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Abstract

Aims/Background The coronavirus disease 2019 (COVID-19) pandemic has highlighted the need for
accurate and efficient diagnostic methods. This study aims to improve COVID-19 detection by inte-
grating chest X-ray (CXR) and computerized tomography (CT) images using deep learning techniques,
further improving diagnostic accuracy by using a combined imaging approach.

Methods The study used two publicly accessible databases, COVID-19 Questionnaires for Under-
standing the Exposure (COVID-QU-Ex) and Integrated Clinical and Translational Cancer Foundation
(iCTCF), containing CXR and CT images, respectively. The proposed system employed convolutional
neural networks (CNNs) for classification, specifically EfficientNet and ResNet architectures. The data
underwent preprocessing steps, including image resizing, Gaussian noise addition, and data augmenta-
tion. The dataset was divided into training, validation, and test sets. Gradient-weighted Class Activation
Mapping (Grad-CAM) was used for model interpretability.

Results The EfficientNet-based models outperformed the ResNet-based models across all metrics. The
highest accuracy achieved was 99.44% for CXR images and 99.81% for CT images with EfficientNetBS.
The models also demonstrated high precision, recall, and F1 scores. For statistical significance, the p-
values were less than 0.05, indicating that the results are significant.

Conclusion Integrating CXR and CT images using deep learning significantly improves the accuracy
of COVID-19 diagnosis. The EfficientNet-based models, with their superior feature extraction capa-
bilities, show better performance than ResNet models. Grad-CAM Visualizations provide insights into
the model’s decision-making process, potentially reducing diagnostic errors and accelerating diagnosis
processes. This approach can improve patient care and support healthcare systems in managing the
pandemic more effectively.

Key words: COVID-19; diagnosis; deep learning; chest X-ray; computerized tomography

Submitted: 3 May 2024 Revised: 11 June 2024 Accepted: 17 June 2024

Introduction

The coronavirus disease 2019 (COVID-19) pandemic, caused by the coron-
avirus Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), has in-
flicted widespread damage worldwide. Proper detection of COVID-19 is integral
for ensuring proper care of infected patients and containment of the virus. COVID-
19 can be diagnosed by many methods, including polymerase chain reaction (PCR)
testing, antigen testing, and antibody testing (Vandenberg et al, 2021; Yuki et al,

British Journal of Hospital Medicine | 2024 | https://doi.org/10.12968/hmed.2024.0244


https://www.magonlinelibrary.com/journal/hmed
https://www.magonlinelibrary.com/journal/hmed
https://www.magonlinelibrary.com/journal/hmed
https://www.magonlinelibrary.com/journal/hmed
https://doi.org/10.12968/hmed.2024.0244

ARTICLE

2020). With the continuous emergence of new virus variants, rapid, accurate, and
low-cost diagnostic methods have become the focus of researchers and clinicians.

In the effort to combat the COVID-19 pandemic, various medical imaging
methods, such as chest X-ray (CXR), computerized tomography (CT), and mag-
netic resonance imaging (MRI), have been used to facilitate the advancement of
deep learning methods, enabling accurate diagnosis and segmentation. For instance,
Chen et al (2020) presented a novel deep learning approach to automatically divide
multiple COVID-19 infected areas with CT scans. Building on this, Liu and col-
leagues (2020) developed a lesion-attention deep neural network (LA-DNN) model
that uses data-driven techniques to classify COVID-19 cases as positive or negative.
The model includes an auxiliary multi-label learning module to help it focus on the
five key lesions that distinguish the virus. Meanwhile, Additionally, Jaiswal et al
(2021) explored the use of pre-trained deep learning architectures as an automated
method for detecting and diagnosing COVID-19 using chest CT scans. Further-
more, Ozsahin et al (2020) surveyed the application of chest CT for artificial in-
telligence (Al)-assisted diagnosis of COVID-19, whereas Attallah et al (2020) sug-
gested an innovative computer-aided detection system for diagnosing COVID-19
by combining multiple convolutional neural networks (CNNs). In another signif-
icant development, Chen and colleagues (2021) developed a new deep learning
algorithm that can diagnose COVID-19 with a high level of accuracy using only
a small number of training samples. Similarly, Saood and Hatem (2021) provided
viable alternatives for identifying and labeling COVID-19 affected lung tissues in
CT images. Another highly cited COVID-19 CT-based deep learning study is that
of Fusco and colleagues (2021). These studies collectively highlight the signifi-
cant advancements in deep learning methodologies for the effective diagnosis and
segmentation of COVID-19 using medical imaging techniques.

In the realm of CXR-based deep learning research, Chowdhury et al (2020) de-
vised a dependable approach for the automated identification of COVID-19 pneu-
monias from digital CXR images through pre-trained deep learning techniques that
enhanced precision. Khobahi et al (2020) identified CXR-based methods as invalu-
able diagnosis and monitoring tools in the initial and mid periods of the disorder. To
further address the dynamic COVID-19 pandemic, Burlacu and colleagues (2020)
investigated the formation of a quick, accessible screening entity via image pro-
cessing of CXR images coupled with innovative machine learning techniques. In
another approach, Oh et al (2020) used a small-scale patch-based convolutional neu-
ral network approach, whereas Zebin and Rezvy (2021) developed a transfer learn-
ing model to classify COVID-19 CXR images from two distinct datasets. Seek-
ing to enhance detection capabilities, Albahli and Yar (2021) attempted to enhance
COVID-19 detection speed and accuracy. However, they observed the inability
of the CNN-based deep learning technique to capture consistencies because of an
image-specific bias. This challenge led Mondal et al (2021) to recommend vision
transformers as an alternative approach to recognize COVID-19 from CXR and CT
images. Moreover, Jin and colleagues (202 1) proposed a novel three-step hybrid
ensemble model, including a feature extractor, a feature selector, and a classifier,
to diagnose COVID-19. Lastly, Degerli et al (2021) put forward a joint localiza-
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tion, grading, and COVID-19 detection technique from CXR image. Collectively,
these studies underscore the diverse and innovative approaches being employed to
leverage deep learning for COVID-19 diagnosis using CXR and CT images.

Although prior research has illustrated the successful use of deep learning tech-
niques with CXR and CT images for COVID-19 detection, both approaches come
with certain limitations. CXR examination is a quick, low-cost, and low-radiation
imaging method, but it only provides a 2-dimensional image of the anterior chest
and lacks sufficient local details. CT images provide a detailed view of the anatomy,
but they require higher doses of radiation and are more expensive.

This paper presents a new deep learning framework that integrates CXR and
CT scans for enhanced virus detection accuracy. This system has the potential to
assist medical personnel in diagnosing COVID-19 patients with greater efficiency
and accuracy, making it an invaluable tool for the fight against the virus.

Methods

Data Collection

The study used two publicly accessible image databases to construct the dataset.
One of these databases, COVID-19 Questionnaires for Understanding the Expo-
sure (COVID-QU-Ex), was established through a collaborative effort and can be
accessed at https://www.kaggle.com/datasets/anasmohammedtahir/covidqu. This
database comprises 25,071 chest X-ray images, including 3616 confirmed COVID-
19 cases, 10,192 normal cases, and 11,263 non-COVID infections such as viral or
bacterial pneumonia (Rahman et al, 2021). The second database, Integrated Clin-
ical and Translational Cancer Foundation (iCTCF), was created by Ning and col-
leagues (2020), and it includes 19,685 CT images, with 4001 showing evidence of
COVID-19 infection, 9979 normal cases, and 5705 showing no evidence of COVID.
This database can be accessed at https://ngdc.cncb.ac.cn/ictct/. Both databases are
regularly updated with new additions.

Architecture of Proposed Deep Learning-Based System

The proposed system used CNNs to build a model from CXR and CT image
datasets. As seen in Fig. |, prior to the training stage, Exploratory Data Analysis
(EDA), image resizing, Gaussian noise addition, and data augmentation were per-
formed. During the training phase, the dataset was split into training, validation,
and testing subsets, and the model was transferred over the CNNs. Other metrics,
such as accuracy and F1 score, were considered for assessing the model’s efficacy,
and its performance could be further explored through Gradient-weighted Class
Activation Mapping (Grad-CAM) Visualization for more graphical understanding.

Preprocessing

Preprocessing is an essential part of any deep learning system, as it helps to pre-
pare, clean, and transform data for modeling. In this study, EDA was the first step
of preprocessing. Through EDA, label distributions and pixel value statistics were
evaluated to acquire an understanding of the image dataset, as well as to identify
any potential issues. This helped to ensure that the data was suitable for modeling.
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Fig. 1. Workflow of the proposed system integrating CXR and CT images for COVID-19
diagnosis. It includes data collection, preprocessing (EDA, resizing, noise addition, augmentation),
training (data split, CNN training), and analysis (performance evaluation, Grad-CAM Visualization).
CXR, chest X-ray; COVID-19, coronavirus disease 2019; CT, computerized tomography; EDA,
Exploratory Data Analysis; CNNs, convolutional neural networks; Grad-CAM, Gradient-weighted
Class Activation Mapping.

Fig. 2 depicts the distribution of positive (COVID) and negative (normal) samples
in both the CXR image database and CT image database, respectively. There were
3616 positive (P) and 10,192 negative (N) samples in the CXR image database, re-
spectively, with a ratio of 1:2.8. There were 4001 P and 9979 N samples in the CT
image database, respectively, with a ratio of 1:2.5. It is evident that the P and N
sample ratios for both databases are unbalanced, and thus, may affect the model’s
training accuracy. Therefore, further data augmentation procedures were required.
Fig. 3 displays the mean image pixel value distribution of the P and N samples of
the CXR image database and the CT image database, respectively. Compared to
the CT data, it can be observed that the distribution of CXR data pixel values was
more centralized.

The following step in preprocessing involved data augmentation, which serves
to enlarge the training dataset by generating extra data points. This was done by
applying random transformations, such as vertical flipping, contrast and brightness
adjustments, cropping, and rotations, as shown in Fig. 4 on CXR and CT. To en-
hance the effectiveness of deep learning models, data augmentation was employed
on both sets of data. The following step resizes the images. This ensures that all
the images have the same size, which helps the neural network process data more
quickly and efficiently. All sample images were resized to 224 x 224 pixels. Fur-
thermore, grey masks were added to the original images to form a preprocessed
image with 3 channels. Moreover, random Gaussian noise was added to the images
to increase the randomness of the data, making it less predictable and preventing
overfitting. Fig. 5 shows the images after resizing, as well as adding masks and
Gaussian noise.
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Fig. 2. Distribution of P and N samples of the dataset. Left, CXR database sample distribution;
right, CT database sample distribution. P, positive; N, negative.

CXR color mean value distribution CT color mean value distribution
0.02 A 0.02
! Normal
0.015 0.015 — COVID
0.01 0.01
0.005 0.005
0 0
Ui L1 0] | "n
| |10 I | | | 4 II\I\—I 00101y
50 100 150 200 50 100 150 200

Fig. 3. Mean image pixel value distribution for P and N samples of the dataset. Left, CXR
database sample distribution; right, CT database sample distribution.

Training Using Pretrained CNN Models

Pretrained CNN models have demonstrated remarkable efficiency in various
tasks, including but not limited to image classification, object detection, and seg-
mentation. Studies have demonstrated that such pre-trained models can generate
accurate results quickly for tasks such as CXR and CT imaging (Abraham and Nair,
2020; Rajpurkar et al, 2017; Deng et al, 2020). Moreover, these models are pre-
trained, meaning that significantly reduced time and resources are spent training
new models. In this study, four pre-trained CNN models were used to classify posi-
tive and negative cases in CXR and CT datasets, namely EfficientNetB0, Efficient-
NetBS5, ResNet50, and ResNet152. EfficientNetBO is a lightweight CNN architec-
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Fig. 4. Data augmentation techniques applied to CXR and CT images: vertical flipping, ran-
dom contrast adjustment, random cropping, and rotation.
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Fig. 5. Samples of the images after resizing, as well as adding masks and Gaussian noise.

ture created in 2019 by Google as part of their EfficientNet family, which minimizes
parameters while preserving accuracy through depth-wise separable convolutions
and global average pooling (Tan and Le, 2019). EfficientNetBS5 is a larger, more
powerful descendant of EfficientNetB0O and was developed to optimize accuracy
with fewer parameters through the use of depth-wise separable convolutions, resid-
ual connections, and squeeze-and-excitation modules. ResNet50 and ResNet152
are two deep learning architectures developed by Microsoft Research in 2015 (He
et al, 2016). Both ResNet50 and ResNet152 are powerful deep residual neural net-
works, pre-trained on the ImageNet dataset, used for various challenging computer
vision tasks. Both comprise multiple convolutional layers to extract features from
an image, pooling layers that reduce the feature map’s size while combining fea-
tures and fully connected layers to produce a set of probabilities representing the
likelihood of the input image to each class. Furthermore, ResNet152 has an addi-
tional 102 layers, making it more robust and suited for more intricate vision-related
tasks such as object detection, segmentation, and image captioning.

For model training, 60% of CXR and CT imaging datasets were used, 20% to
assess model proficiency on the validation set and the rest for testing its adaptability
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on new data. The dropout rate of the CNN model was set at 0.5 and the nonlinear
sigmoid function was selected as the activation mechanism. Optimization was con-
ducted with the Adam algorithm to minimize errors by adjusting learning rate.

Performance Evaluation

In this work, we employed two interactive metrics, accuracy and F1 score, to
evaluate the performance of CNN models for image classification. The accuracy
was computed from the total number of correctly classified images (True Positive
(TP), True Negative (TN)) and total number of images (TP, TN, False Positive
(FP), False Negative (FN)) (Eqn. 1). Meanwhile, the F1 score was defined as the
harmonic mean of precision and recall (Eqns. 2,3,4), where precision is the rate of
correctly predicted positive results while recall is the proportion of correctly pre-
dicted actual positives. The accuracy and F1 score of the model were calculated
by Tensorflow-Keras Model Evaluation API with 10-fold cross-validation. Finally,
the average accuracy and F1 score of the CNN model were calculated.

TP+ TN
Model Accuracy = TP+ TN+ FP+ EN (1)
TP
Model Precision = TP+ EDP (2)
TP
Model Recall = TP—|——PI\] (3)

2 X Precision X Recall
Model F1 score = I?C'l Ston e 4)
Precision + Recall

The Grad-CAM Visualization was the next step of model analysis. With this
approach, the gradient of the targeted class was calculated with respect to the fea-
ture maps of the last convolutional layer, allowing the creation of a heatmap that
displays the important regions of the image for classification. This heatmap was
then superimposed onto the input image, giving us the ability to identify the areas
that are influential for classifying the image. This technique is employed in sev-
eral different research areas for understanding the decision-making process of deep
learning models and can explain why a model classifies an image in a certain way
(Moujahid et al, 2022; Zhang et al, 2021).

Results

Training Results

The trainable parameters for EfficientNetBO0, EfficientNetB5, ResNet50, and
ResNet152 are 4,010,110, 28,344,882, 23,538,690, and 58,223,618, respectively.
All models run on a 16 GB Random Access Memory-Graphics Processing Unit
(RAM-GPU), and pre-trained models are provided by TensorFlow. The batch size
and epochs are both set to 32 and 20, respectively.

The results of training two sets of CNN models based on EfficientNet (Effi-
cientNetBO, EfficientNetB5) and ResNet (ResNet50, ResNet152) on CXR and CT
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Table 1. Precision, recall and F1 score of CXR training and CT training.

CT training

CXR training
EfficientNet EfficientNet ResNet ResNet EfficientNet EfficientNet ResNet ResNet
BO B5 50 152 BO B5 50 152
Precision 0.992 0.993 0991 0.988 0.999 1 0.998  0.998
Recall 0.997 0.998 0992 0.992 0.999 1 0.998 0.998
F1 score 0.994 0.995 0991 0.990 0.999 1 0.998 0.998

image data are shown in Figs. 6,7, with the accuracy in Fig. 6 and the loss curve in

Fig. 7. The precision, recall and F1 score are listed in Table 1. The results show

that the CNN models gradually converge with training time over 20 epochs on the

CXR and CT datasets. The EfficientNet-based models achieved a maximum accu-
racy of 99.44% on the CXR dataset and 99.81% on the CT dataset, which is 0.37%
and 0.18% higher than the ResNet-based models, respectively. Fig. 7 shows that
the loss curves of the two sets of models on the two data sets are relatively similar,
with the final training loss of the EfficientNet-based model being slightly lower than
that of the ResNet-based model. Table | reveals that the EfficientNet-based model
achieved maximum F1 scores of 0.995 and 1.000 for the CXR and CT datasets, re-
spectively, while the ResNet-based models had slightly worse F1 scores of 0.991
and 0.998, respectively. These results demonstrate that EfficientNet-based mod-
els outperform ResNet-based models on CT and CXR datasets in terms of training
accuracy and F1 score likely due to the different architectures of the two models.

CXR training: model accuracy CT training: model accuracy
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Fig. 6. Training accuracy of EfficientNetB0, EfficientNetBS, ResNet50, and ResNet152 models
on CXR and CT datasets over epochs.

Grad-CAM Visualization
The results obtained by the Grad-CAM method are shown in Fig. 8. One
COVID-positive CXR picture and one COVID-positive CT picture were selected.
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Fig. 7. Validation loss of EfficientNetB0, EfficientNetB5, ResNet50, and ResNet152 models on
CXR and CT datasets over epochs.

Grad-CAM results showed that hotspots in images of COVID-positive CXR sam-
ples included right and left upper lobes. In the COVID-positive CT sample images,
hot spots were found in the middle area of the left and right lungs. These areas have
been identified by Grad-CAM as areas of high COVID-19 activity. We performed
visual inspection of the COVID-positive CXR and CT images, and noted nodular

opacities showing hot spots in the lung identified by Grad-CAM, as expected for a
COVID-19 patient.

Discussion

COVID-19 is a highly contagious respiratory illness caused by the SARS-CoV-
2 virus. The disease manifests in a wide spectrum of symptoms, which can range
from mild to severe. Mild symptoms include fever, cough, and loss of taste or
smell, while severe symptoms can involve difficulty breathing, chest pain, and con-
fusion. In some cases, patients may develop acute respiratory distress syndrome,
requiring hospitalization and intensive care. The disease can affect multiple organ
systems beyond the respiratory tract. It has been associated with complications
such as myocarditis, thromboembolic events, and acute kidney injury. The vari-
ability in clinical presentation and the potential for rapid deterioration make early
and accurate diagnosis critical. COVID-19 primarily spreads through respiratory
droplets when an infected person coughs, sneezes, or talks. It can also be transmit-
ted by touching surfaces contaminated with the virus and then touching the face.
Preventive measures include wearing masks, maintaining physical distance, hand
hygiene, and vaccination. Early detection is crucial in reducing virus-related hos-
pitalizations, deaths, and long-term complications. It also helps ease the burden
on healthcare systems and informs public health strategies and policies (Xu et al,
2020).

In addressing the critical need for efficient and rapid COVID-19 detection, this
study introduces a novel diagnostic system that integrates CXR and CT imaging,
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CXR COVID Sample Grad-CAM Heatmap

CT COVID Sample Grad-CAM Heatmap

Fig. 8. Grad-CAM heatmaps for CXR and CT images of COVID-19 positive cases, highlight-
ing important regions used by the CNN models for classification.

leveraging the strengths of deep learning. Although PCR testing remains the gold
standard for COVID-19 diagnosis, it has limitations in terms of processing time
and logistical constraints, particularly during peak periods of the pandemic (Cheng
et al, 2020). Similarly, antigen tests, though faster, typically have lower sensitiv-
ity and are more effective during the initial stages of infection (Abduljalil, 2020).
Antibody tests, which help identify past infections, do not facilitate the immediate
detection of active cases (Watson et al, 2020). Our approach, by contrast, provides a
rapid, real-time analysis of imaging data, essential for immediate clinical decisions
and patient management. The effectiveness of integrating CXR and CT scans, as
demonstrated in our results, shows a higher diagnostic accuracy and faster process-
ing capability compared to these traditional methods, thus addressing significant
gaps in the current diagnostic landscape.
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The results of the study showed that the CNN-based deep learning model had
a high accuracy rate in correctly classifying both new crown positive and negative
CXR and CT images. This is in line with previous study where Siddigi (2019)
obtained an accuracy of 94.39%. Additionally, Guo et al (2020) obtained an ac-
curacy rate of 98%. Pham (2020) investigated pretrained convolutional neural net-
works (CNNs) for classifying COVID-19 on CT scans using a large public database.
When training the networks without data augmentation, CNN-based models had the
average accuracy of 96-99%.

Combining CXR and CT images for diagnosis is important because they pro-
vide complementary information. CXR can detect abnormalities in the lungs, while
CT images can provide a more detailed view of the anatomy and detect abnormali-
ties in other organs. By integrating these two imaging modalities, a more detailed
assessment of COVID-19 infection can be achieved, enhancing diagnostic accuracy
and patient outcomes. Moreover, EfficientNet-based model was found to perform
slightly better than the ResNet-based model in all aspects, suggesting that the larger
convolutional layers of EfficientNet-based models enable them to better capture fea-
tures from the data, leading to higher accuracy. With its excellent performance, the
EfficientNet-based model is a potential candidate to build a system for diagnosing
COVID-19 with hybrid chest X-ray and CT scans. Further research is needed to
examine how to better tune the models to achieve higher accuracy in diagnosing
the disease.

The results of the Grad-CAM analysis further demonstrate the utility of the
Grad-CAM method in medical imaging, which may help reduce diagnostic errors
and accelerate the diagnosis of COVID-19. By evaluating regions with high COVID-
19 incidence, additional knowledge of the disease’s origin may be acquired, thus
aiding in the production of new therapies to combat the virus.

This research has certain limitations, most notably the difficulty of tackling the
imbalance in the sampling data. The lack of COVID-positive samples leads to a
disproportionate ratio of healthy to diseased samples, hindering the development of
a balanced training model and posing issues with data versatility. Furthermore, to
improve the effectiveness and precision of ResNet-based and EfficientNet-based
models, considerable tuning of their hyper-parameters, that is, learning rate and
batch size is needed. Current hyperparameter settings could be a potential limitation
on model accuracy. In addition, models should be tested with data from relevant and
diverse sources. Given that the mutation of the COVID virus has certain temporal
and regional characteristics, the same model with different data sets may produce
different results. Therefore, it is necessary to compare the results of the model with
closely related datasets and compare them with the benchmark results.

Conclusion

The study proposes an effective method for diagnosing COVID-19 by combin-
ing CXR and CT images using deep learning techniques. The EfficientNet-based
models demonstrate superior performance over ResNet-based models, achieving
higher accuracy in classifying COVID-19 positive and negative cases. Integrat-
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ing Grad-CAM technology enhances the interpretability of the models, aiding in
reducing diagnostic errors and accelerating the diagnostic process. This approach
has significant potential to improve patient care and support healthcare systems in
managing the COVID-19 pandemic.

e This study innovatively integrates CXR and CT imaging modalities using
deep learning techniques. This integration allows for a more comprehen-
sive analysis of lung pathology than could be achieved by either modality
alone, enhancing diagnostic precision for COVID-19.

e The implementation of Grad-CAM technology represents a significant in-
novation. It provides visual explanations for the decisions made by the
deep learning model, highlighting areas in the images that significantly
influence the diagnosis, thus making the artificial intelligence’s (AI’s)
decision-making process more transparent and interpretable.

e The finding that EfficientNet-based models outperform ResNet models
because of their larger convolutional layers offer critical insights into the
architectural factors that enhance feature extraction and accuracy in med-
ical imaging.

e The study reports a notably high level of accuracy in utilizing deep learn-
ing for categorizing CXR and CT images as COVID-19 positive or nega-
tive.
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