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Abstract

The COVID-19 crisis has had a devastating impact in terms of loss of human life and economic
disruption. According to a world health organization report on March 2022, more than 6.1 million
people have died worldwide as a result of this pandemic. Early and precise recognition of COVID-
19 is key for treating patients and slowing the spread of the pandemic. Several artificial intelligence
(Al) based solutions have been developed to facilitate the application of chest X-ray (CXR) imaging
and anthropomorphic data for use as a COVID-19 screening tool in resource-limited settings. The
current study aims to develop a COVID-19 diagnosis scheme based on a deep learning (DL)
approach applied on X-ray image samples collected locally in Ethiopia as well as a severity
prediction tool based on a machine learning (ML) approach applied on anthropomorphic data
collected from the same patients. The study data for the DL approach consisted of 746 CXR labeled
images collected from St. Peter’s Specialized Hospital (SPSH) and Millennium COVID-19 care
center (MCCC) in Ethiopia. The samples were composed of images acquired from patients treated
for COVID-19 and normal controls. The DL model involved data preprocessing steps applied on the
raw CXR images and was designed based on transfer learning approaches. The diagnostic prediction
ability of the approach was measured in terms of probability score value and occlusion sensitivity
map. The study data for the ML model development consisted of 308 anthropomorphic data
(including demographic, comorbidity, and COVID-19 symptoms) collected from the MCCC to
check the severity level of the COVID-19 cases and classify them into one of the three classes:
moderate, sever or critical. A 5-fold cross-validation approach was used to train two popular ML
approaches namely Support Vector Machine (SVM) and K-nearest Neighborhood (KNN) models.
The DL method using ResNet-50 architecture achieved best classification performance with a
validation accuracy of 94.20 % in accurately classifying COVID-19 and normal cases. The SVM
model achieved a better prediction ability than K-NN with an overall accuracy of 89.9 % in
predicting the severity status of the COVID-19 cases.
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Chapter 1 Introduction
1.1 Background

COVID-19 is an infectious disease caused by the SARS-CoV-2 virus (coronavirus) [1]. The
coronavirus emerged in Wuhan, China at the end of 2019 and immensely spread around the world
[2][3]. According to a Word Health Organization (WHO) report from March 26%, 2022, COVID-19
infected over 483,556,595 individuals with 6,132,461 deaths worldwide [4]. Ethiopia represents
469,679 cases and 7,492 deaths by the pandemic [4]. The virus that causes COVID-19 changes over
time [5]. The SARS-CoV-2 variants include alpha, beta, gamma, delta, and omicron [5]. The
changes affect the virus’s properties, including how easily it spreads, the associated disease severity,
and the performance of vaccines [5]. Figure 1.1 below shows several countries, territories, and areas
reporting the COVID-19 variants. Person-to-person spread became the main mode of COVID-19
transmission [6]. It is mainly through close-range contact (i.e., two meters) via respiratory particles.
Prevention of COVID-19 includes taking personal preventive measures and prevention by

vaccination [7].

Alpha (193) I Beta (141)

~

SRR

Figure 1.1 Countries, territories, and areas reporting SARS-CoV-2 variants alpha, beta, gamma, and
delta, as of 31 August 2021 [8].

People with COVID-19 have had a wide range of symptoms. The spectrum of illness varies from
mild to critical. Studies show that severe COVID-19 cases can be determined by socio-demographic
characteristics and having a history of pre-existing comorbid illness [9][10]. The COVID-19 patterns
in the infection presentation, progression, and outcome were different in Africa in comparison with

the rest of the world [9]. Considering Ethiopia’s population size (the second most populous country
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in Africa), the ratio of COVID-19 cases per population is very low compared to most other African
countries [11]. The study conducted in [9] reported the risk factors of disease severity among the

Ethiopian population.

Early recognition of COVID-19 is key for treating infected patients and slowing the spread of the
pandemic. COVID-19 is commonly diagnosed by a reverse transcriptase-polymerase chain reaction
(RT-PCR), which can detect SARS-CoV-2 RNA from respiratory specimens (collected through a
variety of means, such as nasopharyngeal or oropharyngeal swabs) [1][3] (see also Figure 1.2).
However, RT-PCR is a time-consuming, laborious, and complicated manual process that is in short
supply [12][13]. In a study done by [14], the sensitivity of a single RT-PCR test of upper respiratory
tract samples was reported to be 82.2% and the sensitivity increases to 90.6% when patients are

tested twice.

AT

\ A X

AV, 3
Y/ SN
AT R

‘ \ ( s RinE:
% : N
RT-PCR machine Amplification

Figure 1.2 Illustration of RT-PCR-based COVID-19 diagnosis [15]

The other COVID-19 diagnostic method is lateral flow immunochromatography (Point-of-care-
testing). The SARS-CoV-2 Immunoglobulin G (IgG)/ Immunoglobulin M (IgM) rapid test is a
lateral flow chromatographic immunoassay capable of detecting antibodies against the SARS-CoV-
2 virus [16] [17]. On average, IgM and IgG antibodies may take one to three weeks to develop after
infection [18][19]. Some persons may not even develop detectable antibodies after COVID-19
infection, or antibody levels may decline over time to undetectable levels [19] [20].
The antibody tests are much affordable and faster than RT-PCT to use in resource-constrained areas,
however, they are not as sensitive as the tests done using RT-PCR [21].

A radiography examination, chest X-ray (CXR), and computed tomography (CT) have been
alternative screening methods utilized for COVID-19 screening [22]. CXR images are favored over
CT images due to their lower radiation dose, widespread availability, and lower cost [21][23]. Other

advantages of CXR include that it can be performed with portable equipment at the point of care,
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which can minimize the risk of cross-infection related to patient transport [22]. However, the visual
indicators of COVID-19 on CXR require experienced and expert radiologists to interpret the
radiographic images. Figure 1.3 shows axial CT and CXR mages of patients with mild and severe
COVID-19 cases.

Mild patient Severe patient

Chest X-ray image

Chest CT image

Figure 1.3 CXR and CT images with mild (A) and severe (B) COVID-19 [24].

Artificial intelligence (Al) approaches have made significant contributions to CXR image analysis
and the results reported showed their high classification performance and less time-consumption
[21] [25]. Deep learning (DL) is a subset of Al that uses deep neural networks (DNN) and that has
been used previously to develop a COVID-19 diagnostic tool trained on CXR images [26]. Machine
learning (ML) is the other Al technique used to predict the severity of COVID-19 cases where the
training is made using patients’ demographic data, previous medical history, and COVID-19
associated symptoms [27][28]. The field of Al can be represented by a Venn diagram that highlights

the conceptual relationships between the different techniques (Figure 1.4).

Artificial intelligence

Rule based expert system, closed loop system, ..

Machine learning

K-means, KNN, SVM, Decision free, ...

M

Figure 1.4 A Venn diagram of artificial intelligence [29].
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1.2 Problem statement

The COVID-19 crisis has had a devastating impact in terms of loss of human life and economic
disruption. Recent research applied Al-based technigues to the fight against COVID-19. However,
the datasets used in developing the Al models were derived from public repositories and do not
represent the Ethiopian population dynamics. The datasets were primarily aggregated from various
Western sources which miss out the Ethiopian demographic characteristics and other associated risk
factors. Ethiopia, having its unique geographical and epidemiological profile in the world, justifies
the need for its own dataset for use in automatic COVID-19 prediction. The current thesis work
assimilated datasets collected from St. Peter’s Specialized (SPSH) Hospital and Millennium
COVID-19 care center (MCCC) in Ethiopia for developing an Al-based clinical assistance tool for
COVID-19 diagnosis, leveraging the DL approach, and developing a severity prediction tool for the
confirmed COVID-19 cases using ML based algorithm trained on local anthropomorphic data. The
developed diagnostic and severity prediction models can be powerful tools for not only effectively
identifying incoming patient cases but also assisting in identifying confirmed COVID-19 severity

levels.
1.3 Research questions

v Can the DL model offer the best performance in the diagnostic prediction of COVID-19 using
the Ethiopian population CXR image dataset?

v/ Can we distinguish patient cases with a viable option of COVID-19 diagnosis?

v Can the ML model offer the best performance in severity prediction of COVID-19 cases on data
collected exclusively from the Ethiopian population?

1.4 Objectives of the study

1.4.1 General objective

The main objective of this thesis is to develop Al models for the diagnostic prediction of COVID-
19 using radiographic images and severity prediction of COVID-19 cases using anthropomorphic

data collected in Ethiopia.
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1.4.2 Specific objectives

v" To develop a DL-based COVID-19 diagnostic prediction model and evaluate its performance
using CXR images collected from SPSH and MCCC in Ethiopia. Performance evaluation of the
DL model will also be checked using open-source image data sets.

v To use probability scoring for diagnostically predicted classes and to use sensitivity map-based
visualization of decision-making areas by the DL model.

v To develop ML-based models that allow best severity prediction of confirmed COVID-19 cases

using anthropomorphic data collected in Ethiopia.

1.5 Organization of the thesis

The rest of the thesis has been organized into five chapters. Chapter 2 includes a literature review of
previous works done on diagnostic prediction and severity prediction of COVID-19 using DL and
ML methods. Chapter 3 presents the materials used and methods followed in the proposed COVID-
19 diagnostic and severity prediction scheme while Chapter 4 presents the major findings.
Discussions and limitations of the study are presented in Chapter 5. Lastly, Chapter 6 presents

concluding remarks and future directions of the study.
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Chapter 2 Literature review

2.1 Applications of DL in the diagnostic prediction of COVID-19 using

radiographic images

A previous study reported in [30] used a method based on DL networks to classify COVID-19 based
on X-ray images making use of the ResNet-50 pre-trained model. The authors used the Kaggle
dataset of COVID-19, which contained 50 CXR images of the lungs, where 25 CXR images were
for patients treated for COVID-19 and the rest 25 CXR images were acquired from healthy subjects.
For their experiment, a 5-fold and 10-fold cross-validation were used to split the dataset. Their
experimental results show that 5 folds offer more effective results than 10 folds with an accuracy of
97.28%. Another study reported in [31] developed a COVID-19 detection framework that used the
notion of a pre-trained model to automatically classify CXR images into three COVID-19 severity
classes: normal, moderate, and severe. The suggested approach combined transfer learning with
three prominent pre-trained CNN models: Resnet-50, GoogleNet, and AlexNet. Their system
considered 1491 CXR, including 1335 normal cases, 106 moderate cases, and 50 severe cases. The
dataset was divided into three parts: 70% for training, 15% for validation, and 15% for testing.
ResNet-50 outperformed the other architectures with an overall accuracy of 87.8%. In another study
[32], an ensemble deep convolution neural network model ‘‘CoVNet-19”’ was proposed to diagnose
COVID-19-infected patients using CXR images. They used 798 images taken from patients who
tested positive for COVID-19, 2345 pneumonia infected patients, and 2341 CXR images of healthy
cases. They used gradient-weighted class activation mapping for easy visualization of the results by
radiologists and other medical experts (see also Figure 2.1)Their experimental results show that the
overall classification accuracy obtained with their proposed approach for three-class classification
among COVID-19, pneumonia, and normal was 98.28%, along with an average precision and Recall
of 98.33% and 98.33%, respectively. The binary classification between non-COVID-19 and
COVID-19 CXR images was reported with an overall accuracy of 99.71%.
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1. NORMAL 2. PNEUMONIA 3. COVID-19

--

Figure 2.1 Gradient weighted class activation visualization [32].

In other research [33], DenseNet-121 was used to construct a DL-based strategy for detecting
COVID-19 patients. The suggested system was trained and tested using the COVIDx dataset, which
included 13,800 chest radiography pictures from 13,725 patients. Their dataset includes only 238
COVID-19-confirmed chest radiography images. The model was put to the test for two-class
classification (COVID-19 and non-COVID-19) and three-class classification (COVID-19,
pneumonia, and normal). Their network then achieved an accuracy of 96.49% for the two-class
classification and 93.71% for the three-class classification.

In a study reported in [34], a method for detecting coronavirus (COVID-19 causing and other
coronaviruses) based on deep transfer learning and several pre-trained models was proposed.
VGG16, VGG19, DenseNet-201, Inception-ResNet-V2, Inception V3, Resnet-50, and MobileNet
V2 are the seven pre-trained models the authors used for comparative analysis. The dataset for the
experiments comprised 6087 CXR images from normal, pneumonia, and coronavirus cases, Out of
the 6087 cases, 231 images were collected from confirmed COVID-19 cases. In their system, the
training and validation data partitions were kept at 80:20 ratio. Based on their results, Inception-
Resnet-VV2 and the DensNet-201 models provided better accuracy than the other models; 92.18%
accuracy for Inception-ResNetVV2 and 88.09% accuracy for Densnet201 (see Figure 2.2 for the

model the authors used).

17
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Figure 2.2 Block diagram of the methodology proposed in [34].

The study conducted in [35] proposed COVID-Net to detect distinctive abnormalities in CXR
images among samples of 13,870 taken from COVID-19 and pneumonic cases as well as normal
controls available at the COVIDx dataset. The dataset contained only 266 COVID-19 cases. The
authors compared the performance of the COVID-Net model with that of ResNet-50 and VGG-19
models by using the same training dataset. The sensitivity of the models in identifying COVID-19
cases were 91%, 83.0%, and 58.7% using COVID-Net, ResNet-50, and VGG-19, respectively.

In another study conducted in [36], five pre-trained CNN-based models (ResNet50, ResNet101,
ResNet152, InceptionV3, and Inception-ResNetV2) were proposed for the detection of COVID-19
cases based on analysis of CXR images. The authors implemented three different binary-class
classifications with four classes comparing COVID-19 (n = 341) against normal/healthy samples (n
= 2800), viral pneumonia (n = 1493), and bacterial pneumonia (n = 2772). Considering the results
obtained, they have reported that the pre-trained ResNet50 model provided the highest classification
performance (96.1% accuracy for Dataset-1, 99.5% accuracy for Dataset- 2 and 99.7% accuracy for
Dataset-3) among the other four used models. According to studies performed in [33] [49] [52] and
[53], the transfer learning approach was used for the diagnostic prediction of COVID-19 cases with
small data sets, and they reported high performance accuracy. Some other DL-based studies
proposed previously for use in the diagnosis of COVID-19 based on CXR images are shown in Table
2.1.
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Table 2.1 Other studies proposed for DL-based COVID-19 diagnosis using CXR images.

Title Architecture Images Image Class Performance
source  distribution
Recognition of ResNet-50 CXR 25 COVID- 2 (COVID-19 Accuracy
coronavirus  disease 19 and 25 and normal) 97.28 %
using a deep learning normal
network, 2021 [30]
A deep learning CoVNet-19 CXR 798 COVID- 3 (COVID-19, Accuracy
model for the 19, 2341 pneumonia, 98.28 %,
detection and analysis normal, 2345 and normal) Accuracy
of COVID-19 pneumonia 2 (non- 99.71 %
patients, 2021 [32] COVID-19 and
COVID-19)
Explainable COVID- Deep COVID CXR 1213 3 (normal, PPV 96.12%
19 diagnosis based on  Explainer: COVID-19, pneumonia, and Recall
chest X-ray images, (VGG-19 + 8636 normal and COVID- 94.3%
2020 [37] DenseNet- and 6038 19)
161) pneumonia

A depth-wise CovidLite CXR 536 COVID- 2 (COVID-19, Accuracy
separable deep neural 19, 619 viral and normal), 3 99.58%,
network with white pneumonia,  (normal, Accuracy
balance and CLAHE 668 normal  COVID-19, 96.43%
for  detection  of and viral
COVID-19, 2020 [38] pneumonia)
Artificial intelligence ResNet-50 CXR 324 COVID- 2 (COVID-19 Sensitivity
applied to chest X- 19, 276 non- and non- 80% and
rays can aid in the COVID-19 COVID-19) Specificity
diagnosis of COVID- 81%
19 infection, 2020
[39]
COVID-19: VGG19 CXR 224 COVID- 3 (COVID-19, Accuracy
automatic  detection 19 700 normal, and 96.78%,
from X-ray images pneumonia,  pneumonia) Sensitivity
utilizing transfer 504 healthy 98.66%  and
learning with Specificity
convolutional neural 96.46%
networks, 2020 [40]
Automated detection Dark COVID CXR 125 COVID- 2 (COVID-19, Accuracy
of COVID-19 cases Net 19, 500 andnormal), 3 98.08%,
using deep neural (Darknet-19, pneumonia (COVID-19, Accuracy
networks with X-ray YOYO) 500 no- normal, and 87.02%
images, 2020 [41] findings pneumonia)
Classification of DeTrace CXR 105 COVID- 3 (COVID-19, Accuracy
COVID-19 in chest ResNet18 19,11 SARS, SARS, and 95.12%,
Xray images using 80 normal normal) Sensitivity
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DeTraC deep 97.91%, and
convolutional neural Specificity
network, 2020 [42] 91.87%

2.2 Application of ML in severity prediction of COVID-19 using

anthropomorphic data

Research conducted in [28] aimed to develop a model that can predict whether a person is affected
by COVID-19 or not by using the SVM model (Figure 2.3). Their study used 200 records performed
on COVID-19 cases using 8 attributes (including COVID-19-related symptoms and medical
conditions), and the infection status was predicted as severely infected, moderately infected, and not
infected. The proposed model offered an overall accuracy of 87 %. Underlying medical conditions
associated with a higher risk of severe COVID-19 were described in [60]. Cardiovascular diseases
appear to be the most common, along with hypertension, diabetes, chronic respiratory diseases, and
cancer. Certain demographic features have also been associated with more severe illnesses. Males
have comprised a disproportionately higher number of critical cases and deaths in multiple cohorts
worldwide [10] [61]. According to the Centers for Disease Control and Prevention (CDC) review
[62], some baseline anthropomorphic characteristics are described as risk factors for COVID-19
spread and the risk of becoming ill from the pandemic. Table 2.2 shows increased risk factors for
COVID-19 severity [63].

Table 2.2 Anthropometric risk for COVID-19 infection [63].

Age Cardiovascular disease Heart disease and failure
Asthma Cerebrovascular diseases Hypertension
Autoimmune Chronic digestive, kidney, liver, and Immune system disorders
disorders respiratory disorders

COPD Diabetes Male gender

Cancer Drinking alcohol Overweight

Race Respiratory system diseases Smoking status

Another study proposed in [43] developed a COVID-19 severity prediction model based on SVM.
The authors trained the model by using clinical and laboratory features that are associated with
COVID-19 cases. In their study, they used 336 cases of COVID-19 patients, and they found that

their model was able to predict patients’ severity conditions with up to 77.5 % accuracy.
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Figure 2.3 Block diagram of the suggested COVID-19 detection methodology in [28].

KNN algorithm was also used in another study reported in [44] to predict COVID-19 survivals
(recovery and death) by using two parameters (age and gender) of patients containing 730 records.
To evaluate the performance of the ML model, 10-fold cross-validation was used as a resampling
procedure to validate the model. KNN algorithm-based outcome prediction results were compared
to other algorithms including logistic regression, decision tree, SVM, and multi-layer perception.
Whereas the KNN predicts the outcome of the COVID-19 cases (based on age and gender) with up
to 3.3% improved accuracy than other algorithms.

Another study conducted in [45] demonstrated the capability of ML algorithms in determining
whether a given patient (COVID-19 infected or suspected ) is more likely to survive than die or vice
versa. Their algorithm was trained on a database extracted from confirmed and suspected COVID-
19 infections, which was compiled and made publicly available by the Mexican federal government.
The database includes 28 features for each patient with a medical history, demographic data, and
information related to the COVID-19 episode. Their proposed method aimed to detect high-risk
patients with high accuracy and to improve hospital capacity planning and time management. Their
proposed ML algorithm was based on a multilayer feed-forward network with two sigmoid neurons
in a single hidden layer and two softmax neurons in the output layer. Their proposed algorithm
offered an accuracy, specificity, and sensitivity value of 93.5%, 90.9%, and 96.1%, respectively.

In another study, the classification accuracy of a dataset with some ML models was compared [46].
In their study, naive Bayes, KNN, SVM, and decision tree algorithms were trained on a COVID-19
database collected by the Mexican federal government with a sample record of 96,839. The best
result was obtained from the SVM algorithm in classifying COVID-19 positive and negative cases
with an accuracy of 100 %.

Prediction of COVID-19 patients using a supervised ML algorithm was conducted in [47]. In their

research, in order to evaluate the collected datasets of COVID-19 patients, five ML based classifiers
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were used: Nave Bayes, SVM, logistic regression, KNN, and decision tree model, as shown in Figure
2.4. COVID-19 datasets from the repository were combined and re-examined to remove incomplete
entries, and a total of 2500 cases were finally utilized. After performing classification, it was
uncovered that the decision tree classifier gives better outcomes. Increasing the data size in a model
is suggested as it will increase its performance. They have reported that the accuracy, specificity ,
and sensitivity reach values up to 93.5%, 90.9%, and 96.1%, respectively.

In another study, ML based model to predict the disease severity and outcome in COVID-19 patients
was presented [48]. The study was performed using 287 COVID-19 patient samples acquired from
the King Fahad University Hospital, Saudi Arabia. The data were analyzed using three classification
algorithms, namely logistic regression, random forest (RF), and extreme gradient boosting. A 10-K
cross-validation was applied for data partitioning. The authors reported that RF performed best with
an overall classification accuracy of 95%.
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Figure 2.4 Structure of six supervised ML models for predicting COVID-19 disease [47].

A summary of the studies based on ML method is presented in Table 2.3 including the model/s used,

the number of features, as well as the classification type, considered.
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Table 2.3 A summary of methods used for COVID-19 severity prediction using anthropomorphic

the severe-critical
symptom of patients
infected with COVID-19,
2020 [43]

data.
Title Model Numb Feature Classes Performance
er of s
data

A novel approach to SVM 200 8 3 (not- Accuracy
predict COVID-19 using a infected, 77.5%
support vector machine, infected,
2021 [28] severely

infected)
Prediction of COVID-19 KNN 730 2 2 Accuracy
Possibilities using KNN (recovered, 80.4%
classification  algorithm, deceased)
2020 [44]
Classification of COVID- SVM 96,839 19 2 (infected, Accuracy
19 dataset with some not infected) 100%
machine learning methods,
2020 [46]
Prediction of a COVID-19 Ensembled 2500 12 2 (infected, Accuracy
patient using a supervised  supervised not infected) 93.5%
machine learning
algorithm, 2021 [47]
A combination of four SVM 336 25 2 (severe, ROC-AUC
clinical indicators predicts critical) 99.96%
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Chapter 3 Materials and methods

This chapter discusses the proposed DL-based COVID-19 diagnostic prediction tool as well as the

ML-based COVID-19 severity status prediction scheme. The general methodological pipeline for
both schemes is shown in Figure 3.1.

Methodological pipeline

COVID-19 o
CXR (COVID-19, Pre- Train DL model: . . "’#’ :
pneumonia, and processing ‘L Transfer [ D'air_m?t'c ) i
H t
normal cases) technigue learning prediction :
1
Process flow-1 :
|
]
|
i
|
]
|
|
T T Tt
I
|
|
i Process flow-2
Moderate
]
: Anthropomorphic data Train ML .moc?el: L, Severity
S (moderate, severe, and K-fold validation orediction -
critical cases)

Figure 3.1 Process flow-1 (top) illustrates a methodological pipeline for the deep learning (DL)
based diagnostic prediction model development using chest x-ray (CXR) images; process flow-2
(bottom) illustrates a methodological pipeline for the machine learning (ML) based COVID-19
severity prediction model development using anthropomorphic data.

3.1 Diagnostic prediction of COVID-19

The CXR images were used in the diagnostic prediction model development and preprocessing

techniques were performed on the CXR images before further processing as illustrated in Figure 3.2.
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Figure 3.2 A schematic representation of the proposed COVID-19 diagnostic prediction model.

3.1.1 Study dataset

Data source

The CXR image dataset used to develop the proposed DL model was collected from St. Peter’s
Specialized Hospital (SPSH) and Millennium COVID-19 care center (MCCC) in Ethiopia. MCCC
was at the time the largest COVID-19 center in the country, with a capacity of 1000 beds in the
intensive care unit (ICU).

Study period and data sample

The CXR images from SPSH were collected between December 2, 2020, and May 11, 2021, whereas
the MCCC data was collected between July 17, 2021, and October 16, 2021. The CXR dataset
consisted of the following patient cases (see also Table 3.1):

v' COVID-19 cases: 65 from SPSH and 308 from MCCC;

v" Normal cases: 373 from SPSH;

Inclusion and exclusion criteria
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The inclusion criteria for the COVID-19 cases in MCCC and SPSH was all patients who were
confirmed to have COVID-19 using both RT-PCR and CXR imaging during the study period. The
inclusion criteria for the normal cases in SPSH was all cases with SARS-CoV-2 negative test results
and healthy CXR diagnoses. The other patients whose triage status was unknown were excluded
from this study.
Sample size
All cases meeting the inclusion criteria during the study period were included.
In order to further check the efficacy of the DL model, open source CXR data sets were also acquired
from additional four publicly available repositories, namely: COVID-19 radiography database [16]
from Kaggle; Montgomery County CXR set [17] from the National Library of Medicine, USA; CXR
images [18] from Kaggle, and Shenzhen CXR image set [19] from the National Library of Medicine,
China. The CXR images collected from open source consisted of (see also Table 3.1):
v' COVID-19 cases: 1200 from the COVID-19 radiography database [16];
v" Normal cases: 394 from the COVID-19 radiography database [16], 80 from Montgomery County
[17], 400 from Kaggle [18], and 326 from Shenzhen [19];
Ethical clearance for use of the CXR images was obtained from SPSH’s institutional review board
(IRB) with reference number VV264/07/04/2021. St. Paul’s Hospital Millennium Medical College’s
(SPHMMC) IRB issued the ethical clearance for the data collected from MCCC with reference
number Pm2367. All CXR images were accessed by using the Medical Record Number (MRN) and
patient name. Protected identifiable information such as patient name, patient sex, institution name,
station name (radiology), patient id, patient birth date, and operator’s name present in the metadata
(header) was de-identified (anonymized). The anonymized CXR dataset was coded as follows. For
example, in COVID-ET-PX, “COVID” represents COVID-19 confirmed case. For normal cases,
“COVID” would be replaced by “NORMAL”. “ET” represents data that has been acquired in
Ethiopia. “P” is used for images collected from SPSH and would be replaced by “SP” for images
collected at MCCC while “X” represents a specific patient referring number. The images were
structured in a folder to be used for training, testing, and validation and were labeled by a radiologist

(original sample images are presented in Figure 3.3).
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Figure 3.3 Randomly selected sample images from the two classes: COVID-19 (left) and normal
(right).

Table 3.1 CXR images collected from different sources.

Source Case Data type # of Images
Ethiopia (SPSH and MCCC) COVID-19 CXR image 373
Ethiopia (SPSH) Normal CXR image 373
Open source [49] COVID-19 CXR image 1200
Open source [78][79][51][52] Normal CXR image 1200

3.1.2 CXR image preprocessing

Two preprocessing techniques were applied on the CXR images before further analysis namely

image complement and augmentation, as explained below.

Image complement

The CXR images collected from MCCC were all in a digital negative format (dark and bright pixel
intensity values switched) compared to those acquired from SPSH and the open-source data
repositories. The images were specifically acquired for clinical diagnosis purposes (not directly for
research). Therefore, an image complement was applied to the CXR images collected from the

MCCC. In the output image, dark areas become light, and light areas become dark. The output image
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has the same size and class as the input image. Sample CXR images collected from the MCCC and

their complements and respective histograms are shown in Figure 3.4.
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Figure 3.4 Top: Original CXR sample images collected from MCCC (1%t and 2" column) and their

complements (3" and 4™ column); Bottom: corresponding histograms.

Image augmentation

A randomized augmentation including rotation, scaling, flip, reflection, and shear was applied to the
training dataset (Figure 3.5). Augmentation enhances network training to be invariant to distortions

and helps in reducing network overfitting [53][87][55].

4 ’
Qriginal Translation Rotation Horizontal Flip

Figure 3.5 Illustration of CXR image data augmentation.

3.1.3 Network training

As explained in Chapter 2, there are different deep transfer learning approaches used in the literature
for various applications. Two of the most popular ones, namely ResNet-50 and DenseNet-201, have
been adopted in the current study during training. These two DL architectures are in favor given
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image classification results reported in previous literatures (as also listed in Chapter 2). The binary

classification was used to discriminate COVID-19 samples from that of the normal controls.
Data partitioning

A random image split was performed to use 60% of the image samples as a training dataset, 30%

for validation, and the remaining 10% for testing the model. The validation dataset is used to provide

an unbiased evaluation of a model fit on the training dataset while tuning model hyperparameters.

The test dataset is used to describe the evaluation of a final tuned model on an unseen dataset. Three

different scenarios were considered during partitioning:

v Only the Ethiopian dataset was used for training (373 COVID-19, 373 normal);

v' The Ethiopian and open-source datasets were mixed for training (1200 + 373 COVID-19 and
1200 + 373 normal), and

v Only the open-source dataset was used for training (1200 COVID-19 and 1200 normal).

Considering the less prevalence of COVID-19 in the Ethiopian population [56], the DL model’s

performance was also checked by using only four images as a test dataset for COVID-19 cases

(which is 1% of normal cases), whereas the split ratio of the other dataset was kept the same. In

order to reduce biases in selecting the experiment data, a random sampling approach was used.

Transfer learning

The transfer learning techniques changed the last three layers of the neural network’s architecture:
the fully-connected layer, softmax layer, and classification output layer, and the 1000 classes used
in ResNet-50 and DenseNet-201 were changed to three (in case of multi-class classification) and

two (in case of binary classification) as also illustrated in Figure 3.6 for the case of ResNet-50.
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Figure 3.6 The original ResNet-50 last layers (left), and the transferred ResNet-50 last layers (right).

Training parameters of the network

Three parameters are important in setting up the DL scheme during training: epoch size, batch size
as well as the learning rate. These parameters are picked to give best training accuracies at the end.
A full pass through the entire data set is called an epoch. Maximum number of epochs to train the
model can be specified. It is recommended to select a smaller number of epochs for small networks

or for fine-tuning and transfer learning, where most of the learning is already done.

There are different options used to optimize the network hyperparameters including ‘rmsprop’ (root
mean square propagation) and ‘sgdm’ (stochastic gradient descent with momentum). One other
popular optimizer is Adams, derived from adaptive moment estimation, which has been used
successfully in different studies. In the current study, Adam optimizer was used to network update
parameters. Accordingly, the maximum number of epochs, the minimum-batch size, and the learning
rate were set. To increase data randomness, data shuffling was enabled. While training the network,
the progress was checked in terms of accuracy and loss at different iteration points and epochs.

Figure 3.7 presents a sample training progress for multi-class classification using ResNet-50.
Experimental settings

A personal computer with a Microsoft Windows operating system, Intel® Core™ i5-72000U CPU
@2.50GHz-2.71GHz, 8.00 GB RAM was used for implementation of the DL scheme on a MatLab

(R2020a) environment.
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Probability scoring and prediction visualization

The developed DL model has interpretability and visualization advantages to assist clinicians in
providing a final diagnosis. It displays the probability score value for the diagnostically predicted
class for a given input image. The visual explanations of the prediction were achieved using an
occlusion sensitivity map to facilitate the investigation of the region of interest. The sensitivity map
dictates the DL model decision-making areas on the CXR images that provide more contribution for

the predicted class.
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Figure 3.7 A sample training progress for the binary class classification using ResNet-50.

3.1.4 The DL method performance evaluation

Performance evaluation of the DL based classification scheme was carried out using five different
matrices: sensitivity, specificity, precision, accuracy as well as fl-score. These matrices are
computed using the number of true positives (TP), true negatives (TN), false positives (FP), and

false negatives (FN) as shown in the equations below.

P
itivity = ———— = Recall
Sensitivity TP+ FN eca
Specificit w
pecificity = o
Precision = ——— = Postive Predictive Value (PPV)
TP+FP
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TP + TN
TP + TN + FP + FN
Precision x Recall

Accuracy =

F1 - =2
score X Precision + Recall

3.2 Severity prediction of COVID-19 cases

The anthropomorphic data collected from confirmed COVID-19 cases was used in the severity
prediction model development. The schematics of the proposed COVID-19 severity prediction

model based on ML is illustrated in Figure 3.8.

3.2.1 Study dataset

Data source

The study participants were all laboratory-confirmed COVID-19 positive cases who were admitted
to the care center during the study period.

Study period and data sample

The anthropomorphic data from the MCCC were collected between July 17, 2021, and October 16,
2021. The anthropomorphic data includes the following COVID-19 patient cases: moderate cases (n
= 84), severe cases (n = 197), and critical cases (n = 27) (see Table 4.2 for the summary). The study
participants were all laboratory-confirmed COVID-19 positive cases who were admitted to the care
center during the study period.

Inclusion and exclusion criteria

The inclusion criteria for the COVID-19 cases in the care center was all confirmed COVID-19
patients admitted with filled-out triage sheets and also having CXR diagnostic results. The other
patients whose triage status is unknown and whose CXR images were not available were excluded
from this study.

Sample size

All cases meeting the inclusion criteria during the study period were included.

The St. Paul’s Hospital Millennium Medical College’s (SPHMMC) IRB issued the ethical clearance
for the anthropomorphic data collected from MCCC with reference number Pm2367. The
anthropomorphic data was accessed from the patient’s triage sheet by using the MRN and the

protected identifiable information was de-identified.
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A total of 15 features acquired from the COVID-19 patient triage sheets have been used for the ML
model development. The 15 features contain demographic characteristics, medical history, and

COVID-19 associated symptoms. The list of the 15 features is presented in Table 3.3.

Anthropomorphic data from
confirmed COVID-19 cases

Preparing the dataset
(moderate/severe/critical)

|

Training dataset Test dataset

l

Select ML model

Are the features same
as training data set?

[

Feature selection (15 predictors and 1 response)

1l Yes |
Predictor Response '
(differentiating factors) || (3 class triage summary) | Test the selected ML model with
1 U independent test dataset
Training

Best severity prediction
model for COVID-19 cases

ﬂ

Performance evaluation and
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Export selected best ML model
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Critical

Figure 3.8 Schematic representation of the proposed COVID-19 severity prediction model based
on machine learning (ML).

Table 3.2 The total number of collected anthropomorphic data from confirmed COVID-19 cases.
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Source Cases Data type Number of records

Ethiopia, MCCC Moderate Anthropomorphic 84
Ethiopia, MCCC Severe Anthropomorphic 197
Ethiopia, MCCC Critical Anthropomorphic 27

3.2.2 Anthropomorphic data preparation

The differentiating features were used to predict the severity status (response) of the patients into
either moderate, severe, or critical cases. Patients with SpO»<=65% and/or respiratory distress with
or without additional symptoms/comorbidities are considered critical. Cases with
65%<=Sp0,<=93%, acute chest pain, and/or coughing up blood with or without additional
symptoms/comorbidities are considered severe. While patients with normal SpO: level (i.e. >=93%)
but with shortness of breath (SOB), cough, active vomiting, acute abdominal pain, and/or stable
comorbidities such as asthma, cardiac illness, Diabetic Mellitus (DM), and hypertension are
considered moderate. The above is used as the ground truth information while developing the ML
based severity prediction scheme. The two additional patient information used during the algorithm
development are age and gender.

Each of these 15 features are inserted as input to the ML algorithm in a weighted sense. In the current
study, the percentage of cases with that specific symptom/comorbidity has been used as a weighting
factor. For example, if a patient is Asthmatic and 10 of the total population (i.e. 308) are confirmed
Asthma cases, then this patient case will assume a weight factor of 3.2. If the patient is not Asthmatic,
then he/she will get a zero weight. All weights are calculated based on this principle. Two of the
features (out of 15) deviate from this rule, namely age, and gender. If a patient is between ages 15
and 29, he/she will assume a weighting factor of 6.5. If the age range is between 30 and 44, then a
weighting factor of 23.5 is used, and so on. Similarly, if the gender happens to be male, then he will
assume a weighting factor of 57.5 and if it is a female, then she will assume a weighting factor of
42.5. Table 3.3 summarizes the characteristics and differentiating factors presented on the studied
patients for severity prediction.

Two of the most popular ML approaches are considered namely a support vector machine (SVM)
and a K-nearest neighbor (KNN) and the efficacy of both has been checked in terms of predicting

the severity level of COVID-19 based on the available anthropomorphic dataset.

Table 3.3 Differentiating features used for predicting COVID-19 severity levels.
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No Feature Number of Percentage (%)

records

1 Age Range: 1510 92 308 100

15to0 29 19 6.5
30to 44 69 23.5
4510 59 92 31.3
>= 60 114 38.7
2 Gender: Male 177 57.5
Female 131 42.5

3 SOB: Yes 188 61

NO 120 39
4 Cough: Yes: 247 80.2
No: 61 19.8
5 65<=Sp02<=93% on room air: Yes 192 62.3
No 116 37.7

6 Respiratory distress: Yes 11 3.6
No 297 96.4
7 Acute chest pain: Yes 59 19.2
No 249 80.8

8 SpO2 <= 65%: Yes 17 55
No 291 94.5

9 Coughing up blood: Yes 6 2

No 302 98

10 Actively vomiting: Yes 13 4.2
No 295 95.8

11 Acute abdominal pain: Yes 10 3.2
No 298 96.8

12 Asthma: Yes 10 3.2
No 298 96.8

13 Cardiac illness: Yes 11 3.6
No 267 96.4
14 DM (diabetes mellitus): Yes 57 18.5
No 251 81.5
15 Hypertension: Yes 73 23.7
No 235 76.3
Triage summary: Moderate 84 27.3

Severe 197 64

27 8.7

Critical

There were other features included in the datasheet as differentiating features but not used in the ML

model development due to the unavailability of data on the triage checklist during the study period.
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These include active seizure, Systolic Blood Pressure (SBP) <= 90 mmHg, capillary refill > 2 sec,
Glasgow Coma Scale (GCS) <= 13, change in mentation/confusion, diabetic + Random Blood Sugar
(RBS) test > 350mg/dl, SBP >= 180 or Diastolic Blood Pressure (DBP) >= 110, pregnancy (1% and
2" trimester), history of cancer diagnosis, and previously bedridden patients.

Note that a personal computer with a Microsoft Windows operating system, Intel® Core™ i5-
72000U CPU @2.50GHz-2.71GHz, 8.00 GB RAM was used for implementation of the ML scheme
on a MatLab (R2020a) environment.

3.2.3 The K-fold cross-validation

A 5-fold cross-validation approach has been used. In the first iteration, the first fold was used to test
the model, and the rest were used to train the model. In the second iteration, the second fold was
used as the testing set while the rest served as the training set. This process was repeated until each
of the five folds had been used as the testing set (see also

Figure 3.9).

1st Fold | | |
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|
|
l
|

4th Fold |

|
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|
|

5th Fold |

- Validation Set -Training Set

Figure 3.9 Schematic representation of the 5-fold cross-validation.

3.2.4 The ML model performance evaluation

The performance of the ML model in predicting the severity status of COVID-19 cases was
evaluated using accuracy and the area under the receiver operating characteristic curve (ROC-AUC).
The ROC curve is a probability curve plotted with a false positive rate (FPR) on the x-axis and a
true positive rate (TPR) on the y-axis. A confusion matrix is used to describe and visualize the
performance of the ML model and also provides insight into what the model misclassified. The
confusion matrix consists of true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN) (Figure 3.10). In addition, the model build time was also compared for both the DL
and the ML models.
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Figure 3.10 Theoretical structure of the confusion matrix.
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Chapter 4 Results

4.1 Results of diagnostic prediction

4.1.1 DL model performance (using the Ethiopian CXR dataset)

The proposed DL model using the Ethiopian CXR images achieved a validation (using 30% of the
total dataset) precision, sensitivity, accuracy, specificity, and F1-score of 98.06%, 90.18%,
94.20%, 98.21%, and 93.95%, respectively using the ResNet-50 model and 98.98%, 86.61%,
92.86%, 99.11% and 92.11, respectively using the DenseNet-201 model. The confusion matrix of
the balanced test dataset (using 10% of the total dataset) using ResNet-50 show that out of 38
COVID-19 test data samples, 36 are correctly predicted as COVID-19 and 2 of COVID-19 cases
were predicted as false negatives (see also Figure 4.1). In the case of the DL model performance
evaluation using only 4 COVID-19 CXR images as a test dataset, the DL model classified 3 images
as true positives and 1 image as false negative (see also Figure 4.1). The ResNet-50 model offered
sensitivity and accuracy of 94.74% and 96.05% respectively using the balanced test dataset and
75% and 95.24% respectively using the imbalanced test dataset.

During the training of the DL models, ResNet-50 took around 39.34 minutes to complete the
training whereas DenseNet-201 took around 183.59 minutes. A comparison of the computational
time requirement of the two models, clearly indicates that the DL model building time of
DenseNet-201 was significantly higher than that of the ResNet-50 model.

True class True class

COVID-19 Normal COVID-19 Normal

COVID-19
COVID-19

Predicted class
Predicted class

Normal
Normal

Figure 4.1 Confusion matrix with balanced test dataset (left) and with imbalanced test dataset
(right) using Ethiopian CXR dataset.
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Table 4.1 Comparison of the classification performance of ResNet-50 and DenseNet-201 DL

models using CXR images taken from the Ethiopian dataset.

Ethiopian COVID-19 vs Normal COVID-19 vs Normal COVID-19 vs Normal
CXR dataset  (Validation dataset) (Balanced test dataset) (Imbalanced test dataset)
Model ResNet-50 DenseNet-201 ResNet-50 ResNet-50
Precision 98.06 % 98.98 % 97.30 % 75 %
Sensitivity 90.18 % 86.61 % 94.74 % 75 %

(Recall)

Accuracy 94.20 % 92.86 % 96.05 % 95.24 %
Specificity 98.21 % 99.11 % 97.37 % 97.37 %
F1-score 93.95 % 92.11 % 96 % 75 %

4.1.2 DL model performance (using combined Ethiopian and open-source CXR datasets)

The classification of CXR images on the combined Ethiopian and open-source datasets achieved
an accuracy of 97.35 % using the ResNet-50 model (Table 4.2). The elapsed time taken by the
ResNet-50 model to build the binary- classification model on the combined dataset was 157.7 min.
A summary of the results is presented in Table 4.2 below. Testing of the other DL model, DenseNet

201, was found computationally infeasible to be applied on the combined dataset.

Table 4.2 Binary classification performance of the ResNet-50 model applied on the combined

CXR images acquired from both the Ethiopian and open-source databases.

Combined Ethiopian Precision  Sensitivity Accuracy Specificity F1-score Elapsed

and open-source (Recall) time
CXR datasets

COVID-19 vs 96.86 % 97.77 % 97.35%  96.82 % 97.37 % 157.7 min
Normal
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4.1.3 Deep learning model performance (using the open-source CXR dataset)

The binary classification scheme applied on CXR images acquired from the open-source database
achieved an overall accuracy of 98.75 % using the ResNet-50 model (Table 4.3). The elapsed time
when building the ResNet-50 model in the binary-class classification applied on the open-source
dataset was around 137 min. Once again, testing of the other DL model, DenseNet 201, was found

computationally infeasible to be applied on the open-source dataset.

Table 4.3 Binary classification performance of the ResNet-50 model when applied on the CXR

images acquired from the open-source database.

Open-source  Precision  Sensitivity =~ Accuracy  Specificity F1l-score Elapsed

dataset (Recall) time
COVID-19vs 100 % 97.50 % 98.75 % 100 % 98.73% 137 min
Normal

4.2 Visualization of predicted images

Figure 4.2 presents the sensitivity map generated after evaluating the performance of the DL-based
schemes in predicting the different classes. In general, the models achieved maximum probability
scores in predicting true positives. For example, the probability scores of the ResNet-50 model in
predicting the two true COVID-19 cases presented in Figure 4.2 were 0.99999 and 0.98082,
respectively. The same model resulted in probability scores of 0.0000049 and 0.0083337,
respectively, in predicting the two confirmed COVID-19 cases as normal. Similar results were
obtained when considering the normal cases. A summary of the probability scores computed for
two randomly selected COVID-19 and normal cases is presented in Table 4.4 while the respective
sensitivity maps are depicted in Figure 4.2. Note that red signatures on the sensitivity map indicate

areas of maximum values on the occlusion map.

Table 4.4 Computed class prediction probability scores for selected CXR image samples taken
from COVID-19 and normal cases.

No. Class Predicted class Probability Top predicted
score class
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COVID-19 COVID19 0.99999 COVID-19
Normal 0.0000049

COVID-19 COVID19 0.9808200 COVID-19
Normal 0.0083337

Normal Normal 0.9960200 Normal
COVID19 0.0008083

Normal Normal 0.9980400 Normal
COVID19 0.0000020
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Figure 4.2 Randomly selected sample images with occlusion sensitivity mapping from the two
classes namely: COVID-19 (1%t column) and normal (2" column).

41



4.3 Results of severity prediction

As explained in the previous chapter, two models are compared for their efficacy in predicting the
severity status of the confirmed COVID-19 cases: SVM and KNN. When predicting the severity
status, the SVM model offered an overall accuracy of 89.9% while it took the model just over 1.52
seconds to complete prediction of all samples into their respective classes: moderate, severe, or
critical. While the KNN model performed with an accuracy of 89.6% with an elapsed time of 3.67
seconds. The true positive rates for classifying critical, moderate, and severe cases by using the
SVM model were 100%, 61.7%, and 95.2%, and by that of KNN were 95.8%, 66.0%, and 94.2%,
respectively. A summary has been presented in terms of the confusion matrix presented in Figure
4.3.

SVM with 5-fold cross-validation KNN with 5-fold cross-validation

Critical LR .

Moderate

Critical [RIe[oXe5Z3

Moderate

True Class

Severe

True Class

Critical Moderate Severe
Predicted Class

Severe

Critical Moderate Severe
Predicted Class

Figure 4.3 Computed confusion matrix including the true positive rate (TPR) and false negative
rate (FNR) obtained using the SVM model (left) and the KNN model (right) with a 5-fold cross-

validation.

The prediction accuracy of the proposed models was further validated using ROC curves and the
respective AUC values, as also presented in Figure 4.4 and Figure 4.5 using SVM and KNN,
respectively. The AUC values computed when using SVM were 1.0, 0.95, and 0.95 when
predicting critical, severe, and moderate COVID-19 cases, respectively. The AUCs computed
when using the KNN model were 0.98, 0.85, and 0.80 when predicting critical, severe, and

moderate cases, respectively.
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Figure 4.4 ROC curves and respective AUC values computed when using the SVM model in

predicting critical (left), severe (middle), and moderate (right) COVID-19 cases.

Figure 4.5 ROC curves and respective AUC values computed when using the KNN model in
predicting critical (left), severe (middle), and moderate (right) COVID-19 cases.
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Chapter 5 Discussion

5.1 Overview of the studies and the major findings

This work mainly focused on developing and studying automatic models for COVID-19 diagnostic
prediction based on DL as well as severity prediction based on ML method using Ethiopian
datasets. The DL model was trained on CXR images collected from SPSH and MCCC in Ethiopia.
In addition, the performance of the DL model was validated on data acquired from an open-source
database. The CXR image data distribution was performed by splitting the data into 60% for
training, 30% for validation, and the remaining 10% for testing the DL model. The performance
of the DL model was also checked on an imbalanced test dataset using only 4 COVID-19 CXR
images (which is 1 % of the normal cases). The ML model was trained on anthropomorphic data
collected from confirmed COVID-19 cases in MCCC.

The study exploited ResNet-50 and DenseNet-201 neural network architectures for developing the
DL model. Useful image preprocessing techniques on the CXR images and transfer learning
techniques on the DL models were included while developing the diagnostic prediction model.
Every COVID-19 predicted image was identified using probability scoring and a decision
visualization highlighted by the DL model. The two ML methods, namely SVM and KNN, were
trained with a 5-fold cross-validation approach to select the best-performing COVID-19 severity

case prediction tool.

The ResNet-50 model was able to classify the Ethiopian CXR images with a validation precision
of 98.06%, a sensitivity of 90.18%, an accuracy of 94.20%, a recall of 98.21%, and an F1-score of
93.95. The F1-score offered by the ResNet-50 with the balanced and imbalanced test dataset was
96% and 75% respectively. By combining the Ethiopian dataset with the open-source dataset, an
accuracy of 97.35% was obtained in the classification of COVID-19 and normal cases. On the
severity prediction of the COVID-19 cases, the SVM model achieved an accuracy of 89.9% while
the KNN achieved an accuracy of 89.6% using a 5-fold cross-validation approach.

The transfer learning approach has been predominant in literatures related to DL-based COVID-
19 researches [30][34][37][57]. In the current work, a transfer learning approach was adopted by
changing the last three layers of the neural network, and the training of the DL model was
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performed with the hyper parameters of minimum batch size 32, epoch 5, an initial learning rate
of 0.0001, and Adam optimizer.

Following the studies conducted by the authors in [37] and [57], image preprocessing is one of the
major steps before training a DL model. In that regard, an image complement technique was
applied on the CXR images collected from MCCC. Unlike the CXR images collected from SPSH
and the open-source repositories, the MCCC’s CXR images were in the form of image negatives
(see Figure 3.4, for example). Data augmentation was the other useful method applied on the

original CXR image datasets before further processing.

Two DL models, ResNet-50 and DeseNet-201, were used in the current study as other researchers
has already demonstrated the promising performance of the two models when applied in COVID-
19 diagnostic prediction [30][58]. It was found in the current study that the DenseNet-201 model
requires an expressively higher training time than the ResNet-50 model (see also Figure 5.1),

indicating that it has a higher computational cost [34].
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m ResNet 50 ™ DenseNet 201

Figure 5.1 A graphical summary of the elapsed times taken by the DL models when applied on the

Ethiopian local dataset.

It is known that in a given test performed at a given COVID-19 Center, most would test negative

while a smaller number would test positive for the disease. This is the actual scenario. In order to
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test the efficacy of the proposed deep learning model in such scenarios, an imbalanced test dataset-
based experiment was performed. On selecting the experimental dataset in this case, a random
sampling approach was attempted to reduce bias. Simple random sampling is one of the most
successful methods several researchers use to mitigate sampling bias in deep learning applications.
It ensures that everyone in the population has an equal chance of being selected. It has been seen
in the result that, using the imbalanced test dataset on the developed DL model, there is a slight
decrease in the accuracy and specificity of the model (see also Figure 4.1). The sensitivity and
precision decreased significantly, mainly due to the fact that with the small number of given test
data (in our case, 4 COVID-19 images), the single image misclassification cost was high (25%).
The sensitivity, precision, and F1 score increased when the number of test datasets increased, as

shown in Table 4.1.

Several studies have been carried out previously to make DL more interpretive in COVID-19
diagnostic prediction. Research done by the authors of [59], [60], and [61] suggested mappings
(Grad-CAM, occlusion sensitivity) to provide an explainable view of the DL models focusing
areas. Grad-CAM and occlusion sensitivity usually return qualitatively similar results [62].
However, the Grad-CAM map can miss fine details more than the occlusion sensitivity map [62].
In the current study, a probability scoring and occlusion sensitivity mapping have been used to
make the proposed DL model more interpretable and explainable (see also Table 4.4 and Figure
4.2).

Different researchers reported that in most types of pneumonia cases, the bacteria or the virus
reproduces itself and spreads throughout the lung areas quickly [63] [64]. On the other hand,
COVID-19 pneumonia infects small areas and settles in, and then the COVID-19 virus uses the
immune system to start spreading into other parts of the lung over time [63] [64]. Similar to the
study done by the authors of [60] and [65], the current study was able to show that the DL model
visualization for COVID-19 cases focused around the lung region. Whereas in normal cases, the
DL model appeared to be more interested in the edges. The results shown in the probability scoring
and the visualization option can support clinicians and enhance their screening skills to make faster
and more accurate diagnoses.

Different studies observed the achievement of ML techniques in classifying COVID-19 severity

status. A study conducted by the author of [28] found the performance of ML in classifying
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COVID-19 cases using the SVM model and reported an accuracy of 77.5%. In another study
reported by the authors in [44] found the performance of KNN with a cross-validation approach
and achieved an accuracy of 80.4%. The authors of [44] and [66] also evaluated their ML model
using a cross-validation approach. In the current work, both SVM and KNN were employed with
a 5-fold cross-validation approach. Figure 5.3 shows the comparison of the confusion matrix
generated by the trained SVM and KNN models. It was observed that KNN has a higher elapsed
time than SVM to predict the COVID-19 severity cases (Figure 5.2). Some studies have shown
the development of ML methods trained on data from laboratory results, demographic information,
and clinical data to predict the severity status of COVID-19 patients. The research conducted by
[67] used laboratory data to identify patients who require special attention and forecast their length
of stay in specialized care. Another study used demographic and clinical parameters to use ML
methods to stratify the need for ICU admissions, and their results showed that SVM can perform
with an accuracy of 88.1% [68]. In the current work, focus was given to using anthropomorphic
features containing demographic information, symptoms, and general medical conditions of
COVID-19 patients to establish the ML based approach that can predict severity levels (Table 3.3).
Results have shown that the SVM model can predict the severity status of COVID-19 patient cases
with higher accuracy than KNN exploiting 15 differentiating simple features without the need for

laboratory testing.
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Figure 5.2 A graphical summary of the elapsed times taken by the ML models when applied on

the Ethiopian local dataset.
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Figure 5.3 Comparison of the confusion matrix for the trained SVM and KNN models.

5.2 Significance and limitations of the study

Early screening and severity status prediction of COVID-19 are key both in terms of slowing the
speed of the spread and viably treating incoming patients. The Al detection method could deliver
many potential benefits. From a methodical perspective, this study illustrates a step toward the
potential of an Al-driven system for COVID-19 diagnostic and severity prediction, based on DL
and ML models. The proposed method used a wide variety of metrics, including accuracy,
sensitivity, specificity, precision, Fl-score, confusion matrix, and ROC-AUC to evaluate the
performance of models. From a data perspective, this study provides new datasets to augment
Ethiopian datasets with existing publicly available datasets, which were used by the research
community to develop Al-driven COVID-19 detection models. As far as the literature review
carried out in the current study, collecting and utilizing the Ethiopian dataset for DL model
development and anthropomorphic data for severity prediction based on ML has never been done
before. This can minimize the drawbacks and issues of data inclusiveness for Al applications.
From a clinical standpoint, Al models could be used as a screening tool to assist radiologists screen
suspected COVID-19 patients, thereby shortening the waiting time for clinical decisions. It is noted

that the development of Al-driven detection of COVID-19 infection does not intend to replace the
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RT-PCR test, as it is the gold standard in diagnosing COVID-19. Rather, Al-based detection aims
to augment the inaccessibility of RT-PCR machines in many countries.

In the proposed study, there was a limitation in the number of datasets acquired, especially in the
Ethiopian dataset while establishing both diagnostic prediction and severity prediction models.
Usually, for the ML method, the larger the dataset, the better the result will be. Preparing and
collecting data from different institutes might improve the results and make them more general.
The other limitation is that only frontal CXR was used, but it has been shown that lateral view
CXR is also helpful in the diagnosis of abnormalities in CXR [38]. Such and similar other issues

were beyond the scope of the current study.
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Chapter 6 Conclusions and future works

6.1 Conclusions

This thesis demonstrated the potential of an artificial intelligence-based approach for the
diagnostic and severity prediction of COVID-19 using data collected from Ethiopia. The proposed
diagnostic prediction model was developed using the DL method for discriminating COVID-19
and normal cases using CXR images and the overall results were well acceptable. Experiments
were performed on both balanced and imbalanced test datasets. The imbalanced test dataset
experiment was performed to consider the lower prevalence of COVID-19 cases compared to

normal cases.

The proposed severity prediction model was developed using the ML method for predicting the
severity status of COVID-19 cases as moderate, severe, or critical. The ML method also
demonstrated commendable results using demographic data, medical history, and COVID-19-
related symptom data collected from confirmed COVID-19 patients. Based on the specific
objective, the following conclusions can be made:

v The ResNet-50 model with the Adam optimizer, initial learning rate of 0.0001, minimum
batch size of 32, and Epoch of 5, achieved a test accuracy and F1-score of 96.05% and 96%
using the balanced test dataset, and 95.24% and 75% using the imbalanced test dataset;

v The availability of class-predicting scores and visual explanations using an occlusion
sensitivity mapping offers a rapid second opinion to assist clinicians in the final interpretation
of CXR images, and

v The ML model (using SVM) can effectively identify the severity status of patients among
those exposed to COVID-19 with an accuracy of 89.9%. This allows healthcare front-liners
to isolate and give timely treatment to incoming patients. Furthermore, this will aid in resource

allocation based on the severity status of the patients.
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6.2 Future works

There are still rooms to enhance the performance of the proposed DL and ML based approaches

so that they be clinically applicable.

v' To apply multi-class classification based on CXR images of different pneumonia types
(bacterial, viral, and fungal infections).

v To have plenty of data to train the DL models from scratch instead of adopting transfer learning
techniques.

v To try combination of other DL architectures for building an improved accuracy in COVID-
19 detection system using the CXR images.

v To consider other differentiating features that are available on the patient’s triage sheet, such

as clinical manifestations, for developing an improved ML model.
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