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Abstract (1) Background: The COVID-19 pandemic is an unprecedented global challenge, having affected more
than 776.79 million people, with over 7.07 million deaths recorded since 2020. The application of Deep Learn-
ing (DL) in diagnosing COVID-19 through chest X-rays and computed tomography (CXR and CT) has proven
promising. While CNNs have been effective, models such as the Vision Transformer and Swin Transformer have
emerged as promising solutions in this field. (2) Methods: This study investigated the performance of models like
ResNet50, Vision Transformer, and Swin Transformer. We utilized Bayesian Optimization (BO) in the diagnosis
of COVID-19 in CXR and CT based on four distinct datasets: COVID-QU-Ex, HCV-UFPR-COVID-19, HUST-19,
and SARS-COV-2 Ct-Scan Dataset. We found that, although all tested models achieved commendable performance
metrics, the Swin Transformer stood out. Its unique architecture provided greater generalization power, especially
in cross-dataset evaluation (CDE) tasks, where it was trained on one dataset and tested on another. (3) Results:
Our approach aligns with state-of-the-art (SOTA) methods, even in complex tasks like CDE. On some datasets, we
achieved exceptional performance metrics, with AUC, Accuracy, Precision, Recall, and F1-Score values of 1. (4)
Conclusion: Results obtained by the Swin Transformer go beyond what is offered by current SOTA methods and
indicate actual feasibility for application in medical diagnostic scenarios. The robustness and generalization power
of the Swin Transformer, demonstrated across different datasets, encourage future exploration and adoption of this

approach in clinical settings.
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1 Introduction

The COVID-19 pandemic, as documented by the World
Health Organization [WHO, 2024], has resulted in over
776.79 million cases and 7.07 million fatalities globally by
November 2024, highlighting the critical need for rapid and
accurate diagnostic methods in managing highly contagious
diseases. The standard diagnostic method, RT-PCR [Cas-
tro et al., 2020], though reliable, is time-consuming, creat-
ing bottlenecks for timely patient management. While the
number of COVID-19 cases has decreased, the pandemic un-
derscored the importance of developing and maintaining ad-
vanced diagnostic technologies to prepare for future health
crises. Moreover, these innovations have broader applica-
tions in improving overall healthcare system efficiency. This
challenge extends beyond COVID-19 to other respiratory dis-
eases, emphasizing the ongoing need for faster, more effi-
cient diagnostic tools to optimize resource allocation and im-
prove patient outcomes across various health conditions.

Deep Learning (DL) models, particularly those based
on Convolutional Neural Networks (CNN), have shown
promise in expediting COVID-19 diagnosis using radio-
graphs, including X-rays and CT scans. However, these mod-
els often overlook the global context of the images, which is
crucial for accurate diagnostics [Hassan et al., 2022].

This study delves into the Swin Transformer model [Liu
et al., 2021], a recent innovation in DL that captures global

contextual information more effectively than conventional
CNN and Vision Transformers (ViT) [Dosovitskiy et al.,
2020]. This research’s potential is to assess whether the Swin
Transformer can surpass existing state-of-the-art DL models
in classifying X-ray images for the diagnosis of COVID-19,
mainly focusing on cross-dataset evaluation.

In pursuit of this goal, we will compare the performance
of the Swin Transformer against other leading models to val-
idate its effectiveness in this domain. Ultimately, this work
seeks to establish the Swin Transformer’s enhanced capa-
bility for cross-dataset generalization, which is essential for
real-world medical applications [Liu et al., 2017].

This study aims to provide insights into these models’
applicability and effectiveness by comparing them against
other state of the art deep learning models. It aims to pave the
way for enhanced diagnostic processes that integrate speed
with accuracy, which is crucial for managing pandemics ef-
fectively.

1.1 Justifying the Use of Computer Vision in
COVID-19 Diagnostics

Assessing the existence of COVID-19 by analyzing chest ra-
diographs is laborious and time-consuming. Computer vi-
sion models can significantly accelerate and automate this
crucial activity [Castro et al., 2020; Hassan et al., 2022]. In
the scenario brought about by the coronavirus pandemic, the
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rapid and accurate diagnosis is critical for the preservation of
lives and for containing community contagion [WHO, 2024].

However, the surge in suspected new cases of COVID-19
often leads to a rapid saturation of the analysis capacity of
radiologists [WHO, 2024]. These professionals, who tire-
lessly analyze each radiograph to determine whether the case
is COVID-19, could greatly benefit from a DL system trained
to assist the diagnosis of this disease. Such a system could
provide invaluable support [Hassan et al., 2022], potentially
revolutionizing how we approach COVID-19 diagnosis.

The ideal implementation would consist of a two-stage
process: the first stage involves classification using DL,
where the images are processed through the computer vi-
sion model for initial screening. Subsequently, in the second
stage, these results are validated by a senior specialist in ra-
diology [Hassan ef al., 2022; Liu et al., 2017]. This routine
has the potential to blend the pattern detection capabilities of
computer models with the specialized diagnostic expertise
of radiologists, thereby speeding up the diagnostic process
and enhancing the overall accuracy of COVID-19 diagnos-
tics [Ciresan et al., 2012].

According to [Liu et al., 2017], there have been significant
advances in the application of computer vision models in the
medical field. This inflection occurred in 2012, after the first
publications on using CNN in that same year [Ciresan ef al.,
2012].

According to [Lujan-Garcia et al., 2020], since 2012, sev-
eral studies have appeared that employ CNN models for im-
age classification tasks. Among the works we can men-
tion: VGG-16 [Geng ef al., 2019], Inception-v3 [Szegedy
et al., 2016], Residual Networks vl and v2 ResNetl and
ResNet2 [Jung and Chi, 2020] and [He ef al., 2016], Xcep-
tion Depth Separable Convolution Networks [Chollet, 2017],
Densely Connected Networks, DenseNet [Yao et al., 2020],
among others. These CNN-based models are often used to
implement systems for Computer Vision (CV) tasks and for
Computer-Aided Detection (CADe) and Computer-Aided
Diagnosis (CADx) [Bakator and Radosav, 2018].

The systematic review work by Hassan [Hassan et al.,
2022] specifically studied the use of CNN models for the
classification, detection, and segmentation of radiographic
images regarding the presence or absence of COVID-19. In
addition, he mapped datasets that were used in these works.
As for the classification task, it was pointed out that [Zhao
et al., 2020] obtained an AUC of 0.98, while [Castiglione
et al., 2021] obtained an accuracy of 0.999. These impres-
sive results were achieved using the SARS-COV-2 CT-Scan
dataset, which contains high-quality CT scans of COVID-19
positive and negative cases.

1.1.1 Use of ResNet in COVID-19 Diagnostics

The ResNet50 model was chosen from among the many
available CNNs in the present study due to a combination
of factors. Figure 1 shows the details of the ResNet architec-
ture. Firstly, ResNet50 is a deep CNN with fifty layers, rep-
resenting a significant evolution over previous models with
fewer layers, enabling it to capture more complex features
in the data. Consequently, it has the potential for superior
performance in image classification. A relevant aspect is
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ResNet50’s fundamental feature: the introduction of the con-
cept of residual connections, also known as “shortcuts” or
“skip connections”, which allows the model to effectively cir-
cumvent the “vanishing gradient” problem, facilitating learn-
ing and improving performance.

The ResNet architecture has also demonstrated excellent
results in various medical image classification problems, es-
tablishing itself as a reliable and solid choice for similar tasks.
Meedeniya et al. [2022] highlighted that this architecture is
most likely to be utilized by researchers who apply CNN
models to the current field of medical image research. Its
popularity means there is a broad research community with
abundant resources, tutorials, and code examples that can as-
sist in implementation and problem-solving.

1.1.2 Use of Vision Transformer in COVID-19 Diagnos-
tics

However, recently, a new technique has shown promise in
computer vision tasks: the Vision Transformer (ViT) [Doso-
vitskiy et al., 2020]. Details of the ViT architecture are
demonstrated in Figure 2. Although ViT is based on the
Transformer model created for Natural Language Processing
(NLP) tasks, as described by [Wolf et al., 2020], ViT has
shown promise for applications in the image domain.

In our literature review on the ViT model, we found that
several authors have demonstrated that the ViT model has the
potential to outperform CNN models in image classification
tasks for diagnosing COVID-19, among which the following
stand out: [Mehboob et al., 2022; Park et al., 2022b; Chetoui
and Akhloufi, 2022; Park et al., 2022a; Jiang et al., 2022;
Mondal et al., 2022; Konwer and Prasanna, 2022; Aytekin
et al., 2022; Krishnan and Krishnan, 2021; Zhang and Wen,
2021; Al Rahhal et al., 2022; Li et al., 2021; Dehkordi et al.,
2021; Than et al., 2021; Balderas et al., 2023; Khobragade
and Manthalkar, 2024].

1.1.3 Use of Swin Transformer in COVID-19 Diagnos-
tics

Even more recent than ViT is the Swin Transformer model
[Liu et al., 2021], a ViT variant. The Swin Transformer will
be used in the present work to conduct experiments on classi-
fying X-ray images to detect cases of COVID-19. This work
will also test this model’s ability to provide better ranking
performance metrics than the CNN and ViT models.

In light of the evolving landscape of DL models applied to
medical image classification, particularly in detecting and di-
agnosing COVID-19, this study aims to conduct an in-depth
comparative analysis of three distinct models: ResNet50,
ViT, and Swin Transformer. While the ResNet50 has been a
prevalent choice among researchers for its deep architectural
features and robustness in image classification, the emergent
ViT model has begun challenging the supremacy of CNN
in visual domains. Furthermore, the Swin Transformer, a
recent variant of ViT, has shown promise in delivering po-
tentially superior ranking performance metrics (architecture
details shown in Figures 3, 4, and 5). By comparing these
three models on common grounds, we intend to evaluate
their respective merits and limitations in classifying X-ray
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images for COVID-19 detection. This comparative assess-
ment will shed light on the effectiveness and adaptability
of these models, contributing valuable insights to the ongo-
ing pursuit of accurate and efficient medical image analysis
methodologies.

This article is organized as follows: Section 2 deals with
Materials and Methods where the research method is de-
scribed, explaining the process used to experiment in addi-
tion to carrying out a literature review on the subject; Sec-
tion 3 discusses the Results where the performance metrics
obtained by the employed model are listed, in general terms;
Section 4 brings off the Discussion on the topic from the re-
sults obtained and the comparison of these results with those
of the researched works in the literature review and that repre-
sent state of the art. Also, in this section, open problems and
directions for future research are presented. Finally, section
5 brings the Conclusion, that is, it is the finalization of the
article explaining what it was intended to do, what was done,
and what are the results obtained; limitations and threats re-
lated to the results obtained in the research work are also in-
dicated.

2 Materials and Methods

The ResNet architecture, introduced by He et al. [2016], is
characterized by “residual blocks”, which contain shortcuts
or skip connections that enable the gradient to be backprop-
agated to earlier layers. These shortcuts or residual connec-
tions alleviate the vanishing gradient problem, allowing in-
tense networks to be trained effectively. The critical element
of aresidual block is the “shortcut connection” that skips one
or more layers. Figure 1 illustrates the architecture of the
ResNet network. Residual networks have proven that net-
works can indeed benefit from being deeper. He et al. [2016]
successfully trained ResNets with up to 152 layers while im-
proving performance without increasing computational com-
plexity compared to shallower networks.

He et al. [2016] reports experimental results in several
benchmark competitions and image recognition challenges.
ResNets set record results in many of these challenges, attest-
ing to the effectiveness of their architecture. In the ImageNet
challenge, for instance, a 152-layer ResNet won the compe-
tition with a top-5 error rate of 3.57%, a record at the time.
This paper has significantly impacted DL and CNN, as the
ResNet architecture has become one of the primary choices
for many computer vision tasks. It paved the way for even
deeper networks and other shortcut connection architectures.

It has been shown that the ViT model can overcome a lim-
itation of CNN in computer vision applications that typically
require the integration of the global relationship between pix-
els. This overcoming is possible because the ViT architecture
[Vaswani et al., 2017] was proposed to model the short-range
and long-range dependency between pixels through the self-
attention mechanism. The ViT model achieved excellent re-
sults, comparable to the state-of-the-art in the image classifi-
cation task [Dosovitskiy et al., 2020].

The ViT model divides an input image into some patches
(squares of a grid or square portions of the input image), anal-
ogous to the word embedding sequence used when a Trans-
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former is applied to texts, typically known as NLP [Wolf
et al., 2020], and predicts the image class labels directly in
the output.

One of the premises for achieving DL models suitable for
use in practical applications is to have large volumes of data
for training and testing [Raghu et al., 2021], which is not
always possible, either for reasons of secrecy and sensitivity
information or other limitations. In the case of data from
the medical field, issues such as the protection of sensitive
personal data are involved, which often limits the availability
of this data for studies that are not restricted to researchers
from the institution that owns the data.

A technique widely used to overcome the problem of
a database shortage is Transfer Learning (TL), which con-
sists of using models trained in much larger databases and
even in other domains. When used in medical imaging, TL
can achieve higher predictive performance metrics, even on
small datasets, by leveraging previously acquired learning
on larger datasets. Along these lines, several authors have
already demonstrated that this technique obtains good prac-
tical results [Cha et al., 2021; Chouhan et al., 2020; Hashmi
et al., 2020; Jain et al., 2020; Liang and Zheng, 2020; Rah-
man et al., 2020; Lujan-Garcia et al., 2020].

Recently, the Swin Transformer [Liu et al., 2021] was pre-
sented (architecture shown in Figure 5). Itis a ViT-based DL
model with state-of-the-art performance for CV tasks. Un-
like the ViT [Dosovitskiy et al., 2020] that precedes it, the
Swin Transformer is highly efficient and has greater accu-
racy [Liu et al., 2021]. Due to these desirable properties, the
Swin Transformer can be the backbone of many CV model
architectures.

Swin Transformer solved the problems inherent to the orig-
inal ViT model using hierarchical feature maps and offset
window multi-head self-attention (MSA) [Liu et al., 2021].

In the present work, a Swin Transformer, a ViT, and a
ResNet50 models were implemented with the TL of the learn-
ing performed in the ImageNet-1K dataset [Liu et al., 2021].
The word Swin (in Swin Transformer) is an acronym that
stands for Shifted window (Figure 4). This hanging window
concept is not new to the research community. It has been
used in CNN for many years. One of CNN’s features made
it stand out in computer vision, as it brought excellent effi-
ciency. However, it had not yet been used in ViT. Figure
3 compares how the patches are segmented in the ViT and
Swin Transformer models.

Similar to the ViT model, Swin Transformer uses patches;
however, instead of using a fixed size, such as 16 x 16pz,
Swin Transformer starts with small patches (4 x 4px) on
the first Transformer layer and changes the size of patches
in deeper layers. The model merges these smaller layers into
more extensive layers as it delves deeper into the network
architecture. It takes an image and splits it into 4px by 4px
patches. Each patch is a color image with three channels in
Red, Green and Blue (RGB) patterns. Thus, a patch has a
total of 48 resource dimensions. Thatis 4 x 4 x 3 = 48. It
is then linearly transformed into a dimensionality called C,
of your choice. The image patches are smaller compared to
ViT up to this point. The value, C, determines the size of your
Transformer model. It should be noted that although ViT is
computationally more expensive than CNN when applied to



Comparative Evaluation of Deep Learning Models for Diagnosis of COVID-19 Using X-ray Images and Computed Tomography

large datasets, it tends to perform better than CNN models
[Dosovitskiy ef al., 2020; Tuli et al., 2021; Wei et al., 2022].
Another limitation of ViT is that its computational complex-
ity is quadratic to the image size or to the number of patches,
making it unsuitable for high-resolution images.

According to [Sun et al., 2022], in ViT, the Att(-) self-
attention module learns three weights: Wg, Wy, and Wy .
Based on these weights, x is projected into the query (Q),
key (K), and value (V). An attention matrix A is usually
computed by a similarity function S(-) over queries and
keys. In standard self-attention, S(-) is softmax normaliza-
tion. The outputs of the self-attention module are, hence,
O = Att(z) = AV, where A € RY¥*N gsuffers from a
space-time quadratic complexity concerning the patch num-
ber N. Therefore, in this case, the theoretical computation

complexity is O(N3d) = O (H ;ZV2 d). Consequently, the
self-attention module becomes sensitive to the image size,
suffering from the increase in height (H) and width (W) and
the patch size p. Thus, the quadratic complexity of the ViT
model is, by definition, its main computational bottleneck.

The approach employed by Swin Transformer is known
as shifted window [Liu et al., 2021]. It consists of comput-
ing self-attention within local windows instead of computing
within a global receptive field, as ViT does. An offset win-
dow contains non-overlapping patches of M x M (where M
= 7 is the window size), and self-attention is calculated on
that window. Figure 4 illustrates how the shifted window
technique operates.

As a result, the computational complexity of the original
ViT Multi-Head Self-Attention (MSA), which is quadratic
for the patch number and H x W, drops dramatically for
the Swin Transformer case because the W-MSA based on
the Swin Transformer window is linear. Comparatively, the
equation for the ViT is Q(MSA) = 4hwC? + 2(hw)?C,
while for the Swin Transformer is Q(W-MSA) = 4hwC? +
2M?2hwC. The equations demonstrate that the computa-
tional cost of the Swin Transformer is much lower. The MSA
represents the ViT self-attention mechanism in the equations,
while the (W-MSA) Window Multi-Head Self-Attention rep-
resents the Swin Transformer.

As can be seen, the Swin Transformer model adds a lin-
ear computational complexity to the size of the input im-
age. It calculates self-attention only within the local win-
dow, not globally, as with the ViT model. This feature al-
lows the model to perform dense recognition tasks and is
used for more general-purpose computer vision tasks with
larger color images.

In Swin Transformer, the output of a layer is merged by
a Merging Layer, which concatenates the vectors of patch
groups from the neighborhoods in the image each time the
attention window changes from the previous layer. For ex-
ample, if attention is limited to the neighborhood of these re-
gions in the first layer, regions are shifted (as in the stridden
convolution) in the next layer.

Patches that arrived in separate windows on the first layer
and could not communicate can do so on layer two. The
blend layer blends these resulting patches. This process is
repeated depending on the number of layers chosen.

In our work, we used the tiny version of Swin Transformer

Ferraz & Betini, 2025

(Swin Transfomer Tiny also known as SwinT). The model
starts by splitting the input RGB image into non-overlapping
patches, such as ViT. Each patch is treated as a “token”, and
its resource is defined as a concatenation of the RGB values
of the originating pixel.

In summary, Swin Transformer integrates CNN’s charac-
teristic advantages in CV with the efficient and robust archi-
tecture of ViT, as highlighted by [Liu et al., 2021]. This is
achieved because the hierarchical representation can achieve
scale invariance, and the shifted windows approach can effi-
ciently transmit information within the local window. The
Merging Layer is in charge of integrating the global informa-
tion of the pixels.

2.1 Literature Review

In our literature review, we selected 33 papers (shown in Ta-
ble 1) where it was evident that the CNN, ViT, and SwinT
models applied to the binary classification of COVID-19 and
NORMAL showed promising results in terms of the absolute
values of the performance metrics obtained. However, direct
comparisons between models and even outcomes from the
same model should be cautiously approached. The nuances
of the datasets used in each study and differences in approach
and network architectures are limitations that prevent metric-
to-metric comparison from definitively determining if one
model is superior to another.

CNN models yielded promising results, achieving high ac-
curacy and precision despite discrepancies in the findings
across various studies. The performance variation among
CNN models can be attributed to differences in model ar-
chitectures, data preprocessing techniques, and the datasets
used.

The ViT and SwinT models were also examined. Some
studies reported favorable outcomes, though not all provided
comprehensive details on every metric evaluated. Due to the
inconsistent performance metrics available across the stud-
ies, it is not feasible to directly compare CNN and ViT mod-
els.

From the literature reviewed, performance metrics docu-
mented for CNN models typically emphasized accuracy, fo-
cusing less on AUC and recall (Sensitivity). This trend is also
evident in research concerning ViT models, although some
studies have slightly increased focus on AUC and Sensitiv-
ity. The same pattern is observed in studies on the SwinT
model, with a more pronounced emphasis on AUC and Sen-
sitivity in some research.

In summary, all three models demonstrate potential for bi-
nary classification, but there’s a need for standardized and
more detailed information on performance metrics for proper
comparison. It’s vital to consider the variation in outcomes
across studies and to conduct additional research to confirm
and compare the models’ efficacy on different datasets.

With this observation in mind, experiments in this study
aimed to explore the most suitable model for medical image
classification. Therefore, the same datasets and execution
conditions were adopted to ensure a fair evaluation as much
as possible.
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2.2 Datasets

Regarding the dataset, nine were used: four unique datasets,
five datasets generated from the CDE strategy, and a combi-
nation of X-ray and CT datasets (hybrid or mixing approach).

The first dataset used was the COVID-QU-EX Dataset,
employed initially in Raman et al. [2021] and enhanced by
Ning et al. [2020]. It is accessible on Kaggle. A team of
researchers from the University of Qatar in Doha, Qatar, cre-
ated this dataset. Researchers compiled a database of CXR
images for positive COVID-19 cases and images of regular
and viral pneumonia. We utilized 33,920 images from this
dataset, including 11,956 COVID-19 images, 11,263 non-
COVID-19 pneumonia images (not used in this study), and
10,701 healthy lung images.

The second dataset was the HCV-UFPR-COVID-19
dataset Luz et al. [2021], comprising 281 X-ray images from
COVID-19-infected individuals and 232 images from indi-
viduals who tested negative for the disease. All images
have three 8-bit color channels (RGB), and their resolution
varies from 2974 x 2612 to 4248 x 3480 pixels. Images
are labeled into two classes, COVID-19 and non-COVID,
and there are no annotations regarding the image angle view.
The HCV-UFPR-COVID-19 X-ray dataset is made available
to researchers upon request on a case-by-case basis. This
dataset was created by the Red Cross Hospital, which re-
ceived and documented some COVID-19 cases, in collabo-
ration with the Federal University of Parana (UFPR), both
located in Curitiba, Parana, Brazil.

The third dataset was a Brazilian SARS-COV2 CT dataset
Mehboob ef al. [2022], accessible on Kaggle. The SARS CT
dataset consists of 2,481 CT scans from 120 patients, includ-
ing 1,252 CT scans from 60 infected patients (COVID) and
1,229 CT scans from 60 non-infected patients (non-COVID).
The data was collected from actual patients in Sdo Paulo,
Brazil hospitals. The CT images vary in size, with the small-
est image being 104x153 and the most prominent image be-
ing 484x416. The dataset contains heterogeneous CT images
with a low number of instances. In CT images, an instance
refers to a single image acquired during the CT scan. Addi-
tionally, the CT images have different contrasts and resolu-
tions.

The fourth dataset was the HUST-19 dataset, utilized in
Ning et al. [2020] and available on the National Genomics
Data Center website. This database consists of 4,001 pos-
itive CT slices (pCT) and 9,979 negative CT slices (nCT),
randomly selected from 61 patients with COVID-19 pneu-
monia and 43 patients without pneumonia.

In addition to the four original datasets, we created two
more by mixing the four datasets, as shown in Table 2. This
strategy evaluated the models in a scenario with mixed data
containing X-ray and CT images.

Additionally, we applied the CDE strategy between the X-
ray datasets, between those composed of CT scans, and fi-
nally, between the hybrid datasets, resulting in three more
datasets. This approach assessed whether the models could
effectively generalize the information in X-ray, CT, and both
simultaneously.

It is important to note that we worked with two classes
(binary classification) for all nine datasets used.
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2.2.1 Dataset Partitioning Strategy

Proper dataset partitioning into training, validation, and test
sets is essential for developing robust DL models. This pro-
cess helps prevent overfitting, ensures realistic performance
evaluation, and enables practical hyperparameter tuning. We
adopted the following partitioning strategies:

* Training Set (60-70%): This most significant portion
is used to train the model, adjusting its internal parame-
ters based on the data.

+ Validation Set (15-20%): This set is utilized to tune
model hyperparameters and to mitigate overfitting dur-
ing the training process, thereby providing essential
feedback on model performance.

» Test Set (15-20%): This set is reserved to assess
the model’s final performance after adjustments during
training and validation, ensuring its effectiveness on un-
seen data.

Experimenting with dataset partitioning ratios of 70/15/15
and 60/20/20 enables identifying the optimal balance be-
tween training depth and model generalization. The 70/15/15
strategy increases training data, potentially enhancing learn-
ing. The 60/20/20 arrangement offers a more extensive val-
idation set, allowing rigorous tuning and validation across
unseen data.

Validations used 5-fold cross-validation within the vali-
dation set to comprehensively assess performance robust-
ness. This approach ensures representative partitions and
minimizes bias for reliable metrics. Repeated training with
random splits further verifies model consistency and robust-
ness, essential for developing high-performing, reliable mod-
els.

To further optimize the model, Bayesian optimization was
employed in conjunction with the 5-fold cross-validation
strategy. Bayesian optimization is a powerful technique for
efficiently tuning hyperparameters by modeling the objective
function with a Gaussian process and adaptively selecting the
next hyperparameter configuration to evaluate based on an
acquisition function. This Bayesian optimization approach
was executed individually for the ResNet, ViT, and SwinT
models, helping identify the ideal hyperparameter settings to
maximize performance and ensure robust generalization.

2.2.2 Justification for the Cross Dataset Evaluation
Data Partitioning Strategy

This data partitioning strategy was carefully designed to as-
sess the generalization ability of the models in a challeng-
ing scenario, where the training and validation sets consist of
completely distinct data and originate from different datasets
compared to the test set. Furthermore, it was ensured that
X-ray and computed tomography images were handled sep-
arately, without any mixing between them, considering that
these types of exams have substantially different characteris-
tics and information sets.

Specifically, smaller datasets, such as HCV-UFPR-
COVID-19 and SARS-COV2 CT, were exclusively allo-
cated to the test set, while larger datasets were used for train-
ing and validation. This approach was grounded in the need
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to simulate an environment where the models would be eval-
uated on data that is not only unseen but also significantly
different from the data used during training and validation.
This strategy aims to ensure that the model is tested under
conditions that closely resemble a real-world production en-
vironment.

For example, smaller patient datasets such as HCV-UFPR-
COVID-19 and SARS-COV2 CT were exclusively allocated
to the test set due to their distinct characteristics and size, en-
suring that the model is evaluated on data that is both unseen
and significantly different from the training and validation
data (see Tables 3, 4, 5, 6, 7, and 8). This approach also en-
sures that X-ray and computed tomography images are han-
dled separately, avoiding any mixing between them given
their substantially different data characteristics.

Similarly, the DSHybrid1 dataset was utilized for training
and validation, while DSHybrid2 was reserved solely for test-
ing. This patient-wise and modality-specific split was care-
fully designed to prevent any cross-contamination between
the training/validation and testing phases, ensuring a rigor-
ous evaluation of the model’s generalization capabilities un-
der realistic and challenging conditions.

The rigorous separation between datasets was designed to
reflect practical scenarios where, in the inference stage dur-
ing production, the model frequently encounters data with
characteristics distinct from those seen during its develop-
ment. This evaluation in an adverse scenario enables a more
reliable estimation of the model’s robustness and generaliza-
tion capabilities, which are critical aspects for its viability in
real-world applications.

Additionally, by using smaller and more specific datasets
for testing, we ensure that:

* The evaluation is not influenced by dominant data
in training: The separation of datasets preserves
the necessary independence between the development
(training/validation) and evaluation (testing) phases,
avoiding the dominance of characteristics from larger
datasets in the model’s performance.

* The model is exposed to varied and challenging sce-
narios: Smaller datasets often possess unique charac-
teristics, representing challenging and complementary
scenarios. This provides a more realistic and robust met-
ric for its generalization ability.

* The risk of overfitting is minimized: As the test
datasets do not participate in any stage of the model ad-
justment process, the results solely reflect the model’s
generalization capability rather than memorization of
specific patterns.

This methodology reflects one of the objectives of the
study: to verify whether the model can sustain good perfor-
mance under adverse and realistic conditions, which is a cru-
cial indicator of its reliability and effectiveness in produc-
tion environments. We acknowledge that the use of smaller
datasets for testing may limit the statistical analysis due to
the reduced sample size. However, the selection of these
datasets was motivated by their relevance and diversity, pro-
viding a robust evaluation of the model’s ability to handle
challenging scenarios.
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2.3 Performance Metrics

To evaluate our models, particularly in the context of medical
image classification, we employed a set of performance met-
rics that captured various aspects of model effectiveness. To
facilitate understanding, Figure 6 provides an intuitive sum-
mary of these performance metrics. These performance met-
rics include:

* Accuracy: Defined as the ratio of correctly predicted
observations to the total observations:

TP+TN
TP+TN+FP+FN

Accuracy =

* Precision (Positive Predictive Value): Measures the
proportion of actual positives among predicted posi-

tives:
TP

TP+ FP
* Recall (Sensitivity or True Positive Rate): Indicates
the model’s ability to identify all actual positives:

TP
TP+ FN

Precision =

Recall =

* F1-Score: The harmonic mean of precision and recall,
useful for cases where an equal balance of precision and
recall is crucial:

Precision x Recall

=2 —
Precision + Recall

* Area Under the ROC Curve (AUC-ROC): Evaluates
the model’s discrimination capability, with a value be-
tween 0.5 (no discriminative power) and 1.0 (perfect dis-
crimination).

2.4 Hyperparameter Tuning

Hyperparameter optimization plays a pivotal role in enhanc-
ing the performance of machine learning models. Akiba
et al. [2019] introduces Optuna, an advanced hyperparame-
ter optimization framework based on a “define-by-run” strat-
egy. This approach adapts dynamically to different computa-
tional environments, from large distributed systems to local-
ized experimental setups, and incorporates innovative search
and pruning mechanisms to explore the parameter space ef-
ficiently. This flexibility and efficiency make Optuna partic-
ularly effective, signifying a major shift in how hyperparam-
eter tuning is approached in the field.

Further research by Shekhar et al. [2021], examines the ef-
ficacy of various hyperparameter optimization libraries, such
as Optuna, HyperOpt, Optunity, and SMAC, across six real-
world datasets. Their study underscores Optuna’s superior
performance in selecting algorithms and tuning parameters,
although it also notes the need for a clearer rationale behind
the choice of tools and more detailed insights into method-
ological approaches and performance trade-offs.

In a related study, Hamza er al. [2022] demonstrates
the application of Bayesian optimization with deep convo-
lutional neural networks (DCNNs) for detecting COVID-
19 from chest X-ray images. By enhancing image con-
trast and employing pre-trained models like EfficientNet-B0
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and MobileNet-V2, the researchers achieved an impressive
99.4% accuracy across three public datasets. Despite these
advancements, the study highlights the necessity of further
evaluations regarding model robustness, computational effi-
ciency, and ethical considerations in Al applications.

Our experiments employed models such as ResNet50,
ViT, and SwinT, optimized using the Optuna library to sig-
nificantly improve performance metrics like AUC, accu-
racy, precision, sensitivity, and Fl-score. We conducted
experiments using two distinct data partitioning strategies,
70/15/15 and 60/20/20, to determine the optimal balance be-
tween training set size and generalization capabilities. This
extensive testing, performed on a robust hardware setup fea-
turing high-performance GPUs and CPUs, confirms the crit-
ical impact of optimized hyperparameters on the efficacy of
DL models in various practical applications.

The analysis of the standard deviation differences between
the 70/15/15 and 60/20/20 splits reveals that the 70/15/15
split generally provides more consistency, particularly when
using the Adaptive Moment Estimation (Adam) optimizer, as
seen in lower standard deviations for metrics like AUC, ac-
curacy, precision, and recall. In contrast, for the Stochastic
Gradient Descent (SGD) optimizer, the 60/20/20 split shows
greater consistency in precision and F1-Score. These results
suggest that while Adam performs more consistently in the
70/15/15 split, SGD benefits from the 60/20/20 split in spe-
cific metrics, indicating that the choice of split and optimizer
can influence the model’s stability.

2.4.1 Justification for Comparing Adam and SGD Op-
timizers

The decision to compare Adam and SGD optimizers in our
study is rooted in the fundamental differences in their opti-
mization approaches, which significantly impact model train-
ing, convergence, and generalization capabilities. This com-
parison is essential for understanding the optimal optimizer
choice for various machine learning tasks.

1. Different Optimization Behaviors: Adam combines
advantages from AdaGrad and RMSProp optimizers,
adapting the learning rate for each parameter, which
facilitates quicker convergence in scenarios involving
large-scale data and sparse gradients. Conversely, SGD
maintains a uniform learning rate and is known for its
simplicity and reliability in numerous settings.

2. Impact on Model Training and Generalization: Re-
search such as by Wilson et al. [2018] suggests that
while adaptive methods like Adam can accelerate the
initial phase of learning, they might underperform in
terms of generalization compared to SGD under certain
conditions. This makes it crucial to analyze both opti-
mizers to identify the most suitable one based on the
specific requirements of the dataset and model architec-
ture.

3. Hyperparameter Sensitivity: Both optimizers are sen-
sitive to their hyperparameter settings, which influences
their performance significantly. Evaluating both within
the same experimental framework allows us to under-
stand this sensitivity better and optimize the hyperpa-
rameters effectively.
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4. Robustness Across Various Architectures: Differ-
ent neural network architectures may benefit differently
from each optimizer. For instance, architectures prone
to overfitting might benefit from SGD’s inherent noise,
helping them escape local minima, while Adam might
be better suited for models requiring fast convergence.

5. Comprehensive Evaluation Strategy: Including a
comparative analysis of Adam and SGD helps in estab-
lishing a robust evaluation strategy, informing the selec-
tion process for the optimizer that best suits the model’s
needs. This approach enhances the reliability and per-
formance of the models in diverse operational environ-
ments.

In conclusion, our comprehensive comparative analysis
of Adam and SGD is aimed at elucidating their respective
impacts on the performance across different models and
datasets, thereby facilitating an informed choice of the op-
timizer that enhances model efficacy and robustness in prac-
tical applications.

2.5 Experimental Setup
2.5.1 Hardware Configuration

The primary hardware used for the experiments included a
Dell Alienware m15 R7 laptop equipped with an Intel Core
17 12700H CPU, 16 GB RAM, an NVIDIA RTX 3070 GPU
with 8GB VRAM, and 1 TB SSD. For tasks requiring addi-
tional memory capacity, such as Bayesian Optimization, a
desktop computer was used, featuring an AMD A10-7850K
CPU, 16GB RAM, an NVIDIA RTX 3060 GPU with 12 GB
VRAM, and a 500 GB hard drive.

2.5.2 Model Implementation and Optimization

Our experiments utilized three advanced machine learning
models: ResNet50, ViT, and Swin Transformer (SwinT),
all implemented using PyTorch 1.12.1 PyTorch [2023]. We
leveraged TL by utilizing the pre-trained weights from the
ImageNet-1K dataset ImageNetlk [2017] to enhance initial
model performance. Furthermore, we used Bayesian opti-
mization through the Optuna library Akiba et al. [2019] to
fine-tune the hyperparameters, resulting in significant im-
provements across various performance metrics, including
AUC, Accuracy, Precision, Sensitivity, and F1-Score.

2.5.3 Data and Methodology

Our research encompassed nine datasets, consisting of four
original sets and five derivatives, as detailed in Table 2.
The optimized hyperparameters are outlined in Table 9. We
experimented with two distinct data partitioning strategies
(70/15/15 and 60/20/20) to determine the most effective train-
ing and validation balance. Optimization strategies included
the Adam and SGD techniques. In total, we conducted
135 unique experimental runs, compiling a comprehensive
dataset of 675 metric evaluations.
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3 Results

To assess the effectiveness of our models, we utilized a com-
prehensive set of performance metrics, including weighted
average accuracy, precision, recall, F1-score, and AUC. In
medical diagnostics, recall becomes a crucial metric because
it measures the model’s ability to identify all positive in-
stances correctly. High recall is essential in clinical settings
as failing to detect conditions like diseases could have dire
consequences. Thus, enhancing recall is often prioritized to
ensure that few to no positive cases go undetected.

3.1 Performance Analysis with Adam Opti-
mizer using 70/15/15 Split Dataset

3.1.1 Model Evaluation Across Datasets

We evaluated three advanced models, Swin Transformer
(SwinT), CNN, and ViT, across multiple datasets, utilizing
a 70/15/15 split dataset. The performance metrics, including
AUC, accuracy, precision, recall, and F1-score are summa-
rized in Table 10.

Detailed Dataset Performance

* CDE Hybrid1&2: SwinT demonstrated superior per-
formance with AUC and accuracy at 0.74 and balanced
performance metrics at 0.75. In contrast, CNN and ViT
showed lower performance.

* CDE TC: CNN achieved the highest AUC at 0.78 but
with lower accuracy at 0.62. SwinT and ViT both
recorded an AUC of 0.75.

* CDE X-Ray: SwinT outperformed others with an AUC
of 0.5 and higher precision and recall values.

* COVID-QU-Ex and DSHybridl: Both SwinT and
CNN achieved nearly perfect scores, with ViT also per-
forming robustly.

*« HCV-UFPR-COVID-19: SwinT excelled with an
AUC of 0.94, significantly higher than CNN and ViT.

Comprehensive Insights Results underscore SwinT’s ro-
bust performance, establishing it as a potent tool for medical
image analysis. CNN shows promise in specific conditions
but generally falls short of SwinT and ViT in balanced per-
formance. Figures 7, 8, and 9 display ROC curves and confu-
sion matrices for these models, providing visual support for
the performance metrics discussed.

3.2 Performance Analysis with SGD Opti-
mizer Using 70/15/15 Split Dataset

3.2.1 Model Evaluation Across Datasets

Using the SGD optimizer, the models were assessed across
similar datasets with the same partition strategy. The perfor-
mance metrics including AUC, accuracy, precision, recall,
and F1-score are summarized in Table 11.
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Detailed Dataset Performance

* CDE Hybrid1&2: SwinT and ViT both showed con-
sistent performance with an AUC of 0.71. The CNN
model lagged slightly with an AUC of 0.67.

* CDE TC: CNN led with an AUC of 0.77, although with
a lower accuracy. SwinT and ViT achieved competitive
but balanced performance metrics.

* CDE X-Ray: SwinT and ViT each had an AUC of
0.5, indicating poor predictive performance. However,
these models showed slightly better results compared to
the other techniques evaluated.

* COVID-QU-Ex: All models demonstrated exceptional
performance, achieving AUC and other metrics above
0.97.

* DSHybridl: SwinT displayed superior performance
with nearly perfect scores across all performance met-
rics.

* HCV-UFPR-COVID-19: SwinT and ViT performed
well, with SwinT slightly outperforming ViT.

Comprehensive Insights These findings confirm the effi-
cacy of the SGD optimizer, with SwinT consistently show-
ing high performance across most performance metrics and
datasets, suggesting its effectiveness for complex medical
imaging tasks. Figures 10, 11, and 12 show the performance
metrics obtained using SGD optimization, Adam optimiza-
tion, and without optimization.

3.3 Summary of Findings with 70/15/15 Split
Dataset

Across both Adam and SGD optimizers with a 70/15/15 split,
SwinT frequently emerged as the leading model, particularly
in challenging datasets. This consistency highlights its suit-
ability for high-stakes applications such as medical diagnos-
tics. CNN and ViT also showed commendable performances
but were generally outpaced by SwinT regarding overall re-
call and F1-Score.

3.4 Performance Analysis with Adam Opti-
mizer Using 60/20/20 Split Dataset

3.4.1 Model Evaluation Across Datasets

SwinT, CNN, and ViT’s performance was evaluated across
multiple datasets with a partitioning strategy of 60/20/20 for
training, validation, and testing respectively. The perfor-
mance metrics, including AUC, accuracy, precision, recall,
and F1-score, are detailed in Table 12.

Detailed Dataset Performance

* CDE Hybrid1&2: SwinT maintained superior per-
formance with an AUC of 0.74, similarly demonstrat-
ing higher accuracy and balanced performance metrics.
CNN and ViT presented lower performance metrics,
aligning with their results under the 70/15/15 split.

* CDE TC: The CNN model excelled with the highest
AUC of 0.78, surpassing SwinT and ViT, which both
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reported an AUC of 0.75. This underscores CNN’s
strength in this particular dataset.

« CDE X-Ray: CDE X-Ray: SwinT demonstrated
poor predictive performance with an AUC of 0.5 but
achieved slightly better precision and recall metrics
compared to the other models.

+ COVID-QU-Ex and DSHybridl: Both SwinT and
CNN almost reached perfect performance metrics, with
ViT also showing robust outcomes, especially in preci-
sion and recall.

* HCV-UFPR-COVID-19: SwinT was notably effective
with an AUC of 0.94, proving its applicability in highly
specialized medical datasets.

Comprehensive Insights The extended validation set in
the 60/20/20 split allowed for more nuanced tuning and
testing, reinforcing the robustness of SwinT across datasets.
This setup confirmed SwinT’s consistent performance, with
CNN and ViT showing varying degrees of efficacy depend-
ing on the dataset. Figures 10, 11, and 12 show the perfor-
mance metrics obtained using SGD optimization, Adam op-
timization, and without optimization.

3.5 Performance Analysis with SGD Opti-
mizer Using 60/20/20 Split Dataset

3.5.1 Model Evaluation Across Datasets

Using the SGD optimizer, we further assessed the models
across the same datasets but with a 60/20/20 split dataset,
focusing on how the different partitioning affected perfor-
mance metrics. The performance metrics, including AUC,
accuracy, precision, recall, and F1-score, are detailed in Ta-
ble 13.

Detailed Dataset Performance

* CDE Hybrid1&2: Both SwinT and ViT achieved con-
sistent results with AUCs of 0.71, while CNN slightly
lagged with an AUC of 0.67.

* CDE TC: The CNN model showcased its capabil-
ity with the highest AUC of 0.77, displaying strong
precision and F1-score performance metrics, although
SwinT and ViT were not far behind.

* CDE X-Ray: SwinT and ViT matched each other with
an AUC of 0.5, reflecting poor predictive performance
across this challenging dataset. Nonetheless, they per-
formed slightly better than the other techniques.

* COVID-QU-Ex: All models excelled, demonstrat-
ing their effectiveness in diagnosing COVID-related
anomalies with AUCs nearing perfection.

* DSHybridl: SwinT continued its dominance with
nearly perfect scores, while CNN and ViT also per-
formed admirably, showing high AUC and balanced
performance metrics.

* HCV-UFPR-COVID-19: SwinT outperformed other
models with a higher AUC, validating its superior im-
age analysis capabilities.
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Comprehensive Insights This analysis confirms the bene-
fits of the 60/20/20 split in providing a larger validation set
that enhances model tuning and validation, particularly ben-
efitting the CNN in certain datasets. SwinT remains consis-
tently strong, affirming its robustness and reliability. Fig-
ures 10, 11, and 12 show the performance metrics obtained
using SGD optimization, Adam optimization, and without
optimization.

3.6 Summary of Findings with 60/20/20 Split
Dataset

The 60/20/20 split facilitated rigorous model validation,
allowing SwinT to consistently demonstrate superior per-
formance, while CNN showed improvements in specific
datasets when compared to the 70/15/15 split. ViT’s perfor-
mance remained strong but less consistent, highlighting the
impact of data partitioning strategies on model efficacy. Fu-
ture research should explore the scalability of these findings
across larger, more diverse datasets and consider integrating
multimodal data to further enhance diagnostic accuracy.

3.7 Comparative Analysis of Datasets, Opti-
mizers, and Split Datasets

3.7.1 Comparative Overview

This analysis synthesizes findings across various datasets,
optimizers (Adam and SGD), and data partitioning strategies
(70/15/15 and 60/20/20). The aim is to delineate the influ-
ence of these variables on model performance and identify
optimal configurations for specific types of data.

Impact of Datasets The performance variance across dif-
ferent datasets highlights the adaptability of models like
SwinT, which consistently showed superior performance
metrics, particularly in medically oriented datasets such as
HCV-UFPR-COVID-19 and COVID-QU-Ex. CNN tended
to excel in more structured datasets like CDE TC, while ViT
showed fluctuating but generally robust performance across
broader datasets.

It is worth noting that regarding the CDE X-ray dataset,
the models were trained and validated on the COVID-QU-
Ex dataset and tested on the HCV-UFPR-COVID-19. The
possible reasons for the poor results (AUC around 0.5) ob-
tained in the CDE X-ray dataset by all models may be:

+ Differences in Images: It is important to note that the
two datasets may present significant differences in the
images. These variations may be related to the quality
of imaging equipment used to capture the radiological
exams. For example, different X-ray machines can pro-
duce images with distinct characteristics, such as res-
olution, contrast, and artifacts. These differences can
affect the models’ ability to generalize correctly.

* Variation in Patients: Moreover, the variation in pa-
tients examined in the images is crucial. Radiological
characteristics can vary significantly with disease pro-
gression. For instance, a patient in the early stage of
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COVID-19 may present different opacity patterns com-
pared to a patient in an advanced stage. This diversity
in patients can introduce noise into the data and compli-
cate the classification task.

+ Distinct Features: The combination of differences in
images and patient characteristics can lead to very dis-
tinct features in the datasets. Models trained on COVID-
QU-Ex may have learned to recognize specific patterns
in that set, but these patterns may not directly apply to
CDE X-ray. As a result, the models may not be able to
generalize well to the new dataset.

Optimizer Influence Comparing the Adam and SGD op-
timizers, Adam consistently facilitated better performance
in terms of AUC and balanced performance metrics, partic-
ularly with the SwinT model. The usage of SGD showed
slightly less consistency but provided valuable insights into
model robustness and efficiency under different optimization
pressures.

Data Set Split Configurations The 70/15/15 split proved
effective for a general assessment of model capabilities, par-
ticularly benefiting the SwinT and ViT models with higher
overall performance metrics. Offering a larger validation set,
the 60/20/20 split proved advantageous for nuanced model
tuning and showed particular benefits for the CNN model.
This suggests that more extensive validation phases might be
conducive to optimizing models that initially display lower
performance metrics. We synthesized the results using ta-
bles from performance metrics (AUC, Accuracy, Precision,
Recall, F1-Score) compiled in five tables (Tables 10, 11, 12,
13) representing 675 aggregated metric values.

3.8 Statistical Analysis of the Results

3.8.1 Exploratory Analysis of the Aggregated Perfor-

mance of Models

Figures 14 to 17 present radar and bar charts comparing per-
formance metrics, including AUC, accuracy, precision, re-
call, and F1-Score, across different models. These visual-
izations provide valuable insights into the aggregated perfor-
mance of the analyzed architectures.

The radar charts (Figures 14 and 15) show that SwinT mod-
els consistently achieved high median values across most
metrics, particularly in precision and recall, standing out as
the most balanced architecture among those evaluated. The
bar chart (Figure 16) corroborates these findings, highlight-
ing the overall superior performance of SwinT compared to
CNN and ViT models. However, in terms of AUC, CNN
models demonstrated a slight advantage, as shown.

The percentage difference chart (Figure 17) highlights the
significant advantage of SwinT models over ViT models in
metrics such as precision and recall, surpassing 80% in some
cases. CNN models also outperformed ViT models in most
metrics, albeit with smaller margins. These results empha-
size SwinT’s robustness for tasks requiring high precision
and recall, while CNN models proved to be particularly ef-
fective in tasks prioritizing AUC.
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Our statistical analysis aimed to compare model perfor-
mances across different split datasets, optimization strate-
gies, and optimizer types.

Initially, the Shapiro-Wilk Test indicated a non-normal dis-
tribution for most data (Figure 18), prompting the use of non-
parametric tests, specifically the Friedman Test, alongside
parametric Paired Samples T-Tests where appropriate. The
Friedman Test results (Table 14) revealed statistically signif-
icant differences across models and strategies, confirmed by
pairwise comparisons using the Durbin-Conover method.

The analyses, supported by heatmaps (Figures 10 to 13),
indicated that the SwinT model consistently outperformed
the other models across most datasets and performance met-
rics, particularly excelling in settings where traditional CNN
showed limitations. Detailed results from each dataset high-
light the Swin Transformer’s robustness across varying con-
ditions and its effectiveness in handling complex image clas-
sifications like those required in medical diagnostics.

3.8.2 Descriptive Analysis of Model Performance

The analyzed models were evaluated on five performance
metrics: Accuracy, AUC, F1-Score, Precision, and Recall,
using descriptive statistics from Figures 18 to 23. Below, we
present a concise summary of the main results:

* The SwinT models demonstrated the most consistent
and superior performance across the majority of an-
alyzed metrics. Models configured with the Adam
and SGD optimizers, such as SwinT-DS701515-Adam
(I) and SwinT-DS602020-SGD (L), achieved the high-
est means and medians in Accuracy, F1-Score, Preci-
sion, and Recall. Additionally, the SwinT architecture
showed robustness even in the absence of optimizers, as
evidenced by the SwinT-DS701515-No Optimizer (H)
model. However, the improvements provided by op-
timization strategies were significant. It is worth not-
ing that in terms of AUC, SwinT models were not the
best, with a mean 0f 0.8516 compared to 0.852 for CNN
models, but they were well ahead of ViT models, which
achieved 0.809.

* The CNN models, especially those optimized with
Adam (CNN-DS701515-Adam (D) and CNN-
DS602020-Adam (F)), also delivered competitive
performance, with consistent results in AUC, Ac-
curacy, and Precision. Nevertheless, these models
consistently lagged behind SwinT models in terms of
stability and overall performance. Conversely, CNN
models configured with SGD or without optimizers
exhibited greater variability and lower performance.

* The VIiT architecture exhibited greater variability in
its results, with mixed performance across metrics.
Models optimized with SGD (ViT-DS701515-SGD (O)
and ViT-DS602020-SGD (Q)) outperformed those op-
timized with Adam, excelling in metrics such as F1-
Score, Precision, and Recall, yet still falling short of
the optimized SwinT and CNN models. The absence of
optimization in ViT models (ViT-DS701515-No Opti-
mizer (M)) resulted in significantly lower performance,
underscoring the importance of optimization strategies
for this architecture.
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* Overall, the Adam and SGD optimizers were pivotal in
achieving high model performance across all metrics,
with Adam being particularly effective for CNN and
SwinT architectures, while SGD demonstrated greater
impact on ViT and SwinT models. The absence of opti-
mization proved detrimental in almost all architectures,
except for SwinT, which displayed a degree of robust-
ness even in scenarios without advanced optimization.

4 Discussion

This study has effectively evaluated the performance of ad-
vanced DL models: CNN, SwinT, and ViT, across various
configurations. Through extensive statistical analysis and
visual data representation via heatmaps (see Figures 10 to
13), the SwinT has demonstrated consistently superior per-
formance across key performance metrics such as AUC, ac-
curacy, precision, recall, and F1-score.

Theoretical and Practical Implications Results affirm
SwinT’s theoretical capacity to integrate global contextual
information, which is crucial in medical image analysis for
detecting subtle and nuanced patterns. The practical applica-
tion of such advanced models in medical diagnostics could
significantly streamline workflows, enhance diagnostic accu-
racy, and expedite patient management, particularly in high-
stakes environments like infectious disease diagnosis.

Challenges and Ethical Considerations Despite promis-
ing outcomes, the integration of these models into clinical
practice raises significant ethical and operational concerns.
These models should complement, not replace, the expertise
of medical professionals, ensuring that all automated diag-
nostics are verified by experienced radiologists to manage
ambiguities or anomalies not represented in the training data.

Limitations and Future Research The potential data leak-
age in datasets like HUST-19 could affect the reliability of
model evaluations. Future studies should focus on robust
dataset partitioning and validation through multicenter stud-
ies to verify the effectiveness of these models in varied clin-
ical environments. Additionally, exploring next-generation
models and incorporating Explainable AT (XAI) will enhance
model transparency and facilitate broader clinical adoption.

Literature Context and Benchmarking Comparatively,
the SwinT not only meets but often exceeds the performance
of other models reported in the literature (see Table 15, Luz
et al. [2021] and Mehboob et al. [2022]), reinforcing its
potential as a significant advancement in medical imaging
technologies. However, the performance variability across
datasets highlights the need for customized training and op-
timization strategies to maximize each model’s efficacy.

5 Conclusions

The study conclusively demonstrates SwinT’s effectiveness
in classifying COVID-19 from radiographic images, empha-
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sizing its superior generalization capabilities across diverse
datasets, a critical factor for real-world clinical applications.

Integration into Clinical Practice The integration of the
SwinT into clinical settings should be judicious, with the
model serving as an augmentation to, rather than a replace-
ment for, human expertise. This ensures that diagnostic pro-
cesses benefit from both advanced Al capabilities and pro-
fessional medical judgment.

Challenges and Future Directions Addressing the chal-
lenges of data leakage and dataset diversity is critical for ad-
vancing the practical application of these models. Future re-
search should aim to broaden the Swin Transformer’s appli-
cation scope to include other medical conditions and imag-
ing modalities and integrate XAl techniques to enhance the
transparency of its diagnostic processes.

Advancing Medical AI Research Building partnerships
with medical institutions for access to comprehensive and
varied datasets will be essential. These collaborations, along
with ongoing model refinement based on real-world clinical
feedback, will be crucial for the successful implementation
of Al technologies in healthcare settings.

Concluding Reflections The Swin Transformer stands out
as a transformative tool in medical diagnostics, capable of
significantly enhancing the accuracy and efficiency of radi-
ological assessments. As the medical Al field evolves, the
thoughtful integration of such technologies into clinical prac-
tice is imperative, ensuring they align with ethical standards
and contribute positively to patient care.
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Figure 3. (a) The Swin Transformer [Liu ef a/., 2021] builds hierarchical feature maps by merging image patches (shown in gray) in deeper layers and has
linear computation complexity to input image size due to computation of self-attention only within each local window (shown in red). It can thus serve as a
general-purpose backbone for both image classification and dense recognition tasks. (b) In contrast, previous ViT [Dosovitskiy et al., 2020] produce feature
maps of a single low resolution and have quadratic computation complexity to input image size due to computation of self-attention globally.
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Figure 6. Performance Metrics used in Deep Learning. [Kapoor, 2021]
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Comparison of median metrics for the two data set split strategies
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VIT (SD-80-20-20)

F1-Scare

Figure 14. Medians of 5 performance metrics by strategy. (Created by the
author)

Comparison of median metrics for different models
Accuracy

F1-Scare

Figure 15. Medians of 5 Performance Metrics by 3 Models. (Created by
the author)
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Performance of CNN, SwinT, and ViT Models Across Different Metrics (Medians)
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Figure 16. Performance Metrics vs Models. (Created by the author)
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Figure 17. Percentage diference between models. (Created by the author)
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Strategy Variable Name | AUC | Accuracy | Precision | Sensitivity | F1-Score
CNN-DS701515-No_Optimizer C No Yes Yes Yes Yes
CNN-DS701515-Adam D Yes Yes Yes Yes Yes
CNN-DS701515-SGD E No Yes Yes Yes Yes
CNN-DS602020-Adam F No Yes Yes Yes Yes
CNN-DS602020-SGD G Yes Yes Yes Yes Yes
SwinT-DS701515-No_Optimizer H No No No No No
SwinT-DS701515-Adam I No No No No No
SwinT-DS701515-SGD J No Yes No No No
SwinT-DS602020-Adam K No No No No No
SwinT-DS602020-SGD L Yes Yes No Yes Yes
ViT-DS701515-No_Optimizer M No No Yes No Yes
ViT-DS701515-Adam N Yes Yes Yes Yes Yes
1T-DS701515-SGD O No Yes No Yes Yes
ViT-DS602020-Adam P Yes Yes Yes Yes Yes
VIiT-DS602020-SGD Q Yes Yes Yes Yes Yes
Figure 18. Shapiro-Wilk for performance metrics. (Created by the author)
C D E F G H | | K L M N o P Q
N ] g 9 9 9 9 g 9 9 9 9 9 9 9 9
Mean 0.787 0.803 0.781 0.788 0.772 0.847 0.853 0.862 0.870 0.847 0.789 0.772 0.838 0.782 0.841
Median 0.870 0.850 0.540 0.860 0.520 0.960 0.970 0.910 0.940 0.950 0.890 0.740 0.790 0.800 0.850
Standard deviation 0.160 0.157 0.165 0.180 0.160 0.169 0.164 0152 0.155 0.164 0176 0.158 0153 0.163 0131
Variance 0.026 0.024 0.027 0.032 0.026 0.028 0.027 0.023 0.024 0.027 0.031 0.025 0.024 0.027 0.023
Minimum 0.550 0.550 0.510 0.450 0.540 0.540 0.560 0.550 0.550 0.550 0.520 0.560 0.550 0.540 0.550
Maximum 0.960 0.990 0.930 0.990 0.970 0.990 1.000 1.000 1.000 1.000 0.950 1.000 1.000 1.000 1.000
25th percentile 0.650 0.650 0.620 0.630 0.610 0.730 0.730 0.750 0.750 0.730 0.610 0.630 0.770 0.640 0.730
50th percentile 0.870 0.850 0.840 0.860 0.820 0.960 0.970 0.910 0.940 0.950 0.890 0.740 0.790 0.800 0.850
75th percentile 0.920 0.930 0.890 0.920 0.900 0.980 0.980 0.980 0.980 0.970 0.940 0.930 0.980 0.910 0.970
Figure 19. Descriptive Statistics of Accuracy. (Created by the author)
C D E F G H | | K L M N o P Q
N g g g g g g g g g g g g g g g
Mean 0.833 0.864 0.831 0.859 0.833 0.843 0.847 0.858 0.864 0.846 0.793 0.804 0.846 0.7 0.831
Median 0.240 0.920 0.910 0.950 0.910 0.960 0.970 0.910 0.240 0.950 0.960 0.840 0.950 0.730 0.850
Standard deviation 0.165 0.156 0.169 0177 0175 0177 0176 0.166 0.168 0173 0.258 0.162 0174 0.168 0.165
Variance 0.027 0.024 0.029 0.031 0.031 0.031 0.031 0.027 0.028 0.030 0.067 0.026 0.030 0.028 0.027
Minimum 0.530 0.550 0.500 0480 0.460 0.500 0.510 0.500 0.500 0.500 0.280 0.520 0.500 0.500 0.500
Maximum 0.930 1.000 0.930 1.000 0.930 0.990 1.000 1.000 1.000 1.000 0.930 1.000 1.000 1.000 1.000
25th percentile 0.750 0.780 0.780 0.780 0.770 0.730 0.730 0.750 0.750 0.750 0.670 0.700 0.740 0.660 0.720
50th percentile 0.940 0.920 0.910 0.950 0.910 0.960 0.970 0.910 0.940 0.950 0.960 0.840 0.930 0.730 0.850
75th percentile 0.980 0.980 0.960 0.980 0.960 0.980 0.980 0.980 0.980 0.970 0.980 0.930 0.980 0.910 0.970
Figure 20. Descriptive Statistics of AUC. (Created by the author)
C D E F G H | | K L M N o P Q
N g g g 9 9 9 g g g g 9 9 9 g g
Mean 0.764 0.777 0.757 0.787 0.773 0.830 0.832 0.840 0.862 0.846 0.773 0.779 0.800 0.770 0.826
Median 0.870 0.850 0.840 0.860 0.820 0.960 0.970 0.910 0.940 0.950 0.890 0.840 0.790 0.720 0.850
Standard deviation 0.198 0198 0.200 01390 0162 0.206 0.209 0.208 0174 0173 0.201 0,197 0.211 0.167 0.166
Variance 0.039 0.039 0.040 0.036 0.026 0.042 0.044 0.043 0.030 0.030 0.040 0.039 0.044 0.028 0.027
Minimum 0.410 0.390 0.380 0.380 0.480 0.390 0.380 0.350 0.480 0.500 0430 0.420 0.350 0.510 0.500
Maximum 0.960 0.990 0.970 0.9390 0.970 0.990 1.000 1.000 1.000 1.000 0.950 1.000 1.000 1.000 1.000
25th percentile 0.650 0.640 0.590 0.690 0.640 0.730 0.730 0.750 0.750 0.750 0.610 0.630 0.720 0.660 0.730
50th percentile 0.5870 0.850 0.540 0.560 0.520 0.960 0.970 0.910 0.940 0.950 0.590 0.540 0.790 0.720 0.850
75th percentile 0.920 0.930 0.890 0.910 0.900 0.980 0.980 0.980 0.980 0.970 0.240 0.930 0.980 0.910 0.970

Figure 21. Descriptive Statistics of F1-Score. (Created by the author)
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C D E F G H | J K L M N o P Q
N 9 9 9 9 ] 9 9 9 9 9 9 9 9 9 9
Mean 0.804 0816 0.790 0.796 0.784 0.839 0.876 0834 0.879 0.877 0.798 077 0.804 0.780 0.829
Median 0.870 0.850 0.540 0.860 0.830 0.960 0.970 0.920 0.940 0.950 0.900 0.710 0810 0.750 0.860
Standard deviation 0,147 0152 0176 0.190 0.158 0,189 0132 0.232 0138 0120 0,178 0.157 0.228 0.166 0.180
Variance 0.022 0023 0.031 0.036 0.025 0.036 0.017 0.054 0.019 0.014 0.032 0.025 0.052 0.028 0.032
Minimum 0.540 0.520 0410 0.370 0470 0450 0.700 0.270 0.610 0.710 0460 0.590 0.270 0.500 0.440
Maximum 0.960 0.990 0.970 0.990 0.970 0.990 1.000 1.000 1.000 1.000 0.950 1.000 1.000 1.000 1.000
25th percentile 0.700 0.750 0.740 0.740 0.720 0.730 0.730 0.760 0.760 0.770 0.700 0.640 0.760 0.670 0.730
50th percentile 0.870 0.850 0.540 0.860 0.830 0.960 0.970 0.920 0.940 0.950 0.900 0.710 0.810 0.750 0.860
75th percentile 0.920 0930 0.890 0.920 0.900 0.930 0.980 0.920 0.020 0970 0.040 0.930 0.020 0910 0.970

Figure 22. Descriptive Statistics of Precision. (Created by the author)

C D E F G H | ] K L M N o P Q
N 9 9 9 9 9 ] 9 9 9 9 ] g 9 9 9
Mean 0.787 0.792 0.777 0.786 0.766 0.847 0.847 0.858 0.864 0.846 0.789 0.756 0.810 0.753 0.818
Median 0.870 0.850 0.840 0.860 0.820 0.960 0.970 0910 0.940 0.950 0.890 0.700 0.780 0.690 0.850
Standard deviation 0.160 0.166 0172 0.186 0,168 0.169 0176 0.166 0.168 0173 0176 0172 0179 0.180 0170
Variance 0.026 0.028 0.030 0.035 0.028 0.028 0.031 0.027 0.028 0.030 0.031 0.030 0.032 0.032 0.029
Minimum 0.550 0.500 0470 0420 0490 0.540 0510 0.500 0.500 0.500 0.520 0.520 0.500 0.500 0.500
Maximum 0.960 0.990 0.970 0.990 0.960 0.990 1.000 1.000 1.000 1.000 0.950 1.000 1.000 1.000 1.000
25th percentile 0.650 0.650 0.620 0.640 0610 0.730 0.730 0.750 0.750 0.750 0.610 0.630 0.720 0.630 0.710
50th percentile 0.870 0.850 0.840 0.860 0.220 0.960 0.970 0910 0.940 0.950 0.890 0.700 0.780 0.690 0.850
75th percentile 0.920 0.930 0.890 0.910 0.900 0.980 0.980 0.980 0.980 0970 0.940 0.930 0.980 0.910 0970

Figure 23. Descriptive Statistics of Recall (Created by the author)
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Table 1. Comparison of Performance Metrics Between Models in Different Papers.

Model Author Dataset AUC Acc Prec Recall Fl1-
Score
CNN [Castiglione et al., 2021] SARS-COV-2 CT-Scan 0.98 | 0.9999 | 0.9992 | 0.9996 -
Coronavirus chest x-ray
[Awan et al., 2021] images and Chest X-Ray - 0.97 - - -
images (Pneumonia)
SARS-COV-2 CT Scan
[Banerjee et al., 2022] Dataset and Montgomery - 0.9949 - - -
Dataset (CXRs)
COVID-GAN, COVID-Net
[Hamza et al., 2022] small chest x-ray and CXR ) 0.994 ) i i
[Kathamuthu et al., 2023] Several - 0.98 - - -
o COVID-BIMCYV and
[Nishio et al., 2022] COVID-PRIVATE - 0.9912 - - -
[Stivastava eral,, 2022] | ChestXraysandCTSean | g 9976 | : :
Dataset
CXR images and
[Abiyev and Ismail, 2021] COVID-19 Radiography - 0.983 0.983 0.979 0.98
database
[Ahamed ef al., 2021] COVID-19 Radiography - o990l | - . -
Database
[Asif et al., 2022] COVID&;?ﬁgi"gmphy 09998 | 09968 | - | 09966 | -
[Kibriya and Amin, 2023] Chest X-ray - 0.973 - - -
COVID-19 Radiography
[Lanjewar et al., 2022] Database and Chest X-Ray - 0.9881 - - -
Images
[Yuan et al., 2023] Covid chest x-ray and ; 0.9799 | 0.9805 | 0.9802 | 0.9803
Mixed Dataset
ViT [Shome et al., 2021] Mixed Dataset 0.99 0.98 - - -
Guangzhou Women and
[Cao et al., 2022] dgg;:f&%ﬁgi%gg% - 109709 | 09716 | 0.9693 | 0.9704
and COVIDx CXR dataset
[Chetoui and Akhloufi, ChestX-ray8 dataset, NIH 0.99 i ) 0.99 )
2022] dataset and RSNA dataset ) '
CheXpert, BIMCV,
[Park et al., 2022a] PADChest and Montgomery | 0.99 - - 0.99 -
and Shenzen dataset
CheXpert, BIMCYV, Brixia,
[Park et al., 2022b] NIH, AMC, CNUH, YNU, | 0.998 - - - -
KNUH datasets
Chest X-ray 14 dataset and
[Murphy et al., 2022] MURA dataset 0.78 - - - -
[iang et al., 2022] MX;_‘::;?? anachest | ogs | : : :
[Mehboob et al., 2022] HUST-19 dataset - - 0.997 - -
[Mondal et al., 2022] %%\EISDTX; IT{;‘? gif‘rsztsgd - -~ | o981 |- -
COVID-19 Radiography
[Konwer and Prasanna, Database,
2022] SIIM-FISABIO-RSNA ) i ) i )
COVID-19 Detection
[Wang et al., 2023] Mixed 7 datasets - - 0.9513 - -
[Chen et al., 2023] COVID-19 Radiography - 109827 | 0.9891 | 0.978 | 0.9913
database
[Marefat et al., 2023] COVIDx CXR-3 - 0.9922 - - -




Comparative Evaluation of Deep Learning Models for Diagnosis of COVID-19 Using X-ray Images and Computed Tomography Ferraz & Betini, 2025

COVID CXR, Chest X-ray,
SwinT [Dinh et al., 2022] RICORD dataset and - - 0.99 - -
RALO dataset
COVID multiclass dataset
of CT scans, SARS-COV-2
Ct-Scan Dataset and
COVID-CT
COVID multiclass dataset
of CT scans, SARS-COV-2

[Peng et al., 2022] 0.9991 | 0.9894 | 0.9833 | 0.9895 | 0.9864

[Tian et al., 2022](Binary) Ct-Scan Dataset and 0.9985 | 0.9821 - 0.9907 | 0.9855
COVID-CT
COVID multiclass dataset
[Tian et al., of CT scans, SARS-COV-2
2022](multiclass) Ct-Scan Dataset and 0.9696 | 0.9668 0.9631
COVID-CT
[Ma and Lv, 2022] NIH dataset and Chest ) 0.873 ) ) i
(Dataset 1) X-Ray dataset '
[Ma and Lv, 2022] NIH dataset and Chest . 0.972 ) ) i
(Dataset 2) X-Ray dataset ’
NIH Chest x-rays dataset,
[Pan et al., 2023] MRI dataset and CT dataset ) 0.93 ) ) i
Table 2. Datasets used in the study
# Source Dataset Type Images C(l);] ID- Normal
1 [Tahir et al., 2021] COVID-QU-Ex X-ray 22,657 11,956 10,701
2 [Luz et al., 2021] HCV-UFPR-COVID-19 X-ray 513 281 232
[Mehboob et al., 2022;
3 Soares and Angelov, 2020] SARS-COV2 CT CT 2,481 1,252 1,229
4 Ning et al. [2020] HUST-19 CT 13,980 4,001 9,979
DSHybridl Xora
5 The Author (COVID-QU-Ex + N CTY 36,637 15,957 20,680
HUST-19)
DSHybrid2 (HCV-UFPR +  X-ray
6 The Author SARS-COV2 CT) L CT 2,994 1,533 1,461
7 The Author CDE Hybrid1&2 fé‘i‘ﬁ’ 39,631 17,490 22,141
CDE Raio X
8 The Author (COVID-QU-Ex& X-ray 23,170 12,237 10,933
HCV-UFPR)
9 The Author CDE CT (HUST-19& TC 16,461 5253 11,208

SARS-COV2 CT)
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Table 3. CDE X-Ray Dataset Split COVID-19 Class

Dataset Name Training (70%)  Validation (30%)  Test (100%)
COVID-QU-Ex Dataset 8,369 3,587 0
HCV-UFPR-COVID-19 0 0 281

Table 4. CDE X-Ray Dataset Split Normal Class

Dataset Name Training (70%)  Validation (30%)  Test (100%)
COVID-QU-Ex Dataset 7,491 3,210 0
HCV-UFPR-COVID-19 0 0 232

Table 5. CDE CT Dataset Split COVID-19 Class

Dataset Name Training (70%)  Validation (30%)  Test (100%)
HUST-19 2,801 1,200 0
SARS-COV2 CT dataset 0 0 1,252

Table 6. CDE CT Dataset Split Normal Class

Dataset Name Training (70%) Validation (30%) Test (100%)
HUST-19 6,985 2,994 0
SARS-COV2 CT dataset 0 0 1,229

Table 7. CDE Hybrid1&2 Dataset Split COVID-19 Class
Dataset Name Training (70%) Validation (30%) Test (100%)

DSHybrid1l 11,169 4,788 0
DSHybrid2 0 0 1,533

Table 8. CDE Hybrid1&2 Dataset Split Normal Class
Dataset Name Training (70%) Validation (30%) Test (100%)

DSHybrid1l 14,476 6,204 0
DSHybrid2 0 0 1,461

Ferraz & Betini, 2025
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Table 9. Hyperparameters tuning by Optuna library

Ferraz & Betini, 2025

Optimizer Learning Weight Batch Mom. Beta 1 Beta 2 Epsilon Epochs
Rate Decay Size
ViT

SGD 0.000847 0.000248 8 0.866 N/A N/A N/A 25

AdamW 0.000015 0.000029 16 N/A 0.851 0.995 0.0 25
SwinT

SGD 0.000847 0.000248 8 0.866 N/A N/A N/A 25

AdamW 0.000015 0.000029 16 N/A 0.851 0.995 0.0 25
SwinS

SGD 0.000847 0.000248 8 0.866 N/A N/A N/A 25
CNN

SGD 0.000767 0.000004 32 0.173 N/A N/A N/A 25

Adam 0.002931 N/A N/A N/A N/A N/A N/A 25

Table 10. Performance Metrics for Models DS-70-15-15-Dataset-Adam

Dataset Model AUC Accuracy Precision Recall F1-Score

CDE Hybrid1 &2 CNN 0.69 0.63 0.65 0.64 0.63

CDE Hybrid1 &2 SwinT  0.74 0.74 0.75 0.74 0.74

CDE Hybrid1 &2 ViT 0.63 0.63 0.63 0.63 0.63

CDE TC CNN 0.78 0.62 0.74 0.62 0.69

CDE TC SwinT  0.75 0.75 0.76 0.75 0.75

CDE TC ViT 0.69 0.69 0.73 0.69 0.72

CDE X-Ray CNN 0.48 0.45 0.37 0.42 0.38

CDE X-Ray SwinT 0.5 0.55 0.61 0.5 0.48

CDE X-Ray ViT 0.5 0.54 0.5 0.5 0.51

COVID-QU-Ex CNN 0.98 0.92 0.92 0.91 0.91

COVID-QU-Ex SwinT  0.98 0.98 0.98 0.98 0.98

COVID-QU-Ex ViT 0.91 0.91 0.91 0.91 0.91

DSHybrid1 CNN 0.99 0.92 0.92 0.93 0.92

DSHybrid1l SwinT  0.99 0.99 0.99 0.99 0.99

DSHybrid1l ViT 0.94 0.95 0.95 0.94 0.94

DSHybrid2 CNN 0.95 0.86 0.86 0.86 0.86

DSHybrid2 SwinT  0.94 0.94 0.94 0.94 0.94

DSHybrid2 ViT 0.88 0.88 0.88 0.88 0.88

HCV-UFPR-COVID- CNN 0.9 0.81 0.81 0.81 0.81

19

HCV-UFPR-COVID- SwinT 0.94 0.94 0.94 0.94 0.94

19

HCV-UFPR-COVID- ViT 0.66 0.64 0.67 0.64 0.66

19

HUST-19 CNN 1.00 0.99 0.99 0.99 0.99

HUST-19 SwinT  1.00 1.00 1.00 1.00 1.00

HUST-19 ViT 1.00 1.00 1.00 1.00 1.00

SARS-COV-2 Ct CNN 0.96 0.89 0.9 0.89 0.89

SARS-COV-2 Ct SwinT  0.94 0.94 0.94 0.94 0.94

SARS-COV-2 Ct ViT 0.73 0.8 0.75 0.59 0.68
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Table 11. Performance Metrics for Models DS-70-15-15-Dataset-SGD

Dataset Model AUC Accuracy Precision Recall F1-Score
CDE Hybrid1&2 CNN 0.67 0.61 0.63 0.61 0.62
CDE Hybrid1&2 SwinT  0.71 0.71 0.71 0.71 0.71
CDE Hybrid1&2 ViT 0.71 0.71 0.71 0.71 0.71
CDE TC CNN 0.77 0.57 0.72 0.58 0.64
CDE TC SwinT  0.75 0.75 0.76 0.75 0.75
CDE TC ViT 0.72 0.73 0.73 0.72 0.73
CDE X-Ray CNN 0.46 0.54 0.47 0.49 0.48
CDE X-Ray SwinT 0.5 0.55 0.77 0.5 0.5
CDE X-Ray ViT 0.5 0.55 0.44 0.5 0.5
COVID-QU-Ex CNN 0.96 0.9 0.9 0.9 0.9
COVID-QU-Ex SwinT  0.97 0.97 0.97 0.97 0.97
COVID-QU-Ex ViT 0.97 0.97 0.97 0.97 0.97
DSHybridl CNN 0.97 0.91 0.91 0.91 0.91
DSHybrid1 SwinT  0.99 0.99 0.99 0.99 0.99
DSHybrid1 ViT 0.98 0.98 0.98 0.98 0.98
DSHybrid2 CNN 0.91 0.82 0.83 0.82 0.82
DSHybrid2 SwinT  0.95 0.95 0.95 0.95 0.95
DSHybrid2 ViT 0.93 0.93 0.93 0.93 0.93
HCV-UFPR-COVID- CNN 0.84 0.77 0.76 0.75 0.76
19

HCV-UFPR-COVID- SwinT 0.77 0.73 0.77 0.77 0.77
19

HCV-UFPR-COVID- ViT 0.85 0.85 0.86 0.85 0.85
19

HUST-19 CNN 0.99 0.97 0.97 0.96 0.97
HUST-19 SwinT  1.00 1.00 1.00 1.00 1.00
HUST-19 ViT 1.00 1.00 1.00 1.00 1.00
SARS-COV-2 Ct CNN 0.93 0.86 0.87 0.87 0.86
SARS-COV-2 Ct SwinT  0.97 0.97 0.97 0.97 0.97
SARS-COV-2 Ct ViT 0.82 0.85 0.84 0.7 0.76

Ferraz & Betini, 2025
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Table 12. Performance Metrics for Models DS-60-20-20-Dataset-Adam

Dataset Model AUC Accuracy Precision Recall F1-Score
CDE Hybrid1&2 CNN 0.67 0.61 0.63 0.61 0.62
CDE Hybrid1&2 SwinT  0.71 0.71 0.71 0.71 0.71
CDE Hybrid1&2 ViT 0.71 0.71 0.71 0.71 0.71
CDE TC CNN 0.77 0.57 0.72 0.58 0.64
CDE TC SwinT  0.75 0.75 0.76 0.75 0.75
CDE TC ViT 0.72 0.73 0.73 0.72 0.73
CDE X-Ray CNN 0.46 0.54 0.47 0.49 0.48
CDE X-Ray SwinT 0.5 0.55 0.77 0.5 0.5
CDE X-Ray ViT 0.5 0.55 0.44 0.5 0.5
COVID-QU-Ex CNN 0.96 0.9 0.9 0.9 0.9
COVID-QU-Ex SwinT  0.97 0.97 0.97 0.97 0.97
COVID-QU-Ex ViT 0.97 0.97 0.97 0.97 0.97
DSHybridl CNN 0.97 0.91 0.91 0.91 0.91
DSHybrid1 SwinT  0.99 0.99 0.99 0.99 0.99
DSHybrid1 ViT 0.98 0.98 0.98 0.98 0.98
DSHybrid2 CNN 0.91 0.82 0.83 0.82 0.82
DSHybrid2 SwinT  0.95 0.95 0.95 0.95 0.95
DSHybrid2 ViT 0.93 0.93 0.93 0.93 0.93
HCV-UFPR-COVID- CNN 0.84 0.77 0.76 0.75 0.76
19

HCV-UFPR-COVID- SwinT 0.77 0.73 0.77 0.77 0.77
19

HCV-UFPR-COVID- ViT 0.85 0.85 0.86 0.85 0.85
19

HUST-19 CNN 0.99 0.97 0.97 0.96 0.97
HUST-19 SwinT  1.00 1.00 1.00 1.00 1.00
HUST-19 ViT 1.00 1.00 1.00 1.00 1.00
SARS-COV-2 Ct CNN 0.93 0.86 0.87 0.87 0.86
SARS-COV-2 Ct SwinT  0.97 0.97 0.97 0.97 0.97
SARS-COV-2 Ct ViT 0.82 0.85 0.84 0.7 0.76

Ferraz & Betini, 2025
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Table 13. Performance Metrics for Models DS-60-20-20-Dataset-SGD

Dataset Model AUC Accuracy Precision Recall F1-Score
CDE Hybrid1&2 CNN 0.67 0.61 0.63 0.61 0.62
CDE Hybrid1&2 SwinT  0.71 0.71 0.71 0.71 0.71
CDE Hybrid1&2 ViT 0.71 0.71 0.71 0.71 0.71
CDE TC CNN 0.77 0.57 0.72 0.58 0.64
CDE TC SwinT  0.75 0.75 0.76 0.75 0.75
CDE TC ViT 0.72 0.73 0.73 0.72 0.73
CDE X-Ray CNN 0.46 0.54 0.47 0.49 0.48
CDE X-Ray SwinT 0.5 0.55 0.77 0.5 0.5
CDE X-Ray ViT 0.5 0.55 0.44 0.5 0.5
COVID-QU-Ex CNN 0.96 0.9 0.9 0.9 0.9
COVID-QU-Ex SwinT  0.97 0.97 0.97 0.97 0.97
COVID-QU-Ex ViT 0.97 0.97 0.97 0.97 0.97
DSHybridl CNN 0.97 0.91 0.91 0.91 0.91
DSHybrid1 SwinT  0.99 0.99 0.99 0.99 0.99
DSHybrid1 ViT 0.98 0.98 0.98 0.98 0.98
DSHybrid2 CNN 0.91 0.82 0.83 0.82 0.82
DSHybrid2 SwinT  0.95 0.95 0.95 0.95 0.95
DSHybrid2 ViT 0.93 0.93 0.93 0.93 0.93
HCV-UFPR-COVID- CNN 0.84 0.77 0.76 0.75 0.76
19

HCV-UFPR-COVID- SwinT 0.77 0.73 0.77 0.77 0.77
19

HCV-UFPR-COVID- ViT 0.85 0.85 0.86 0.85 0.85
19

HUST-19 CNN 0.99 0.97 0.97 0.96 0.97
HUST-19 SwinT  1.00 1.00 1.00 1.00 1.00
HUST-19 ViT 1.00 1.00 1.00 1.00 1.00
SARS-COV-2 Ct CNN 0.93 0.86 0.87 0.87 0.86
SARS-COV-2 Ct SwinT  0.97 0.97 0.97 0.97 0.97
SARS-COV-2 Ct ViT 0.82 0.85 0.84 0.7 0.76

Table 14. Friedman Test for Model Performance Metrics

Metric x? df p
AUC 32.8 14 0.003
Accuracy 71.8 14 < 0.001
Precision 574 14 < 0.001
Sensitivity 674 14 < 0.001
F1-Score 584 14 < 0.001
Medians (Models) 9.58 2 0.008

Table 15. Comparative Analysis with Benchmark Models. The symbo

172>

Ferraz & Betini, 2025

indicates that the corresponding metric is not available in the

referenced study. ”Our implementation” refers to the results obtained using the models developed and evaluated in this work.

Model | Dataset | Author | AUC | Accuracy | Precision | Recall | F1-Score
CNN SARS-COV-2 Ct | [Castiglione ef al., 2021] 0.98 0.99 0.99 0.99 -
SARS-COV-2 Ct | Our implementation 0.98 0.89 0.90 0.89 0.89
ViT HUST-19 [Mehboob ef al., 2022] - - 0.99 - -
HUST-19 Our implementation 1.00 1.00 1.00 1.00 1.00
SwinT | SARS-COV-2 Ct | [Peng et al., 2022] 0.99 0.98 0.98 0.98 0.98
SARS-COV-2 Ct | [Tian et al., 2022] (Binary) | 0.99 0.98 - 0.99 0.98
SARS-COV-2 Ct | Our implementation 0.98 0.98 0.98 0.98 0.98




	Introduction
	Justifying the Use of Computer Vision in COVID-19 Diagnostics
	Use of ResNet in COVID-19 Diagnostics
	Use of Vision Transformer in COVID-19 Diagnostics
	Use of Swin Transformer in COVID-19 Diagnostics


	Materials and Methods
	Literature Review
	Datasets
	Dataset Partitioning Strategy
	Justification for the Cross Dataset Evaluation Data Partitioning Strategy

	Performance Metrics
	Hyperparameter Tuning
	Justification for Comparing Adam and SGD Optimizers

	Experimental Setup
	Hardware Configuration
	Model Implementation and Optimization
	Data and Methodology


	Results
	Performance Analysis with Adam Optimizer using 70/15/15 Split Dataset
	Model Evaluation Across Datasets

	Performance Analysis with SGD Optimizer Using 70/15/15 Split Dataset
	Model Evaluation Across Datasets

	Summary of Findings with 70/15/15 Split Dataset
	Performance Analysis with Adam Optimizer Using 60/20/20 Split Dataset
	Model Evaluation Across Datasets

	Performance Analysis with SGD Optimizer Using 60/20/20 Split Dataset
	Model Evaluation Across Datasets

	Summary of Findings with 60/20/20 Split Dataset
	Comparative Analysis of Datasets, Optimizers, and Split Datasets
	Comparative Overview

	Statistical Analysis of the Results
	Exploratory Analysis of the Aggregated Performance of Models
	Descriptive Analysis of Model Performance


	Discussion
	Conclusions
	

