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Abstract

The increased amount of labeled X-ray image archives has triggered increased research
work in the application of statistics, machine learning, deep learning, and computer vi-
sion across the different domains. The fresh studies on the application of deep transfer
learning (60) CNN to detect and classify few COVID-19 datasets have had major suc-
cess. COVID-19 dataset has been collected since the outbreak of the COVID-19 viruses
in quarter four of 2019. COVID-19 virus confused the diagnosis, treatment, and care
of patients because there is no cure and the virus mutates into different fatal variants.
This has led to thousands of people dying, increased admission into hospital beds, ICU,
and other health facilities. Hundreds of thousands of new infection cases are reported
daily across the world. The overburdening of the health system by the COVID-19 virus
has caused access to other health services difficult in the under-served world (89). Tra-
ditionally, medical doctors carry several tests such as full blood count tests to ascertain
if the body is fighting certain pathogens, sputum tests, and chest X-rays. Doctors will
examine patients’ medical history, carry physical exams such as listening to the lungs
with astethoscope for abnormal crackling sounds. The success of this traditional diag-
nosis process is dependants on the doctors’ experience, skills. quality of X-ray images
and the availability of patient’s historical records. This is almost unattainable and un-
sustainable in the under-served countries in Africa. The motivation of this paper is to
complement the traditional diagnosis and analysis of chest X-ray images by introducing
machine classification approaches and state-of-the-art deep residual network ResNet18
(14, 35). According to WHO (58), diagnosis is a process and requires classification steps
to inform research, health policies, and care of the patients. An alternative definition is
a “pre-existing set of categories agreed upon by the medical profession to designate a

specific condition” (43).

We applied statistical learning model to separate and classify all the X-Rays images
with patchy areas into one distinct class for further research, examination, analysis, and
care of the patients. The observed white patchy areas in our X-Rays images was our

statistical variables of interest in classifying Chest X-Rays images into COVID-19 and



non-COVID-19, fig 3.2. In addition, the final model can be replicated in other non-covid
datasets and extended to other related classification tasks. Deep CNN classification
model(ResNet18) as a subfield of non-parametric statistics was used for classifying and
predicting COVID-19 positive images. The datasets used were COVID-19 positive (184
cases) and the COVID-19 negative cases (5000) were aggregated from different sources.
The COVID-19 negative cases was from 10 disease categories (Pneumonia, Pneumotho-
rax, Lung opacity, Fracture, Atelectasis, Edema, pleural, etc). The finetuned deep CNN
model (ResNet18) performed significantly with precision (87.5%), sensitivity (75%) and
specificity (99.8%). Rerunning the model using larger datasets by adding noise through
data augmentation demonstrated sensitivity (90%) and specificity (100%). Hence, when
more dataset is fed into the neural model, the classification performance such as pre-
cision, AUC and recall improves significantly. This classification model can be used
to aid radiologists or medical practitioners in chest X-ray image diagnosis and treat-
ment (59) by categorization, diagnosis, detection, and prediction. Further extension
of this research work will focus on using larger COVID-19 or non-COVID-19 datasets
with more focus on systematic review around data acquisition, data certification, model

development and pitfalls, and explanation construction (39).
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Chapter 1

Introduction

This chapter introduces the background of the study, problem statement, research ob-

jectives, and significance of the research.

1.1 Background to the study

In 1895 professor Wilhelm Rontgen discovered the concept of x-rays (32) which is based
on passing ionized radiation through the patient’s body and projecting its images on a
photosensitive plate. The body tissues are detected on the plate which will display the
presence of abnormalities. Nuclear medicine where patients were infused with radionu-
cleotides in combination with pharmaceutical was introduced in 1950 (32). This concept
records images and detects medical pathogens using a gamma camera. At around 1970
CT scan and MRI were developed which was build on magnetic nuclear technology.
Strong magnetic forces are directed on the body which can display the alignment of
protons in cells. This is further investigated and the problem in body tissue is differ-
entiated by a physician. To date, there has been improvement in medical imaging and
accuracy in diagnosing a medical condition. As a result of these technological successes,

medical practitioners are performing less exploratory surgery and analysis.

With recent improved high precision technology, availability of large datasets, fast
computing power, and the need to quickly make accurate diagnosis and decision, ra-
diologists are under immense decision fatigue to provide instant reliable examination
reports. The challenges of detecting medical problems from high-resolution images and
examination with the human natural eye may be partially met by a highly experienced
photographer and radiologist. The physician looks at the images with their physical eye
for abnormalities. This is not always the case when it comes to diagnosing emerging

challenging diseases or new variant of disease evidence in the image. The practitioners



with their level of skills may fail to diagnose or may misinterpret the anomalies displayed
in the image hence produce incorrect results.

A recent study on artificial neural network(ANN)-machine learning suggests that the
technology performs better in visual and auditory recognition tasks than the human eye

(48).

The technology has witnessed a successful landmark in its application to learning
rules instead of being programmed with the rules and find the underlying statistical
structure in performing specific tasks. Some of the applications are in the classification
of images, associating photos to specific tagging tasks, and computer vision. Image clas-
sification problem cannot be solved by machine learning models because it is complex
and the intensity of its information is represented by thousands of millions of pixels.
The image classification task cannot be performed by classical statistical methods such

as Bayesian analysis.

This research paper will focus on the application of non-parametric statistical clas-
sification and analysis of images in the medical field using Deep Convolution Neural
Network as compared to a shallow Convolution Neural network which is built by one or

two layers of neural network.

1.2 Problem Statement

Experienced and skilled medical practitioners or radiologists in the developing world
find challenges in accurately diagnosing, classifying, and interpreting the patients X-
rays image datasets. This is due to poor quality image and situations complicated by
the development and mutation of the existing or rare disease. The underlying disease
changes and damages in the human lungs can complicate the diagnosis process which
can lead to misinterpretation or prolong delay in disease diagnostics. In 2019 WHO
projected a shortfall of 18 million health workers towards accelerating universal health
coverage in lower and middle-income countries by 2030 in line with achieving health
Sustainable Development Goals. The shortfall in the health system is worsened by the

lack of quality health and diagnosis equipment and limited experienced and unskilled



recruits.

According to the Society of Radiography in Kenya, there are 1070 registered radio-
graphers are serving a country’s medical system with a population of over 50 million
people who are exposed to various pathogens and need body imaging and diagnosis at-
tention. The radiographers and radiologists have to go through clinical training to keep
abreast with the advanced imaging technology and also to provide accurate diagnosis,

quality imaging services, and build competencies.

I believe the application of deep CNN in the analysis of medical big data can be use-
ful in extracting important information, performing automatic abnormality detection,
producing varied diagnoses, and preparing introductory radiology reports. The deep
CNN-based analytical framework in the practice of radiology will complement the irre-
placeable and remarkable physician skills. The radiologist’s work will improve accurate
diagnosis and analysis, decision making, and interpretation of underlying body-tissues
conditions in chest X-ray images. Dr. Watson is one of the IBM radiology applications

which factors in some of the functions discussed in this paper (30).

To aid the practitioners’ in accurate diagnosis, making decisions, and interpretation
of body images, we will build and deploy a classification model to detect, discriminate,

and predict chest X-ray images into a different distinct class.

1.3 Research Objectives

The purpose of this study is to apply the deep ResNet-18 CNN model to classify 5000+
publicly labeled chest X-ray images into their distinct classes for ease of differentiation,
diagnosis, and interpretation by the radiologist and medical professions using the trans-
fer learning version of non-parametric deep convolution neural network. The learned
knowledge from the pre-trained ResNet model will be applied to the target X-ray im-
ages to solve the classification problem which would have been time-consuming in con-
structing the deep ResNet model from the scratch due to insufficient certified COVID-19

samples.



1.4 Significance of research

This research work will aid the practitioners to interpret and classify the target medical
images into different categories in a clinical setting for further disease diagnosis and
analysis, examination, and treatment of patients. The statistical model will be packages
as a software and used in hospital to classify X-rays images into different groups of

pathogens. The classification model will achieve the following:
e It will improve accuracy in image diagnosis, analysis and interpretation in hospi-
tals.

e The diagnostic results will support decision making process by informing patient

care, policies, research & development in the field of health and healthcare.

e Detect, discriminate and predict chest X-Rays images into distinct group.



Chapter 2

Literature review
2.1 Introduction

Diagnostic analysis and process are one of the important steps in the examination of
patients in clinics and hospitals. The diagnosis results will inform patient care, policies,
research, and development. According to Jutel (43) diagnosis is a “pre-existing set of
categories agreed upon by the medical profession to designate a specific condition”. This
can be viewed as a process and classification task (56). The clinical decision-making
process depends on the outcome of the diagnosis. The diagnosis should be accurate and
timely to provide correct doses and treat the patient’s disease. Diagnosis is a process
that involves patients data collection, clinical analysis to conclude on patient’s health
conditions. In most cases, the process requires cognitive skills, collaboration, and con-
centration around the patient.

Typically the diagnosis process is as follows: the patients seek help from a clinic after
experiencing certain symptoms. The physician in the health system collects patients
data, aggregate, interpret and determine the most probable workable diagnosis. The
understanding of the patients’ health problems involves gathering data by interview-
ing, conducting a physical examination, diagnostic tests, and consultation with relevant
experts in the health system (17). The tasks are carried out in a feedback loop mecha-
nism; the health information technology and other tech tools are used in the diagnostic
process. All components involved in the diagnosis process interact (23). During this
process depending on the outcome of the history and patients interviews; the doctor
might direct the patient to the radiology labs for body scanning. Pictures of the tar-
geted body parts are taken and return to the doctor for a further physical exam.
Image testing techniques such as CXR and CT scan are crucial in respiratory disease
diagnoses such as COVID-19 and pneumonia. Significant steps have been made in con-

volution neural network to classify the medical image as a result of large annotated chest



X-rays datasets. CNN method provides representative learning for quality annotated

images.

The fast research & development of digitized medical image and storage infrastruc-
tural technologies, medical image diagnosis, and understanding by doctors and com-
puters is a practiced topic in statistical/machine learning discipline and application to
specific problems (6). Previous research publication and work(83) has been used to
solve the image classification problem of which we will group into traditional and deep
methods. The traditional methods include low features such as texture, edge, color, and
SVM. The application of the deep learning approach to classify images is discussed on
deep and shallow CNN to classify lung image patches. A lot of medical image labeling
work has been done in creating fast and accurate annotated images which have been
labelled according to different specific pathology category (82). Images produced across
hospitals and regions may vary in quality, features, color, shape, and textures. With
the emergence of high-resolution image scanning technologies, the use of traditional
methods to classify different categories of the medical image has proved inefficient(53).
Traditional method of image classifications classifies images based on color, textures,
and shape (18). These traditional methods give features that generally describe the
background of the image in terms of color and texture. Celebi was able to extract fea-
tures such as color, texture, and shape by feeding the images into the SVM algorithm
(24). This achieved sensitivity (93%) and specificity (92%). Support vector methods
cons is its performance not consistent, constructing them is slow and also selecting and
extracting features is time-consuming (84). In this paper, we will advance from the
descriptive traditional method of classifying images to gaining more clarity on what the
image is and what falls under which group. The low traditional features are of little
interest to this research work. The advancement of deep learning models in computer
science and statistics has been boosted by the availability of powerful servers and appli-
cations. The technique has been used to address non-medical and medical images. The

theoretical concept of the deep learning framework was coined by Hinton et al.(29).

Since 2006, researchers have developed many methods and improved on the existing
ones to remedy the challenges faced in training CNN (33). A few notable CNN methods,

Alex Krishevsky et al. (5) developed a classical CNN framework that outperforms the



state-of-the-art compared to previous methods of image classification problems. The
architectural method for AlexNet is similar to that of LeNet but uses larger parameters
and 8 layers to model the 1.2 million ImageNet datasets (69). AlexNet uses five convolu-
tional layers, two fully connected hidden layers, and one fully connected output layer in
addition to the ReLLU activation function while LeNet uses two convolutional layers, two
fully connected hidden layers and one fully connected output layer and sigmoid activa-
tion function. The success of the few more lines of AlexNet’s implementation methods
inspired more effective research works to improve CNN performance. Among the works
are ResNet12 (36), SqueezeNet (37) and GoogleNet10. (76). The PCA network model
provided a baseline for image face recognition which achieved accuracy (99.8%) on sin-
gle and not multiple images (25). Other deep learning methods are Visual Geometry
Group which is a linear SVM classifiers (13) with accuracy(87.5%), specificity(81%) and
sensitivity(93.5%). The successful research studies in this field has attracted different
disciplines working in varied domain problems. These approaches and methods was used
to solve real-life medical and non-medical image classification challenges. Typically im-
age classification is split into two steps. First is the extraction of features and second
is the use of the extracted features to classify the image (73). In a traditional setup,
professional doctors use their accumulated years of experience to extract features and
to classify the image datasets into different classes (31). This is always complex, time-
consuming, and boring, sometimes prone to error depending on the emotional state of
the doctor like fatigue. This method is unstable and doesn’t produce sufficient repeat-
able results. The emerging application of medical image classification has advantages of
this traditional method (63). There is still research and development in this field to pro-
duce reliable and efficient classifiers for further medical diagnosis and study. Doctors can
combine the proposed model to classify the image dataset with their prior professional

experience.



Chapter 3

Methodology

3.1 Introduction

The use of deep CNN methodology in the previous research work was centered on the
movement from shallow to deep network and application of the pre-trained CNN models
to new most recent datasets like the COVID-19 patient chest X-ray images. Increasing
the depth leads to the extraction of better features about the object with an increase in
non-linearity. Non-linearity makes the network more challenging to optimize and easily
leads to overfitting.

Due to the limited number of clearly labeled images, unavailability of enough datasets to
build the model from scratch, and other technical aspects like memory and computing
I opted to transfer learning from the states-of-the-art pre-trained model ResNet18 (36)

with a few modifications of the parameters.

3.2 Data Sources

Data from public database NIH Chest-X-ray and COVID-19 2020 database (26) was
researched and collected over three months. The dataset with unclear outcomes and
poor image quality was archived and only those with physician-diagnosed outcome were
used in this study. The X-rays images was collected, grouped, and stored in two folders:
the test and training dataset with respective sub-folders labelled "Covid’” and "Non-covid’

as demonstrated in the chart 3.1.

The positive COVID-19 images was certified by a radiologist and previously used in
the research paper by Shervin (55) based in Canada. The test and training set set was
split in the ratio 40%:60% respectively. The positive COVID-19 images were 184 and
split into 100 training covid sets and 84 test covid sets. We retained the certified 184



\

Non-covid

Datasets
Images

Figure 3.1: Flow chart of data set-up in the computer folders

positive COVID-19 datasets. The initial negative COVID-19 datasets was 2400 but after
aggregating from different sources we increase the number to 5000 negative-COVID-19.
The negative-COVID-19 datasets was aggregated from National Institutes of Health
(NIH) and Kaggle. This was split into a 3100 training and 2084 testing set. The
negative-COVID-19 datastet contain images of 10 categories (pneumonia, atelectasis,

edema, pleural, etc).

3.2.1 Data Preparation

We collected a limited number of certified positive-COVID-19 image cases as a result
we cannot use the few data as it is. To remedy this we applied data augmentation
procedures i.e flipping or rotating the positive-COVID-19 cases to double our exist-
ing database of positive-COVID-19 and optimizes our network (71, 80). We kept the

negative-COVID-19 database as it is since it was much richer in numbers. Since the



images were of different resolution we resized them to a 224 x 224. Color features was
not an important object in this study. The image was then fed into a 3 channel giving
us the final image input shape of 224 x 224 x 3. We rescale the image pixel values by
applying normal standardization procedure to the datasets to save time and to build a

stable model.

3.2.2 X-Rays Features and Variables

Figure 3.2 shows labelled Chest X-Rays images with ill-defined peripheral airspace opac-
ity. Three samples of images was taken from patients infected with COVID-19 and the
corresponding areas marked as shown below. The pattern seen in the marked areas
might be a challenge to identify visually. Since we have limited number of trained

experts radiologist such subtle abnormalities or patchy areas can pass undetected.

We apply statistical learning model to separate and predict all the X-Rays images
with patchy areas into one distinct class. The observed patchy areas in our X-Rays
images was our statistical variables of interest in classifying Chest X-Rays images into
COVID-19 and non-COVID-19. Input images is converted into input values and then
mapped to output values. White patches in the image takes a higher output values,
a signal of abnormalities. The model count such instance and calculate specificity and

other model evaluation metrics (47).

The model was used to detect such images, classify them together and output prob-

ability values.
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Figure 3.2: Display of patients Chest X-Rays images who were infected with COVID-19
Virus. Image source (55)

3.3 Convolution Neural Network Architectural

The human brain is comprised of interconnected billions of neurons. Information is sent
from one neuron to another through a process call synapses depending on which part
of the brain has been triggered or activated. This information could be of an image,
sound, or text. Human beings can discriminate this data by looking at specific features
like edges, curves, color, and other attributes. Machines can mirror the same behavior

and interpret multiple levels of representation and abstraction using pixel values.
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Input x (3 » Outputy
Size Mathematical price
Operations

When including more description, add more variables, the graph becomes as follow:

. Input neuron

Each neuron is divided into two main blocks:

Quiput neuron

* Computation of z using the inputs 2;:
z=) w;xz; +b
* Computation of a , which is equal to y at the output layer, using z
a =y(z)
w; are the weights , bisthe bias and 7} is said to be the activatien function .

Figure 3.3: Human neuron and mathematical interpretation. Source:(Img)

3.3.1 Convolution Layers

Before successful application of deep learning network, computer vision for recogni-
tion was dependant on two separable and complementary steps: The input data was
transformed through a set of hand operations to a required form. The transformed
information is an abstract representation of the input data. The input data is changed
in such a way can be separable by a classifier. The transformed data is finally used to
train a classifier algorithms to recognize the information of the input signal (49, 51).

The used transformation affects the performance of any classifier.

12



Convolution layer frames can be defined as computational models that allow the com-
puter to extract useful information from the input data by representing multiple levels of
abstraction. Unique or important features of the input are amplified at higher layers in
the network and become more robust to insignificant variations. The multilayers stack

several blocks of modules with alternating linear and nonlinear functions.

A CNN is made up of an input layer x, an output layer y and a stack of multiple
hidden layers h where each layer consists of several units. The hidden layer/unit, h;, re-
ceives input from the units of the previous layer and is defined as a weighted combination

of the inputs and follows a nonlinear form:

where w;; are the weights controlling the strength of the connection between the
input layers units and the hidden unit layers, b; is the bias of the hidden layer and is
added to the weighted sum and passed through the non-linear activation function F(.)
to yield the output h;. The bias b; allows for the shifting of the activation function left
and right.

3.3.2 Image Analysis

A convolutional neural network works in a similarly way by comparing the pixel values
in an image. The features in an image are differentiated by the intensity of information
it carries. The activation functions activate when it torch the edges, color, shape, or
distinct areas of the image. We apply a defined filter to identify this information/abnor-
malities in an image. The most common filter is the sigmoid which reads and activates

when it identifies a curve in an image. We focused on RelL.u function in this research.

Figure 3.4 illustrates the image of a dog and bird, with a pixel array of numbers
on top of the images. The pixels’ values are higher around the surface edges of the

objects. This is where we have distinct information. CNN can identify this information

13
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Figure 3.4: Convolution; Image and Filter

by comparing the intensity of the neighboring pixel.
In our corresponding marked images, see 3.2, we analyse the marked white patch ar-
eas. The white patched areas contain distinct abnormalities which the model will treat

differently by amplifying its’ output values.

3.3.3 Filters/Kernel

A filter or kernel is convolved on the input image and computes different feature maps
through a convolution mathematical operations. The Element-wise nonlinear activation
function is applied to the image. Each neuron in a feature map is linked to a receptive
region in the previous layer. The filter is convolved and moved across all spatial points
location in an input image dataset. Several filters can be used to obtain a full feature

map.

Simple mathematical representation:

y=Xxf
where the symbol * denotes a convolution operator.
where y = convolved results, X = input image, f = filter or kernel.

To illustrate convolution consider an image with resolution size 3 X 3 and a filter of

14



size 2 X 2.

Image = X Filter = f
11
0|1

Figure 3.5: Convolution; Image and Filter.

Figure: 3.5 The filter convolves through the patches of the input images at some
location, performs an element-wise multiplication (cross-Correlation) between the values
in the filter and their corresponding values in the image, and the element-wise products
are summed up as demonstrated below. The sum of element-wise products is the output
values for the destination pixel in the output image. This process is repeated for all
locations. The Filter is moved across the surface of the image to the right, down, and
so on. The surface area of the image with information such as edges, colors, patterns,
and shapes has higher output values (85).

Figure 3.5, X is an input image with a height of 3 and width of 3 while the height and
width of the filter f, is 2. This filter gives the shape of kernel window.

The output size is given by the input size nj; X n,, minus the size of the convolution

kernel ky, x k.

Mathematically:

(i — Ky + 1) X (1 — Ky + 1) (3.2)

where n; and n,, is the n height and width respectively while k;, and k,, are the kernel

height and width. This is pairwise computation (42).

The Output is a 2 x 2 dimension as shown below:

15



(17Tx14+17x1+16 x 0+ 10 x 1) = 44
(I7Tx14+9x14+10x0+0x 1) =26
(16 x14+10x14+18x0+10x 1) =236
(I0x14+0x14+10x0+0x1)=10

3.4 Stride and Padding

The stride method is used to reduce the dimension of a huge input image while padding
helps to keep interesting information along the boundaries of the input image since a con-
volution kernel with height and width greater than 1 will result in a significantly smaller
output image which might result in the loss of this information along the boundaries of
the input image. We solve the loss of the information along the original boundaries by
applying the padding technique and reduce the dimension of a massive image using the

stride technique.

3.4.1 Padding

The padding method (57, 77) helps to keep the information along the boundaries of the
original input image. We tend to lose a pixel on the perimeter of the input image when
we apply the convolution kernel. A single kernel might result in loss of pixel values
along the boundaries of the image, more kernel results in more loss of the pixels values.
To remedy this we add extra pixels fillers along the boundaries of the input image and
set those values to zeros. This increases the size of the input image (34). We add zeros
along the boundary of the images to protect loss of information that might be at the
boundary of the original image. When the original image with dimension 4 x4 is padded,
it increases in size to 6x6 (21, 44). From eq 3.2 we add a total of p, rows of padding
half on top and half on the bottom and a total of p, columns of padding half on the
left and half on the right), the output shape will be of the size.

(np —kn +1+pp) X (N — kw + 14 py) (3.3)
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We choose the odd kernel size of 1, 3, 5, or 7 to preserve the spatial dimension of the
input image when padding. Padding is used to give the output image the same height

and width as the input image.

3.4.2 Stride

Stride is a method (88) used to reduce the dimension/resolution of a huge input image.
Stride is the number of rows and columns traversed per slide/movement. When com-
puting element-wise multiplication (27) we convolve the kernel at the top-left corner
of the input image and slide all over the image locations both downwards and to the
right. We might move the kernel one element at a time or by skipping several elements
in the image locations. We slide the kernel window more than one element skipping the

intermediate location for computation efficiency reasons or when downsampling.

When computing the cross-correlation (42), we start with the convolution window
at the top-left corner of the input tensor and then slide its over all locations both down
and to the right (90).

Mathematically when stride for height is s, and the stride for the width is s, , the

output shape is given by

(b = kn + P+ sn)/sn] X [(Nw —Fw + pw + Sw)/Suw] (3.4)

3.5 Activation Function

The image dataset is non-linear and to capture complex information we introduce the
activation function to the CNN architecture. The activation function captures desir-
able nonlinear features in an image. Linear activation function produces linear decision

boundary which will cut some useful information in an image features.

Figure 3.6 below demonstrates that we cannot separate the red colors from the green

colors using a linear decision boundary(right figure).

Mathematically:
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Decision boundary for linear activation functions Decision boundary for non-linear activation functions

Figure 3.6: Decision boundary for linear and non-linear activation function. Source:
(CNN)

aé,j,k T a(yé,j,k)

where

al ;. is the activation value of convolutional feature y; ;.

There is a list of activation function and when to use will depend on the problem we
are solving. We will use ReLU (8) activation function for the image classification prob-

lem because of its consistent gains in improving classification accuracy across deeper

models (67).

3.5.1 ReLU

f(2) = max(0, z)

ReLU (8) is easy to compute and has a non-linearity at z =0
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Figure 3.7: Relu Activation Function. Source:(Rel)

RelLU Function

a=max(0, 2)

3.6 Pooling

The pooling layers reduces the resolution size of the input and is placed between two
convolutional layer to decrease the number of connections between these layers. It cuts
off unwanted parts of the initial convolution layers and outputs only useful features.
According to Tobler’s First Law of Geography (15), ”everything is related to everything
else, but near things are more related than distant things.”(Tobler, 1970), using the
same reasoning on the spatial features of an input image we can confirm that pixel
values of input images that are close together are more likely to be alike than those
further apart hence initial output of convolution layer will produce similar values for
this near/close pixels (52). This is redundant information and we are not learning
anything new. To solve this, pooling achieves shift-invariance (33) by pooling the pixel
values of the input together. A specific feature map is linked to its counterpart feature
map in the following convolutional layer. Pooling operators have no parameters, they
are deterministic (10, 86). Typically we calculate the maximum, minimum, or average
pixel value in the pooling window (75). The pooling window is focused from the top left
of the input image and slide to the right and down, it output a max, min, or average

value on the location of the image it hits. A pooling window can be of shape p x q.

Mathematically:
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Denote the pooling function as pool(.) for each feature map al, ,, , we obtain:

yfgk = pOOl(ain,n,k)v V(m,n) € Ri;

where R, ; is the neighborhood around location (z, ). The known pooling operations
are the max, min, sum, and average pooling (22). Under max-pooling, we choose the
pool size and apply it to the region of the image as we extract the maximum pixel value
in each region and place the max value in the output image of the corresponding pixel.
The output width and height of the initial convolution layer are divided by the pooling

size.

We can stack several convolutional and pooling layers to extract higher-level features
of the object datasets. These convolution and pooling outputs lead to one or more fully

connected layers that extract high-level feature representations.

3.7 Fully Connected Layers

The output from the convolution and pooling layers (16, 19); extracted information
from the data are used as input in this layer which in turn generates final results (81).
A fully connected layer works with 1-dimensional data; each input image in its row.
The output values from the previous convolutional and pooling layers are converted
into a one-dimensional data format. Each neuron of the previous layers is connected to
every single neuron in the current layer and generates a web of interconnected semantic

information (82).

The figure below shows conversions of a matrix to a vector or 1-dimensional data.

44

44 | 26 26
=

36 | 10 36

10
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Individual values are separate features that represent an image. A fully connected

layer performs two mathematical operations; linear and non-linear transformation (91).

The commonly used classification methods are softmax and SVM classifiers
(64) which are supervised method respectively. Softmax achieves a better classification
performance compared to SVM. It output probability distribution which can be used
to classify input data. These methods are combined with CNN to solve classification

problems (7).

The linear transformation of the data is of the form:

Ui = WXL+ b, (3.5)

where (1, 7) is the location of feature value
k — th is feature map

and [ — th is the layer.

and

W) = weights vector,

X% = input image centered at location (i, j) of the I — th layer,

b, = constant bias term of k — th filter of [ h layer.

Wi, weight is a randomly initialized matrix to generate y; ;. and is shared. The
sharing of weight reduces the complexity of the model and makes training of the network
easy.

For illustration consider m features from an input image and n neurons. The size of the
weights will be (7,7). When ¢ = 4 and j = 2 the linear transformation will be of the

form:

Denote:
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This is how it appears in eq 3.5 i.e yfjk =Wl X], +b,

T
U]
W1,1 W1,2 W1,3 W1,4 X by
Yy = ZIs3 +
W1,2 W2,2 W3,2 W4,2 by
Ty

Consider a vector of weights and bias terms 6, to find an optimum parameter for

classification tasks we minimize the defined loss function.

3.8 Training CNN

Our primary purpose is to construct a deep CNN model that is going to classify an
image into COVID-19 positive and COVID-19 negative or other disease categories with
a certain probability by finetuning the pre-trained ResNet18 CNN model.

The transfer learning version of deep CNN is viable for this task and will extract
fixed image features and predict the class of the images: COVID-19 positive or COVID-
19 negative. We pre-trained the ConvNet model using a set of 3100 training datasets,
finetune the model to obtain a very small loss/error in the network. We evaluate model
performance by computing the distance scores between the predicted values of the con-
volution network and the actual target output values and compare these error scores.

The smaller the distance scores(loss) the better the deep CNN model.
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3.8.1 Loss Function

We use the cross-entropy loss function (40) and is mathematical expressions is as follows:

Z (9; 9™, 0") (3.6)

We minimize the total loss over the whole datasets in eq 3.6 to find the best fitting
set of parameters. One of the commonly used methods to optimize the CNN network is

the stochastic gradient descent (33).

The predicted loss function L(f(z’; W)) is compared with the actual values of y'.

3.8.1.1 Loss Optimization

The loss function is optimized by updating the weights in the network until we find the
weight that results in a minimum loss over the trained datasets (50). This is called loss

optimization and is expressed mathematically as follows:

W* = argmin L(f(z"; W), y"). (3.7)
w

where W is a vector of weights and W* are the updated new weights that minimize
the loss in eq 3.7. We compute the gradient = <= Wlth respect to the weights at a
picked point and iterate the process until we achieve the lowest minimum. Each iteration

returns a new weight.

Implementation:

1. Initialize the weight randomly and draw them from normal distribution W ~

N(p, 0?).
2. Iterate until it converges
3. Compute gradient g—;%,
4. Update the weights W* =W —n % 88—1%,

5. Return the final weights
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3.8.2 Softmax Layers

Softmax (40) turns the output pixel values into probabilities. It predicts the output of
the deep CNN model and is used in multiclass classification problems. The outputs of
the Softmax transform are always in the range [0, 1] and sums up to 1. Hence, they
form a probability distribution.

It is mathematically expressed as:

(v:) = =
Where s(x;) is the probability for the given numbers i = 1,2, ..., n, e = Euler’s num-
ber, e (mathematical constant), z; is the given numbers for : = 1,2,...,n and Z?Zl evi

the summation of all j. The bigger the value of x;, the larger its probability.
Softmax helps us quantify and predict the probability of an object belonging to a partic-

ular class. This is useful in training and evaluating the best performing CNN algorithm.

We compute cross-entropy loss (40) which accounts for the certainty of each pre-

diction. The mathematical expression of cross-entropy loss:

L =—1n(pc).

where L = binary cross-entropy loss, ¢ is the correct image class or output digit, p. is
the predicted probability for class ¢ and In is the natural log. A lower L, (loss) is better

than a larger loss.

3.9 Proposed CNN: ResNetl8

There has been a significant improvement on deep convolutional neural networks (66)
since the notable success of the previous research works; AlexNet 2012 (5). We will trans-
fer learning from the pre-trained model and state-of-the-art residual learning ResNet
(37, 87) which won the ILSVRC 2015 classification competition (78) with training on

million of ImageNet datasets to our COVID-19 image datasets. The purpose is to apply
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the learned knowledge from the pre-trained ResNet model to the X-ray images to solve
the classification problem which would have been time-consuming in constructing the
deep ResNet model from the scratch due to insufficient certified COVID-19 samples.
ResNet-18 is a deep CNN with 18 layers presented in its’ framework. It can classify
images into 1000 object groups and the size of the input image is 224x224. It was im-
plemented in 2015 (36) and replaced VGG-16 layers using 101 layers (35). ResNet has
demonstrated that it performs efficiently with more layers. (70, 74).

Residual learning is expressed mathematically as follows: consider H(z) to be a map-
ping that is fitted by some stacked layers and x input images. Following the assumption
that multiple non-linear layers asymptotically approximate complex function, we can
equally assume that they can asymptotically approximate residual function (36). This
is expressed as H(x) — x. The stack layers can approximate H (z) but we express these

layers to approximate the residual function F(z) := H(x) — x.

The advantage of RestNet-18 is it addresses the vanishing gradient problem using
identity mapping and can be trained efficiently without increasing the percentage of
the training error (12, 36). Residual networks provides residual connections straight to

earlier layers unlike other non-residual neural model (79).

In this paper, we will use the residual network with 18 layers i.e ResNet18 (87).
We will combine the existing parameters of the pre-trained ResNet18 and finetune the
models to use updated parameters through freezing the parameters of the pre-trained

model. Table 3.1 below showcases the ResNet18 framework.
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Layer Name Output Size ResNet-18

convl 112 x 112 x 64 7 x 7,64, stride 2

3 x 3 max pool, stride 2

conv2_x 56 x 56 x 64 3% 3, 64
X 2
3x3,64
conv3_x 28 x 28 x 128 3x3,128 X 2
| 3x3,128 |
conva_x 14 x 14 x 256 3%3,23 |
| 33,256 |
conv5_x 7 x 7 x512 3% 3,512 x 2
| 3x3,512 |
average pool 1x1x512 7 x 7 average pool
fully connected 1000 512 x 1000 fully connections
sof tmax 1000

Table 3.1: ResNet18 Framework. Source:(Res)

Table 3.1 displays a convolution layer with kernel size and strike of 7x7 and 2
respectively. The input from the first layer is added to the output of the two-second
convolution layers which has been obtained by the 3x3 maximum pool layer with kernel
size 3x3, 64. This forms the first block of residual. The results from this block are
added to the two convolution layer with kernel size of 3x3 and 128. This is the third
part of the residual. The outputs from the third residual block are added through skip
connection with the output of the two convolution layers, kernel size 3x3, 256 to form
the fourth residual block. This block is again added through skip connection with the
output of the two convolution layers 3x3, 512 to form the fifth residual block. The
average pooling is applied to the fifth residual block and fed into the fully connected

layers. This is 1-dimension output which is finally fed into softmax layers.

The ResNet18 algorithm will be implemented using Python and R software. Opti-
mization algorithm is adopted from torch.optim package and only parameters of final
layer are being optimized. The implementation follows the success in (45, 46, 72). The
image is randomly sampled from a 224 x 224 cropped image. We choose the learn-

ing rate (0.01%), weight decay (10%), momentum (90%), cut-off threshold (0.1), batch
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normalization (BN) (41) and fully connected layers (72).

The learning rates are significant parameters in fine-tuning the deep CNN model.
Large learning rates will result in a model divergence or unstable training with small
rates will lead to slow convergence of the model. After fine-tuning and retraining the
model we used a learning rate of 0.01% which was the optimum learning rate. We
started with a tiny learning rate and increase it after each training until a big loss or
loss expansion was observed. The learning rate was chosen one step below the learned
rate at the point the loss was minimal. For example, we choose a learning rate of 0.01%
when the loss was low at 0.1% and so on. The learning rates experimented in this study
was not discussed. A momentum of 90% was selected to accelerate the training and
learning rates time and to helps with convergence. The decay Gamma parameter in the
algorithm specifies the learning rate and we evaluated 5 decay rates (10%, 20%, 25%,
35%, and 40% ) and their influence on the performance of the model. A decay learning
rate of 10% gave us the best performing model so we selected it. 20 images was set
to be trained with 100 epochs. These helps with updating the weights in the network.
The presence of noise in the model was addressed by applying Adam Optimizer method
(68) which leverages the features of AdaGrad and RMSProp (20). Overfitting was
addressed in the algorithm by horizontally flipping the input images. This is a data
augmentation technique (62) and was used to increase small datasets to a relatively
large dataset since large datasets are a remedy for overfitting while underfitting (11)

was addressed by the increased layers or capacity of the model.
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Chapter 4

Results
4.1 Chest X-Rays Exploration

The X-ray datasets comprised of two groups: The COVID-19 positive and the COVID-
19 negatives. We used 60% data for training and 40% for testing. The test set acted as

a validation set as well.

Figure 4.1 displays sample labels of patient’s X-rays images infected with COVID-19
virus and other common chest diseases. The images are of high and low resolution and
were collected from different sources (26). The noise was added by doubling and flipping
the images and other x-rays images added to the universe (62). The model needs to
achieve significant precision on this dataset. In a real clinical setup, it is improbable
to take X-rays images under a highly controlled environment that will result in quality,
clean, and high-resolution images. It is impossible in a clinic/hospital with limited or
poor image scanning equipment in the developing world. All images are normalized
to produce a standard distribution so that the model doesn’t perform strangely. We

down-sample all images to a resolution of 224 x 224 before feeding into the network.

4.2 Model Analysis and Performance Metrics

4.2.1 Model Analysis

We pre-trained ConvNet ResNet18 as a fixed feature extractor where we freeze the
parameters so that the gradients are not computed backward. Here the ResNet18 model
is loaded and pre-trained set to true. The test loss (12.85%) and accuracy (95.97%)
respectively. The best test accuracy (96.00%) and training time was 472m 26s. When

fine-tuning the model the new parameters was set as a requirements of the algorithm
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Figure 4.1: COVID-19 Positive and COVID 19 Negative. Image source (26, 55)
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to true otherwise false. The parameters used in this model were adopted from the
state-of-the-art algorithm of ResNet18 (36, 45). Table 4.1 displays the parameters and

their optimal values.
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Table 4.1: Training Model Parameters

ResNet18 Pre-trained
Parameter Value
Learning rate 0.01 %
Momentum 90 %
Epochs 100
cut off threshold 10 %
Batch size 20
Criterion nn.CrossEntropyLoss
Optimizer Adam
Gamma 0.1

When finetuning the ResNet18 model we did not freeze the parameters as we allowed
the model to learn and optimize new parameters. The initial parameters used in the
pre-trained model was used here as starting values and updated as the model finetune,

train and learns from the data.

The finetuned training model achieved test loss (6.96%) and accuracy (97.31%)
respectively. The best test accuracy (97.4%) at epoch 13. The training time was 1016m
35s.

4.2.2 Performance Evaluation

We will evaluate the performance of our trained model of deep ResNet18 learning model
using the 40% test dataset (9). The test datasets are are input to the trained model
to validate the classification model. The performance metrics are Sensitivity/recall and
specificity at a selected threshold, AUC and ROC curve, precision, F1-score, accuracy,
and Cohens kappa (14).
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Table 4.2: Model Evaluation Metrics

ResNet18

Metrics Scores
Recall 75 %
AUC 98.82 %
Precision 87.5 %
Accuracy 98.56 %
F1l-score 80.77 %
Cohens kappa 80.03 %

Table 4.3: Sensitivity and Specificity (28, 54) for ResNet18 models under different cut

off threshold

ResNet18

Threshold Sensitivity Specificity

0.1 0.75 0.995
0.2 0.595 0.999
0.3 0.464 1

Correct prediction of COVID-19 positive
Total number of COVID-19 positive dataset

Sensitivity =

Correct prediction of COVID-19 negative
Total number of COVID-19 negative dataset

Speci ficity =

True COVID-19 Positive
True COVID-19 Positive + False COVID-19 positive

Precision =

Precision x Recall

F1— 61) =2
score(61) % Precision + Recall

4.2.3 Confusion Matrix

(4.2)

(4.3)

(4.4)

The confusion matrix (38) shows the number of correctly classified images is 75% and

59.5% at cut-off points 0.1 and 0.2 respectively. The classification sensitivity improves

with an increase in the number of quality images.
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Figure 4.2: Confusion Matrix at thresh = 0.1 & 0.2 for test datasets

Confusion matrix

1991 9

I i
COVID-19 Negative COVID-19 Positive

COVID-1% Positive COVID-1%9 Negative

Confusion matrix

g 1999 1
[

ch

0

=

=]

=

=

=

[=]

o

g - 34 50
=]

L

o

=5

=]

-

% COVID-19 Negative COVID-19 Positive
]

o

Figure 4.2 top illustrates confusion matrix at threshold (0.1) and bottom (0.2).
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4.2.4 Receiver Operating Characteristics, Area Under the Curve

Figure 4.3: Receiver Operating Characteristics Under Test Datasets
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4.2.5 Confidence Interval

The graph fig 4.4 is a visual representation of the distance score using the histogram.
A score below the thesholds is COVID-19 negative while scores above the threshold are
COVID-19 positive.
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Figure 4.4: Distance scores Histogram under thresh=0.1 & 0.2 for test datasets
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Chapter 5

Discussion and Conclusion
5.1 Discussion

Confusion matrix in fig 4.2 shows significant a performance in detecting COVID-19 with
performance of over 75%. This is interpreted 75% of all positive COVID-19 datasets is
identified and classified as positive COVID-19 images by the model. On the other hand,
99.5% of negative COVID-19 was classified as negative COVID-19.

A close look at the cut-off threshold of 0.1 and 0.2 shows that the model performs well
at a lower cut-off point. A significant number of COVID-19 positive images is classified
with a probability greater than 0.1. The best threshold for these datasets is at 0.1 but as
we increase the datasets the cut-off threshold can be increased and still achieve a higher
classification performance. The first graph fig 4.4 demonstrates over 75% of positive
COVID-19 images was detected with probability greater than the threshold of 0.1. On
the second graph the negative COVID-19 images were all below the threshold of 0.1.
This is an indication that the model performed well in detecting both the COVID-19
positive and COVID-19 negative datasets.

The ROC curve in fig 4.3 demonstrates that COVID-19 cases can be identified by the
model ResNet18 with an accuracy of (AUC = 98.88%). Using this model to accurately
detect COVID-19 cases can be reliable. A close inspection of the loss function (test
loss = 12.85% ) when the model is used as a feature extracted but when finetuning
that is allowing the model to learn from the data and updates its parameters the test
loss is is cut by half (test loss = 6.96%) and test accuracy improved by 97.4%. In a
super-controlled environment, we expect the (test loss = 0%) which is not the case in

this study.

A close look at other metrics, eq 4.3 (precision = 87.5%), eq 4.1 (recall = 75 %), eq
4.4 (Fl-score = 80.77%), and eq 4.2 (specificity = 99.5%), all illustrate that the model
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was able to detect and classify the COVID-19 positive cases. Precision(87.5%) was used

instead of accuracy because it is the most reliable metric.

5.2 Conclusion

Deep ResNet18 convolutional neural network and transfer learning (65) was used to
identify and classify COVID-19 positive images from COVID-19 negative. The COVID-
19 positive images were examined and certified as COVID infected while the COVID-
19 negatives samples are any datasets collected and stored in public databases before
the breakout of the COVID virus in 2019. These comprise of the classes (Pneumonia,
normal, no finding, Edema, Pleural Effusion, and normal chest x-ray images). The initial
training to extract features was done using the pre-trained model version of ResNet18.
The second training was finetuning the model to learn on its own and produce its new
parameters from the fed datasets. The finetuning improved the model. The model
analysis shows that the finetune ResNetl8 model using transfer learning performed
better than the traditional state-of-the-art pre-trained ResNet18 model constructed from
ImageNet datasets. We added several noises by flipping images, adding the non-COVID-
19 images from different sources, manipulating the images to double the size of the
training image set. The pre-trained model results achieved (test accuracy = 95.97%)
and (test loss = 12.85%) respectively. The finetuned model on the test dataset at
threshold (0.1) achieved accuracy (test accuracy = 97.31%) and (test loss = 6.96%)
with (precision = 87.5%), (Fl-score = 80.77%), (sensitivity = 75%) and (specificity
= 99.5%). We desire that this paper will help radiologists and medical doctors in the
developing world to detect the abnormalities in chest X-ray images and offer first hand
information aid in the inspection, detection, and diagnosis of chest diseases. By the
time I am concluding this paper we had limited COVID-19 images available. Further
extension of this research work will focus on using much larger COVID-19 or non-
COVID-19 datasets with more focus on systematic review around data acquisition, data
certification, model development and pitfalls, and explanation construction. In addition
to demonstrating and expanding on the statistical aspect of the research work (39). The

success of the model can be extended to real clinical trials.
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Appendix A

Python Codes

We will break down the python codes into the training and inference section. The
training section discusses the use of the pre-trained model as a feature extractor, we
will not alter the parameter of the state-of-the-art algorithm. We then supply our
parameters and fine-tune the model. The inference section will use the saved fine-tuned

model and measure the model performance tests on the test datasets.

A.1 Trained model

# Laban Bore
# April 2021

# Training code for covid detection by finetuning ResNetl8
# Inference code for covid detection

from __future_

_ _ import print_function, division
import torch, os, copy, time, pickle

import torch.nn as nn

import torch.nn.functional as F

import torch.optim as optim

from torch.optim import 1lr_scheduler

import torchvision # packages for loading the data
from torchvision import datasets ,models, transforms
from torch.autograd import Variable

import matplotlib.pyplot as plt

import numpy as np

from PIL import Image

import pandas as pd

from torchvision.datasets.folder import IMG_EXTENSIONS

46



29

30

31

39

40

49

from torchvision.datasets import ImageFolder
from sklearn.metrics import confusion_matrix
import glob, pickle

import seaborn as sn

; import argparse

import cv2

start_time= time.time ()

plt.ion () # interactive mode

# parser.add_argument ("-f", "--fff", help="a dummy argument to fool

ipython", default="1")

+ # set the epochs number of iteration

# parser.add_argument (’--dataset_path’, type=str, default=’./data/’,
# help=’training and train/test dataset’) # path

for test and train dataset

parser = argparse.ArgumentParser (description=’COVID-19 Positive
Detection from X-ray Images’)
parser .add_argument (’--test_covid_path’, type=str, default=’C:/Users/
Borel/x-rays-datasets/train/covid/’,
help=’Positive COVID-19 test samples directory’)
parser.add_argument (’--test_non_covid_path’, type=str, default=°C:/
Users/Borel/x-rays-datasets/test/non’,
help=’Negative COVID test samples directory’)
parser .add_argument (’--epochs’, type=int, default=100,
help=’number of epochs to train (default: 100)°)
parser.add_argument (’--trained_model_path’, type=str, default=’C:/
Users/Borel/covid_resnetl18_epoch2.pt’,

help=’The path and name of trained model’)

7 parser.add_argument("—f", "--fff", help="a dummy argument to fool

ipython", default="1")
parser .add_argument (’--cut_off_threshold’, type=float, default= 0.2,
help=’cut-off threshold. Any sample with
probability higher than this is considered COVID-19 (default: 0.2)°
)

parser.add_argument (’--batch_size’, type=int, default=20,
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67

)

parser .add_argument

parser .add_argument

help=’input batch size for training (default: 20)°

(’--num_workers’, type=int, default=0,
help=’number of workers to train (default: 0)°’)
(’--learning_rate’, type=float, default=0.0001,

help=’learning rate (default: 0.0001)’) # a faster

learning rate of .01Y%

parser .add_argument

of 90Y%

args = parser.parse

# Data augmentation
data_transforms = {
’train’: transf
transforms.
transforms.
transforms.
transforms
transforms

0.2251)

D,

(’--momentum’, type=float, default=0.9,

help=’momentum (default: 0.9)°’) #set the momentum

_args ()

and normalization for training

orms . Compose ([

Resize (224) ,

RandomResizedCrop (224),

RandomHorizontalFlip (),

.ToTensor (),

.Normalize ([0.485, 0.456, 0.406], [0.229, 0.224,

’test’: transforms.Compose ([

transforms.
transforms.
transforms.
transforms.
0.2251)
D

Resize (224),
CenterCrop (224) ,
ToTensor (),

Normalize ([0.485, 0.456, 0.406], [0.229, 0.224,

} # function to transform the train and test data

7 data_dir= "C:/Users

/Borel/x-rays-datasets/" # path to the local

directory of the data

#data_dir = args.dataset_path

image_datasets = {x:

datasets.ImageFolder (os.path. join(data_dir, x),

data_transforms[x])
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107

108

109

110

111

112

113

114

for x in [’train’, ’test’]} #apply the

data_transform func to dataset in the folder train and test

dataloaders = {x: torch.utils.data.DataLoader (image_datasets [x],
batch_size= args.batch_size,
shuffle=True, num_workers
= args.num_workers) # load the images under the folders in batches

for x in [’train’, ’test’]}

s dataset_sizes = {x: len(image_datasets[x]) for x in [’train’, ’test’]}

# define the size of the images
class_names = image_datasets[’train’].classes ## 0: child, and 1:
nonchild # this shows the folders [’covid’, ’non’]
class_names_test = image_datasets[’test’].classes

dataset_sizes

def imshow(inp, title= None):
"""Tmshow for Tensor.""" #show image
inp = inp.numpy () .transpose((1, 2, 0))
mean = np.array ([0.485, 0.456, 0.406])

std = np.array([0.229, 0.224, 0.225])
inp = std * inp + mean
inp = np.clip(inp, 0O, 1)

plt.imshow (inp)
if title is not None:
plt.title(title)
plt.pause (0.001) # pause a bit so that plots are updated

plt.imshow ()

# Get a batch of training data and visualize a few images

inputs, classes = next(iter(dataloaders[’train’]))

# Make a grid from batch

out = torchvision.utils.make_grid(inputs)

imshow (out, title=[class_names[x] for x in classes])
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115 def train_model (model, criterion, optimizer, scheduler, batch_size,

num_epochs= 20): #construct the model using train dataset

116 since = time.time ()

117

118 best_model_wts = copy.deepcopy(model.state_dict ())
119 best_acc = 0.0

120 train_acc= 1list ()

121 test_acc= list ()

122

123 for epoch in range(num_epochs):

124 print (’Epoch {}/{}’.format (epoch+1, num_epochs))

125 print (’-’> * 10)

126

127 # Each epoch has a training and validation/test phase
128 for phase in [’train’, ’test’]:

129 if phase == ’train’:

130 scheduler.step ()

131 model.train() # Set model to training mode
132 else:

133 model .eval () # Set model to evaluate/test mode

135 running_loss = 0.0
136 running_corrects = 0
137 running_prec= 0.0

138 running_rec = 0.0

139 running_f1 = 0.0

140

141 # Iterate over data.

142 cur_batch_ind= 0

143 for inputs, labels in dataloaders [phase]:

144 #print (cur_batch_ind ,"batch inputs shape:", inputs.
shape)

145 #print (cur_batch_ind ,"batch label shape:", labels.
shape)

146 inputs = inputs.to(device)

147 labels = labels.to(device)

148
149

150 # zero the parameter gradients
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160

161

162

163

164

165

166

167

168

169

optimizer.zero_grad ()

# forward

# track history if only in train

with torch.set_grad_enabled(phase == ’train’):
outputs = model (inputs)
_, preds = torch.max(outputs, 1)

loss = criterion(outputs, labels)

# backward + optimize only if in training phase
if phase == ’train’:
loss.backward ()

optimizer.step ()
# statistics
running_loss += loss.item() * inputs.size (0)

running_corrects += torch.sum(preds == labels.data)

cur_acc= torch.sum(preds == labels.data).double()/

batch_size

cur_batch_ind +=1
print ("\npreds:", preds)
print ("label:", labels.data)

print ("%d-th epoch, %d-th batch (size=%d), %s acc= 7.3

f \n" %(epoch+1l, cur_batch_ind, len(labels), phase, cur_acc ))

phase]

if phase==’train’:
train_acc.append(cur_acc)
else:

test_acc.append(cur_acc)

epoch_loss= running_loss / dataset_sizes [phase]

epoch_acc = running_corrects.double() / dataset_sizes|[

print (°{} Loss: {:.4f} Acc: {:.4f} \n\n’.format(

phase, epoch_loss, epoch_acc))

# deep copy the model
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197

198

199

def

time

if phase == ’test’ and epoch_acc > best_acc:

best_acc = epoch

_acc

best_epoch= epoch

best_model_wts =

_elapsed = time.time() -

copy .deepcopy (model .state_dict ())

since

print (’Training complete in {:.0f}m {:.0f}s’.format(

time_elapsed // 60, time

_elapsed % 60))

print (’Best test Acc= %.3f at Epoch: %d’ %(best_acc,best_epoch) )

# 1o

ad best model weights

model .load_state_dict (best_model_wts)

retu

visualize_model (model,

was_

mode

rn model, train_acc, test_acc

num_images= 64):

training = model.training

1.eval()

images_so_far = 0

fig

with

j11))

= plt.figure()

torch.no_grad():

for i, (inputs, labels)

in enumerate (dataloaders[’test’]):

inputs = inputs.to(device)

labels = labels.to(device)

outputs = model (inputs)

_, preds = torch.max

(outputs, 1)

for j in range (inputs.size () [0]):

images_so_far +=
ax = plt.subplot

ax.axis(’off?’)

1

(num_images/8, 8, images_so_far)

ax.set_title(’predicted: {}’.format(class_names[preds[

imshow (inputs.cpu() .datal[j])

if images_so_far

== num_images:

model .train(mode=was_training)

return
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240

s 1if __name__ ==

model . train(mode=was_training)

#1. ConvNet as fixed feature extractor

# Here, we need to freeze all the network except the final layer.
# We need to set requires_grad == False to freeze the parameters so

that the gradients are not computed in backward ()

## Load the pretrained model and reset final fully connected layer

model_conv = torchvision.models.resnetl8(pretrained=True) #load the
pretrained ResNetl18 model

for param in model_conv.parameters () :

param.requires_grad = False

# Parameters of newly constructed modules have requires_grad=True by

default

# Here the size of each output sample is set to 2.
# Alternatively, it can be generalized to nn.Linear (num_ftrs, len(
class_names)) .

num_ftrs = model_conv.fc.in_features

> model_conv.fc = nn.Linear (num_ftrs, 2)

model_conv = model_conv.to(device)
criterion = nn.CrossEntropyLoss ()

#tcriterion = nn.BCELoss ()

s # Observe that only parameters of final layer are being optimized as

# opoosed to before.
optimizer_conv = optim.SGD(model_conv.fc.parameters (), lr= args.

learning_rate, momentum= args.momentum)

# Decay LR by a factor of 0.1 every 7 epochs
exp_lr_scheduler = 1lr_scheduler.StepLR(optimizer_conv, step_size=7,

gamma=0.1)

# Train and evaluate

_main__":
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269

278

279

280

286

model_conv, train_acc, test_acc = train_model (model_conv,
criterion, optimizer_conv, exp_lr_scheduler, args.batch_size,
num_epochs= args.epochs)

model_conv.eval ()

torch.save(model_conv, ’./covid_resnetl18_epoch’d.pt’ %args.epochs

) # save the model here for inferences

end_time= time.time ()

print ("total_time tranfer learning=", end_time - start_time)

visualize_model (model_conv) #visualize the model

# 2. Finetuning the convnet

# The model updates the parameters and use the new parameters. We will
use the new parameters from one used initially in the pre-trained
model

# We need to set requires_grad == TRUE to use updated parameters, the

gradients are computed in backward ()

model_ft models.resnetl18(pretrained=True)

num_ftrs model _ft.fc.in_features

# Here the size of each output sample is set to 2.

# Alternatively, it can be generalized to nn.Linear (num_ftrs, len(
class_names)) .

model_ft.fc = nn.Linear (num_ftrs, 2)

model_ft = model_ft.to(device)

criterion = nn.CrossEntropyLoss ()

# Observe that all parameters are being optimized

optimizer_ft = optim.SGD(model_ft.parameters(), 1lr= args.
learning_rate, momentum= args.momentum)

# Decay LR by a factor of 0.1 every 7 epochs

exp_lr_scheduler = 1lr_scheduler.StepLR(optimizer_ft, step_size=7,

gamma=0.1)
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287 # Train and evaluate

288 1f __mame__ == "__main__":

289 model_ft, train_acc, test_acc = train_model (model_ft, criterion,
optimizer_ft, exp_lr_scheduler, args.batch_size, num_epochs= args.
epochs)

290 model_ft.eval ()

291 torch.save(model_ft, ’./covid_resnetl8_epoch’d.pt’ Y%args.epochs )

#save the model for inference part.

203 visualize_model (model_ft)

A.2 Inferences

2 # Utility function to find sensitivity and specificity for different
cut-off thresholds

3 def find_sens_spec( covid_prob, noncovid_prob, thresh):

I sensitivity= (covid_prob >= thresh).sum() / (len(covid_prob)+le
-10)

5 specificity= (noncovid_prob < thresh).sum() / (len(noncovid_prob)
+1e-10)

6 print ("sensitivity= %.3f, specificity= %.3f" %(sensitivity,
specificity))

7 return sensitivity, specificity

9 class_names = [’covid’,’non’]

10 fig, axs = plt.subplots (3,5, figsize=(100, 100), dpi=100)

11 fig.subplots_adjust( hspace=-0.5,wspace=0.2)

12 axs = axs.ravel ()

13 for i, img in enumerate(glob.glob(’C:/Users/Borel/x-rays-datasets/
common-disease/*’)):

14 image = cv2.imread(img)

15 axs[i].axis(’off’)

16 axs[i].imshow(cv2.cvtColor (image, cv2.COLOR_BGR2RGB))

17 axs[i].set_title(img[-20:-3],fontsize= 50)

18 #plt.savefig(’./chest-xrays-images.png’)

19 fig.savefig(’chest-xrays-images.png’) # sample display of positive
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and negative covid-19 images

21 # Test on trained model
22 model_name= args.trained_model_path
23 model= torch.load(model_name, map_location=’cpu’)

24 #model .eval ()

26 # loading new images

27 imsize= 224

25 loader = transforms.Compose([transforms.Resize(imsize),

29 transforms.CenterCrop (224) ,

30 transforms.ToTensor (),

31 transforms.Normalize ([0.485, 0.456,
0.406], [0.229, 0.224, 0.225])

32 i)

34 def image_loader (image_name) :

35 """Joad image, returmns cuda tensor"""

36 image = Image.open(image_name).convert ("RGB")

37 image = loader (image) .float ()

38 image = Variable(image, requires_grad=True)

39 image = image.unsqueeze (0) #this is for VGG, may not be needed

for ResNet

10 return image

12 sm = torch.nn.Softmax ()
13 # Get the predicted probabilities of all samples
v test_covid = glob.glob("Ys*" %args.test_covid_path) #84

45 test_non = glob.glob("%s*" Jjargs.test_non_covid_path) #2000

17 covid_pred= np.zeros([len(test_covid) ,1]).astype(int)

s non_pred = np.zeros([len(test_non),1]).astype(int)

50 covid_prob= np.zeros([len(test_covid) ,1])

51 non_prob = np.zeros([len(test_non) ,1])

53 for i in range(len(test_covid)):
5 cur_img= image_loader (test_covid[i])

model _output= model (cur_img)

o
o
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56 cur_pred = model_output.max(l, keepdim=True) [1]

57 cur_prob = sm(model_output)

58 covid_prob[i,:]= cur_prob.data.numpy () [0,0]

59 print ("%03d Covid predicted label:¥%s" %(i, class_names[int(
cur_pred.data.numpy ())]) )

60

61 for i in range(len(test_non)):

62 cur_img= image_loader (test_non[i])

63 model_output= model (cur_img)

64 cur_pred model_output.max (1, keepdim=True) [1]

65 cur_prob sm(model_output)

66 non_prob[i,:]= cur_prob.data.numpy () [0,0]

67 print ("%03d Non-Covid predicted label:%s" %(i, class_names[int(
cur_pred.data.numpy())]1) )

68

6o # Find sensitivity and specificity

70 thresh= 0.1

71 sensitivity_40, specificity= find_sens_spec( covid_prob, non_prob,
thresh)

72 # Find sensitivity and specificity

73 thresh= 0.2

74 sensitivity_40, specificity= find_sens_spec( covid_prob, non_prob,
thresh)

75 # Find sensitivity and specificity

76 thresh= 0.3

77 sensitivity_40, specificity= find_sens_spec( covid_prob, non_prob,

thresh)

79 # Derive labels based on probabilities and cut-off threshold

so covid_pred = np.where( covid_prob >thresh, 1, 0)

s1 non_pred np.where( non_prob >thresh, 1, 0)

83 # Derive confusion-matrix
sa covid_list= [int(covid_pred[i]) for i in range(len(covid_pred))]

55 covid_count = [(x, covid_list.count(x)) for x in set(covid_list)]

s7 non_list= [int(non_pred[i]) for i in range(len(non_pred))]

ss non_count = [(x, non_list.count(x)) for x in set(non_list)]
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90 y_pred_list= covid_list+non_list
91 y_test_list= [1 for i in range(len(covid_1list))]+[0 for i in range(len

(non_1list))]

93 y_pred= np.asarray(y_pred_list, dtype=np.int64)

94 y_test= np.asarray(y_test_list, dtype=np.int64)

oc cnf_matrix = confusion_matrix(y_test, y_pred)
97 np.set_printoptions (precision=2)
98

99 # Plot normalized confusion matrix

100 df _cm = pd.DataFrame (cnf_matrix, index = [i for i in class_names],

101 columns = [i for i in class_names])
102

103 ax = sn.heatmap(df_cm, cmap=plt.cm.Blues, annot=True, cbar=False, fmt=

’g?’, xticklabels= [’COVID-19 Negative’,’COVID-19 Positive’],
yticklabels= [’COVID-19 Negative’,’COVID-19 Positive’])

104 ax.set_title("Confusion matrix")

105 plt.savefig(’./confusion_matrix.png’) #dpi = 200

106

107 # plot the predicted probability distribution

10s bins = np.linspace(0, 1, 30)

109 plt.subplot (211)

110 plt.hist(covid_prob, bins, color= ’#70cab9’, histtype = ’bar’, label=’
Probabilities of COVID-19 positive at thresh=0.1 ’)

111 plt.ylim ([0,10])

112 plt.legend (loc=’upper right’)

113 plt.subplot (212)

114 plt.hist (non_prob, bins, color= ’red’, label=’Probabilities of COVID
-19 negative at thresh=0.1 )

115 plt.legend (loc=’upper right’)

116 plt.savefig(’./scores_histogram-thesis-best.png’) #dpi = 200

117

118 # ROC Curve and AUC

119 from sklearn.metrics import roc_curve

120 from sklearn.metrics import roc_auc_score

121 from matplotlib import pyplot

123 y_test_res18= [1 for i in range(len(covid_prob))]+[0 for i in range(
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len(non_prob))]
124 y_pred_resl1l8= [covid_prob[i] for i in range(len(covid_prob))]l+I[

non_prob[i] for i in range(len(non_prob))]

126 auc_resl8 = roc_auc_score(y_test_resl8, y_pred_resi8)

127 ns_fpr_resl18, ns_tpr_resl8, _ = roc_curve(y_test_resl8, y_pred_resl8)

120 plt.figure ()

130 pyplot.plot(ns_fpr_resl18, ns_tpr_resl8, color=’blue’, linewidth=3,
label=’ResNetl18, AUC= 7% .3f’ %auc_resi18)

151 pyplot.ylim([0,1.05])

132 pyplot.xlabel (’False Positive Rate’)

133 pyplot.ylabel (’True Positive Rate’)

134 pyplot.title ("ROC Curve")

135 # show the legend

136 pyplot.legend(loc=’lower right’)

137 plt.savefig(’./R0OC_covidl9-thesis-best.png’) #dpi = 200

138

130 #accuracy

140 #precision

141 #recall

143 from sklearn.metrics import accuracy_score

144 from sklearn.metrics import precision_score
145 from sklearn.metrics import recall_score

146 from sklearn.metrics import fl_score

147 from sklearn.metrics import cohen_kappa_score

148 from sklearn.metrics import confusion_matrix

150 precision = precision_score(y_test_resl8, y_pred)

151 print (’precision: %f’ % precision)

153 accuracy = accuracy_score(y_test_resl18, y_pred)

154 print (’accuracy: %f’ % accuracy)

156 recall = recall_score(y_test_resl18, y_pred)

157 print (’recall: %f’ % recall)

150 £1 = f1_score(y_test_resl18, y_pred)
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160

161

162

163

164

165

166

167

168

169

170

print (’>f1: %f’ % £f1)

kappa = cohen_kappa_score(y_test_resl8,

print (’Cohens kappa: %f’ % kappa)

auc = roc_auc_score(y_test_resl8,
print (’ROC AUC: %f’ % auc)
matrix = confusion_matrix(y_test_resl8,

print (matrix)

#precision_score(y_test_resi8,

#auc = roc_auc_score(y_test_resl8,

#print (’ROC AUC: %f’ %

end_time= time.time ()

tot_time= end_time- st

7 print ("\nTotal Time:",

auc)

art_time

tot_time)

y_pred)

y_pred_res18)

y_pred_resl8,

y_pred)
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