries (10™* - 10°°). This approach mitigates
the risk of getting trapped in local minima, a common
challenge in neural network training.

(2) Layer-specific discriminative learning. This study
implemented a discriminative learning rate strategy,
applying different learning rates (ranging from 0.0001
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to 0.01) to various network layers. This nuanced
approach enhances both the low-level feature extraction
and high-level abstraction capabilities of the models.
One-cycle policy implementation. We integrated a one-
cycle training policy that dynamically adjusts learning
rates across epochs. This method has been shown to
significantly improve model convergence, stability,
and overall performance.

Comparative analysis of advanced architectures. While
individual CNN architectures have previously been
applied to COVID-19 detection, our study provides
a comprehensive comparison of EfficientNet, ResNet,
and SeResNext using these advanced training
strategies. This comparison offers valuable insights
into the relative strengths of these architectures for
this specific task.

Reproducibility and benchmarking. By using a
publicly available dataset and clearly documenting
our methodologies, we provide a robust benchmark
for future studies in medical image analysis, which
extends beyond the scope of COVID-19 detection.

3)

(5)

These methodological innovations collectively enhance
the robustness, accuracy, and generalizability of CNN
models for medical image analysis. While the immediate
application to COVID-19 may seem less pressing now, the
techniques we developed have broader implications for
improving deep learning approaches in medical imaging
across various conditions that might be very useful in our
fight against future pandemics.

Among the models implemented in the present study,
ResNet and DenseNet have achieved more than 94%
accuracy. This is far superior to the typical sensitivity of 70
- 80% for RT-PCR. Our results indicate that EfficientNet
is best at classifying normal images, and SeResNext is
best at classifying pneumonia. ResNet performs best for
classifying images pertaining to COVID-19. While the
accuracy of the present method is expected to get better
with increasing usage, which is an inherent feature of
artificial intelligence, there is no such chance for RT-PCR,
since this traditional method is not a smart protocol. The
model is able to learn the inherent features of pneumonia
and COVID-19 from a relatively small dataset. The
performance of the model can be improved further by
collecting data from diverse geographical regions. This will
also improve the generalizability of the model.

We strongly believe that this ML-aided diagnostic
protocol can help in detecting individuals suspected of
carrying infections with greater speed and accuracy, and
more importantly, it charts out the blueprint to rapidly
develop a new med-tech protocol for quick screening of
future pandemics. It is pertinent to point out here that

the decoupling of physical examination of the patient and
analytical pathology leads to an effective and modular
approach. This is likely to significantly enhance detection
speed, accuracy, and sensitivity, expected to form the
fundamental cornerstone that will be pivotal for an
extensive digital architecture to safeguard against many
future pandemics (to be elaborated in the follow-up article).
Furthermore, these models help in the early screening of
suspects in remote places in countries where the health
care providers as well as resources (such as RT-PCR kits
and CT scan machines) are limited.
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