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DEEP FEATURE TRANSFER FROM
DEEP LEARNING MODELS INTO MACHINE LEARNING ALGORITHMS
TO CLASSIFY COVID-19 FROM CHEST X-RAY IMAGES

SUMMARY

Coronavirus disease 2019 (COVID-19) is a contagious disease caused by
SARS-CoV-2. It was first reported on December 2019 in Wuhan, China, and declared
as a pandemic on 11 March, 2020. Even though the disease is a severe acute respiratory
illness, it affects various organs and causes several symptoms such as fever, dry cough,
tiredness, the loss of taste or smell, diarrhoea, headache, aches and pains, sore throat,
and conjunctivitis. As of the beginning of July 2021, over 185 million people have
been infected and more than 4 million people died because of COVID-19. For that
reason, one of the most important issues is the diagnosis of COVID-19. Although the
most basic method to diagnose COVID-19 is Polymerase Chain Reaction (PCR) test,
different techniques have been being experimented and developed. Since COVID-19
has a huge effect on lungs, diagnosis methods based on lung characteristics and images
are emphasized. However, there are various illnesses affecting lungs. Hence, it has
been an important challenge and problem to find a procedure to classify COVID-19
with high success rate.

In this thesis, we suggested use of deep feature transformation from deep learning
models to machine learning (ML) algorithms to classify patients COVID-19 infected
via chest X-rays. In addition to image data, we also used the demographic information
of patients during ML process to contribute to the information coming from deep
features. Chapter 1 gives background information about our problem, the purpose
of our study, the related literature survey and the structure of this thesis. The basic
information about our image data, chest X-rays, are given in Chapter 2.

The problem we focused on is a binary classification between COVID-19 patients
and other people. In order to solve this problem, we used data set containing 131
COVID-19 and 123 non-COVID-19 labeled data. Then, we divided the data set into
train and test sets so that 80% of the total data is in the train set, and then augmented
the train set with horizontal flip, vertical flip, 90 degrees of rotation, 180 degrees of
rotation, and 270 degrees of rotation to increase the size of the train set. Thus, at the
end, we yielded 630 COVID-19 and 588 non-COVID-19 labeled data in train set, and
26 COVID-19 and 25 non-COVID-19 labeled data in test set. The augmented data
was used on CNN experiments only. At the beginning of Chapter 5, the data set and
augmentation technique was detailed.

The deep learning models we used are Convolutional Neural Network (CNN) models
such that AlexNet, ResNet-18, ResNet-34, ResNet-50, VGG16, and VGG19. We
particularly experimented three different optimization methods for each CNN model
such that SGD with momentum, Adam and Adam with decoupled weight decay.
The objective loss function was to minimize cross-entropy loss function which was
common for each model. Each image sample was resized to 227 x 227, center
cropped, converted to gray-scale, and then normalized. Chapter 3 consists of the
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introduction to deep learning, basic information about CNNs, and how to perform
transfer learning. Two types of transfer learning were used in this study, which are
transferring pre-trained model weights into CNN models and transferring deep features
extracted from CNN models into ML algorithms. Pre-trained CNN models are the
models that previously trained on ImageNet data set on the record, and we performed
re-train after initializing the models with these recorded weights. Deep feature transfer
learning is extracting the features of CNN model from the fully-connected block of
model, and using it as feature matrix in another artificial intelligence technique such
as ML algorithms.

The ML algorithms we used are supervised learning algorithms such that Support
Vector Machines (SVM), Logistic Regression (LR), K-Nearest Neighbor (KNN)
and Linear Discriminant Analysis (LDA). We experimented different regularization
techniques, which are Lasso known as L1 norm and Ridge known as L2 norm, on
stated ML algorithms. Chapter 4 consists of the introduction to ML, basic information
about algorithms and regularizers, and cross-validation technique. We performed
10-Fold cross-validation on train set to obtain the generalized hyper-parameter choices
besides hyper-parameters specific to our initially split test set. The algorithms and
experiments were applied to the feature set of demographic information, the deep
transferred feature set, and the combination of transferred features and demographic
information separately. The demographic information feature matrix clearly consists of
two feature columns such that age and sex information. The length of transferred deep
features for each sample is thousand. Hence, the combined feature matrix contains
thousand two columns.

All experiments for CNN and ML are detailed in Chapter 5, including data
pre-processing and hyper-parameter tuning techniques for ML specifically. Grid search
was used to find optimal parameters for each feature matrix and algorithm. The source
code for experiments was mainly carried out in Python programming language, and a
small part was done in R programming language. The CNN models were applied using
PyTorch library in Python, and the ML algorithms were applied using Sklearn library
in Python. Only regularized LDA algorithm was coded in R programming language
using TULIP library. We performed our CNN experiments on GPU to have faster and
parallel processes. Since we did not have an opportunity to reach a physical computer
including GPU that we can use during our experiments, we performed the experiments
on the Google Colaboratory platform. It is a partially-free platform for Gmail users
to implement CUDA to use its provided GPU. After collecting CNN results and *.pth
files containing the best model weights, the ML experiments were performed locally
on CPU.

We explained the performance measurement techniques in Chapter 6 together with
experiment results for CNN and ML processes. The best result was achieved by using
ResNet-50 model with Adam optimizer. The metrics on this result are 92.16%, 0.9216,
0.9215, 0.9216, 0.9216, 0.9219 for the accuracy, sensitivity, specificity, precision, F1
score, and AUC score respectively. Since we experimented for obtaining optimal
hyper-parameters for both generalized and specific to our test data, the results for
both were reported too. For the feature matrix of demographic information, the best
results for both generalized and chosen test set hyper-parameters are the same, and
achieved with KNN algorithm. The metrics on this result are the accuracy of 56.86%,
the sensitivity of 0.5686, the specificity of 0.5837 the precision of 0.6863, the F1
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score of 0.4955, and the AUC score of 0.5745. For the deep feature matrix obtained
from ResNet-50 model weights, SVM with Ridge penalty, LR, LR with penalty, and
KNN algorithms had the same results according to generalized hyper-parameters. The
metrics on this results are the accuracy, sensitivity, specificity, precision, F1 score
and AUC score of 92.16%, 0.9216, 0.9230, 0.9243, 0.9215, 0.9223 respectively.
Finally, for the combined feature matrix of demographic information and extracted
deep features obtained from ResNet-50 model weights, SVM with Ridge penalty, LR,
LR with Ridge penalty, and KNN algorithms had the same results as well according to
generalized hyper-parameters. The metrics on this results are the accuracy, sensitivity,
specificity, precision, F1 score and AUC score of 92.16%, 0.9216, 0.9230, 0.9243,
0.9215, 0.9223 respectively.

In conclusion, according to stated results, we yielded an improvement of using
regularization with linear discriminant analysis and Lasso regularizer. In general,
we did not have an improvement by combining demographic information with deep
features. However, we anticipate an improvement with this image and non-image data
combining technique by using more data samples and more information about patients
such as doctors report, tobacco product use, associated genetic diseases, respiratory
test information, etc. Finally, even though we could not see an improvement from
CNN testing results to ML testing results in terms of the accuracy, sensitivity and F1
score, the specificity and precision improved, as we discussed in Chapter 7, a data
set with more samples and these samples inspected by subject matter experts, such
as specialist radiologists for our X-rays, would allow the study to have better metric
results and better comparison opportunities between experimental phases.

Keywords: COVID-19, Chest X-Ray, Data augmentation, Binary classification,
Demographic information, Deep learning, Convolutional Neural Networks, Pre-trained
CNN models, Transfer learning, Deep feature extraction, Deep feature transfer,
Machine learning, Supervised learning, Regularization, Lasso, Ridge, Grid search.
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GOGUS RONTGENI GORUNTULERINDEN COVID-19 SINIFLANDIRMASI
YAPMAK AMACIYLA DERIN OGRENME MODELLERINDEN
MAKINE OGRENMESI ALGORITMALARINA DERIN OZNIiTELIK AKTARIMI

OZET

Koronavirus hastaligit 2019 (COVID-19), SARS-CoV-2’nin neden oldugu bulasici
bir hastaliktir. ilk vakalar Aralik 2019°da Cin’in Wuhan kentinden bildirilmis olup,
11 Mart 2020°de diinya genelini saran bir pandemi olarak ilan edilmistir. Hastalik
siddetli bir akut solunum yolu hastalig1 olmasina ragmen, cesitli organlar1 etkiler ve
ates, kuru Oksiiriikk, yorgunluk basta olmak {iizere, tat veya koku kaybi, ishal, bas
agrisi, agri ve sizilar, bogaz agrist ve konjonktivit gibi cesitli semptomlara neden
olur. Temmuz 2021 basi itibariyle 185 milyondan fazla insan COVID-19 hastaligina
yakalanmis ve 4 milyondan fazla insan hayatin1 kaybetmistir. Bu nedenle en onemli
konulardan biri COVID-19’un hizli ve erken tamisidir. COVID-19’u teshis etmenin
en temel yontemi Polimeraz Zincir Reaksiyonu (PCR) testi olsa da farkli teknikler
denenmekte ve gelistirilmektedir. COVID-19’un akcigerler iizerinde biraktig1 etki cok
biiyiik oldugu i¢in, hastanin akcigerindeki duruma ve akciger goriintiilerine dayali tani
yontemleri iizerinde durulmaktadir. Ancak akcigerleri etkileyen cesitli hastaliklar da
vardir. Bu nedenle, COVID-19’u simniflandirmak icin yiiksek basar1 oranina sahip bir
yontem bulmak 6nemli bir zorluk ve problem haline gelmistir.

Bu tezde, gogiis rontgen goriintiileri araciligiryla COVID-19 hastaligina sahip hastalari
siniflandirmak i¢in, derin 6grenme modellerinden makine dgrenmesi algoritmalarina
derin Oznitelik aktarimi1 yontemini 6nermekteyiz. Goriintii verilerine ek olarak, derin
Ozniteliklerden gelen bilgileri desteklemek icin, makine 6grenimi siirecinde hastalarin
demografik bilgilerini de kullaniyoruz. Boliim 1, problemimiz hakkinda giris, bu
calismanin amaci, ilgili literatiir taramasi ve bu tezin yapisimi igcermektedir. GOriintii
verilerimiz olan gogiis rontgenleri ile ilgili temel bilgiler Boliim 2°de verilmistir.

Odaklandigimiz sorun, COVID-19 hastalar1 ve diger insanlar arasindaki ikili
siniflandirmadir. Bu sorunu ¢6zmek i¢in 131 COVID-19 ve 123 COVID-19 olmayan
etiketli veri iceren veri kiimesi kullandik. Daha sonra veri kiimesini, toplam verinin
%80’1 6grenme kiimesinde olacak sekilde, 6grenme ve test kiimelerine boldiik. Ayrica
ogrenme kiimesi verilerine yatay cevirme, dikey ¢evirme, 90 derece dondiirme, 180
derece dondiirme ve 270 derece dondiirme ile ¢ogaltma uyguladik. Boylece 68renme
kiimesinde 630 COVID-19 ve 588 COVID-19 olmayan etiketli veri, test setinde 26
COVID-19 ve 25 COVID-19 olmayan etiketli veri elde ettik. Belirtilen ¢cogaltilma
islemi sadece Evrisimsel Sinir Ag1 deneyleri sirasinda kullanilmistir. Boliim 5’in
baglarinda, veri seti ve ¢ogaltma islemi teknigi detaylandirilmisgtir.

Kullandigimiz derin 6grenme modelleri AlexNet, ResNet-18, ResNet-34, ResNet-50,
VGG16 ve VGG19 Evrisimsel Sinir A1 (ESA) modelleridir. Her ESA modeli i¢in
ozellikle ii¢ farkli optimizasyon yontemi uyguladik, ve bunlar SGD momentum, Adam
ve ayrnistiritlmig agirlik diisiisiine sahip Adam’dir. Her model i¢in ortak olarak kayip
fonksiyonununu ¢ozebilmek adina ¢apraz-entropy kayip fonksiyonunu kullandik. Her
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bir goriintii 227 x 227 olarak yeniden boyutlandirildi, merkezsel olarak kirpildi,
gri tonlamaya doniistiiriildii ve normallestirildi. Bolim 3, derin 6grenmeye giris,
ESA’lar hakkinda temel bilgiler ve transfer 6greniminin nasil gerceklestirileceginden
olugsmaktadir. Bu calismada, 6nceden egitilmis modellerin agirliklarinin mevcut ESA
modellerine aktarilmasi, ve ESA modellerinden ¢ikarilan derin 6zniteliklerin makine
O0grenimi algoritmalarina aktarilmasi olarak iki tiir aktarimli 6grenme kullanilmustir.
On-egitimli ESA modelleri, resmi olarak ImageNet veri kiimesi iizerinde daha
onceden egitilmis modeller olup, kaydedilen bu agirliklarla modeller baglatilmis ve
sonrasinda yeniden 6grenim gerceklestirilmistir. Derin 6znitelik aktarimli 6grenme
ise, ESA modelinin 06zelliklerini tam bagli model blogundan cikartarak makine
ogrenmesi algoritmalar1 gibi bagka bir yapay zeka tekniginde 6znitelik matrisi olarak
kullanmaktr.

Kullandigimiz makine 6grenmesi (MO) algoritmalari, Destek Vektér Makineleri
(SVM), Lojistik Regresyon (LR), K-En Yakin Komsu (KNN) ve Dogrusal Ayirma
Analizi (LDA) olan gozetimli 68renme algoritmalaridir. Belirtilen makine dgrenmesi
algoritmalar iizerinde L1 normu olarak bilinen Lasso ve L2 normu olarak bilinen
Ridge olarak farkli diizenlilestirme tekniklerini uyguladik. 4. Boliim, makine
O0grenmesine giris, makine Ogrenmesi algoritmalar1 ve diizenlilestirciler hakkinda
temel bilgiler ve ¢apraz dogrulama teknigini icermektedir. Baslangictaki boliinmiis
test kiimemize 0zgii hiper parametrelerin yani sira, genellestirilmis hiper parametre
seceneklerini elde etmek i¢in 6grenme kiimesi iizerinde 10-Kath capraz dogrulama
gerceklestirdik. Algoritmalar ve tiim deneyler, demografik bilgilerden olusan 6znitelik
kiimesine, aktirilmig derin 6zniteliklerden olusan 6znitelik matrisine ve aktarilan derin
oznitelikler ile demografik bilgilerin birlesiminden olusan 6znitelik matrisine ayr1 ayri
uygulanmugtir. Demografik bilgi 6zellik matrisi, bilindigi iizere yas ve cinsiyet bilgisi
olmak iizere iki Ozellik siitunundan olusmaktadir. Her Ornek ic¢in aktarilan derin
Ozniteliklerin uzunlugu bindir. Dolayisiyla, birlesik 6znitelik matrisi bin iki siitun
icermektedir.

ESA ve MO icin tiim deneyler, MO icin veri on isleme ve hiper parametre
secimi teknikleri dahil olmak iizere, Bolim 5’te ayrintili olarak agiklanmistir. Her
bir Oznitelik matrisi ve algoritma i¢in en uygun parametreleri bulmak amaciyla
Izgara aramasi yontemi kullandik. Deneylerin kaynak kodu agirlikli olarak Python
programlama dilinde, kiiciik bir kismi ise R programlama dilinde yazilmigtir.
ESA modelleri Python’da PyTorch kiitiiphanesi kullanilarak, MO algoritmalar1 ise
Python’da Sklearn kiitiiphanesi kullanilarak uygulanmistir. Yalnizca diizenlilestirilmis
LDA algoritmasi, TULIP kiitiiphanesi kullanilarak R programlama dilinde kodlan-
mustir. Daha hizli ve paralellestirilmis islemler i¢in ESA deneylerimizi GPU iizerinde
gerceklestirdik.  Deneylerimiz sirasinda kullanabilecegimiz GPU igeren fiziksel
bir bilgisayara sahip olma firsatimiz olmadigindan, deneyleri Google Colaboratory
platformunda gerceklestirdik. Google Colaboratory, Gmail kullanicilarina, icermis
oldugu GPU’yu CUDA eklentisi teknolojisi ile kullanma imkani saglayan kismen
tcretsiz bir platformdur. ESA sonuglarini ve en iyl model agirliklarim iceren
*pth dosyalarmi toplandiktan sonra, MO deneyleri lokal olarak CPU iizerinde
gerceklestirilmistir.

Boliim 6’da performans olciim tekniklerini ESA ve MO siirecleri icin deney
sonuglartyla birlikte acikladik. En iyi sonuca Adam optimizasyon yontemi ile
ResNet-50 modeli kullanilarak ulagilmigtir. Bu sonuca iligkin metrikler, dogruluk,
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duyarhlik, 6zgiilliik, kesinlik, F1 skoru ve AUC skoru i¢in sirasiyla %92.16, 0.9216,
0.9215, 0.9216, 0.9216, 0.9219’tir. Hem genellestirilmis hem de test verilerimize 6zel
optimum hiper parametreleri elde etmeyi amacgladigimizdan, her ikisi i¢in de sonuclar
rapor edilmistir. Demografik bilgilerin 6znitelik matrisi icin hem genellestirilmis
hem de secilmis test kiimesi hiper parametreleri i¢in en iyi sonug¢lar aymidir, ve
KNN algoritmasi ile elde edilir. Bu sonuca iligkin metrikler, %56.86 dogruluk,
0.5686 duyarlilik, 0.5837 ozgiilliikk, 0.6863 kesinlik, 0.4955 F1 skoru ve 0.5745
AUC skorudur. ResNet-50 model agirliklarindan elde edilen derin 6znitelik matrisi
icin, Ridge diizenleyicili SVM, Ridge diizenleyicili LR, LR ve KNN algoritmalari
genellestirilmis hiper parametrelere gore aymi sonuglari vermistir. Bu sonuclara
iligkin metrikler sirasiyla %92.16, 0.9216, 0.9230, 0.9243, 0.9215, 0.9223 olmak
tizere dogruluk, duyarlilik, 6zgiilliik, kesinlik, F1 skoru ve AUC skorudur. Son
olarak, demografik bilgiler ve ResNet-50 model agirliklarindan elde edilerek ¢ikarilan
derin Ozniteliklerin birlestirilmesiyle olusan 6znitelik matrisi i¢in, Ridge diizenleyicili
SVM, Ridge diizenleyicili LR, LR ve KNN algoritmalar1 da genellestirilmis hiper
parametrelere gore ayni sonuglart vermistir. Bu sonuglara iligkin metrikler sirasiyla
%92.16, 0.9216, 0.9230, 0.9243, 0.9215, 0.9223 olmak iizere dogruluk, duyarlilik,
ozgiilliik, kesinlik, F1 skoru ve AUC skorudur.

En nihayetinde, belirtilen sonuclara bakilacak olursa, dogrusal ayirma analizi ve Lasso
diizenleyicisini kullanarak, diizenleyicinin kullaniminin bir gelisme saglayabilmis
oldugunu gordiik. Genel olarak, demografik bilgileri derin 6zniteliklerle birlestirerek
bir iyilestirme elde edemedik. Ancak, say1 olarak daha fazla veri ve doktor raporu,
tiitlin iirtinii kullanimy, iligkili genetik hastalik, solunum testi vb. gibi daha fazla hasta
bilgileri kullanildig1 takdirde, goriintii ve goriintii olmayan bilgilerin birlestirilmesi
tekniginin gelisme saglayacigini 6n goriiyoruz. ESA test sonuglarindan MO test
sonuclarina gegiste, dogruluk, duyarlilik ve F1 skoru agisindan bir gelisme géremesek
de, ozgiilliik ve kesinlik metriklerinde bir artis yakaladik. Boliim 7°de sz ettigmiz
gibi, daha fazla numune igeren bir veri kiimesi kullanilir ve bu numuneler, bizim
kullandi1gimiz rontgenler icin uzman radyologlardan yardim alinabilecek olmasi gibi,
konu uzmanlar1 tarafindan incelenerek seg¢ilirse, bu durum ¢alismanin daha 1yi metrik
sonuclarina ve deneysel asamalar arasinda daha iyi kargilastirma firsatlarina sahip
olmasini saglayacaktir.

Anahtar Kelimeler: COVID-19, Go6giis Rontgeni, Veri ¢ogaltma, Ikili siniflandirma,
Demografik bilgi, Derin 6grenme, Evrisimsel Sinir Aglari, On-egitimli ESA modelleri,
Ogrenme aktarimi, Derin Oznitelik c¢ikarma, Derin 6znitelik aktarimi, Makine
ogrenmesi, Gozetimli 6grenme, Diizenleme, Lasso, Ridge, [zgara aramasi.
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1. INTRODUCTION

Coronaviruses are a family of RNA related viruses causing respiratory diseases in
animals and humans. The first known disease caused by this family of viruses was
reported in chickens in late 1920s and then coronaviruses in humans was detected
in 1960s. This family of viruses was accepted as a new group of viruses and
named as coronavirus in 1968 by scientists due to their the distinctive morphological
appearance. The first two human coronaviruses discovered were named as coronavirus
229E and coronavirus OC43, respectively [8]. In the following years, different types
of coronaviruses in humans have been discovered including SARS-CoV in 2003,
HCoV NL63 in 2003, HCoV HKUI1 in 2004, MERS-CoV in 2013. Most of these
coronaviruses cause serious respiratory infections in humans which may also result in

death.

In December 2019 a novel coronavirus was identified in Wuhan city of China and
spread across the country in a short time. Transmission of the virus from human
to human was confirmed by the Health Ministry of China in early January 2020
and then the first quarantine was applied by the Chinese Government in late January
2020. On February 2020, the World Health Organization (WHO) officially named this
new coronavirus as severe acute respiratory syndrome-related coronavirus, or shortly,
SARS-CoV-2. The disease which SARS-CoV-2 causes is called as Coronavirus
disease 2019 (COVID-19) [9]. On 11 March, 2020, WHO declared a global pandemic
due to the worldwide spread of the COVID-19 [10].

As of July 10, 2021, COVID-19 has caused more than 185 million people to be infected
and more than 4 million deaths worldwide, and continues to spread globally [[11]. The
most common symptoms of COVID-19 is known as fever, dry cough and tiredness.
The loss of taste or smell, diarrhoea, headache, aches and pains, sore throat, and
conjunctivitis are also agreed to be strongest symptoms. The infected people may
begin to show at least one of these symptoms within an average of 5-6 days; however,

this period may take up to 14 days [12]]. Since these symptoms are very common to



many other diseases as well, it is very important to find highly accurate distinctive
methods to detect COVID-19. Furthermore, the demographic information of a patient,
1.e., the age and sex information, has a major role on how the patient is affected by

COVID-19 [13].

Early and rapid diagnosis, as in all diseases, plays a very important role in the treatment
of the COVID-19. For that reason, WHO published protocols on diagnostic detection
of COVID-19 on 13 and 17 January, 2020. Polymerase Chain Reaction (PCR) test [[14]
is the most basic method of COVID-19 diagnosis; however, the sensitivity is not high
enough for the low viral load. Moreover, laboratory errors may be present in test
samples. Because of it, all symptoms, test results, and other available reports must be

considered in conjunction in diagnostic process of COVID-19.

COVID-19, as a respiratory disease, also plays a major role in the increase of
pneumonia. Therefore, COVID-19 is mostly confused with the diseases having pretty
similar symptoms with pneumonia. One way to distinguish them is to examine the
most damaged organ, i.e., lungs. Chest X-rays are one of the fastest and the most
accessible diagnostic tools to make observations on human lungs. However, detecting
and distinguishing COVID-19, pneumonia and similar diseases from chest X-rays may
be a difficult task even for expert radiologists [[15]]. Therefore, computerized support

systems are very much needed to help radiologists to analyze chest X-ray images.

Thanks to the publicly available high volumes of image data sets, significant progresses
have been made in artificial intelligence-based computer vision problems. It has
been observed that deep learning algorithms give better results compared to manual
diagnosis in problems such as object recognition, perception, and segmentation [16].
On the other hand, machine learning has various strong classification algorithms on
categorical data including either small or large information. The recent advances
in deep learning and machine learning algorithms also open a venue for proposing
alternative approaches or developing new algorithms for detection of COVID-19 which
can be served as a smart-assistance tool for medical doctors and radiologists whose

workload has always been very heavy during the pandemic.



1.1 Purpose of Thesis

The scope of this study is two fold: 1) to show the capability of joint use of deep
learning algorithms and machine learning algorithms, and 2) to apply this knowledge
onto an on-going global public health problem. In this sense, we first used deep
neural networks with several architectures such as AlexNet, RestNet-18, ResNet-34,
Resnet-50, VGG16, and VGG19 for extracting deep features from Covid-19 chest
X-rays, and then we feeded the deep features coupled with demographic information of
patients into machine learning algorithms such as Support Vector Machines, Logistic
Regression, K-Nearest Neighborhoods, and Linear Discriminant Analysis along with

their regularized versions (if exists) for classification Covid-19 status.

For this purpose, Covid-19 chest X-ray images publicly shared on GitHub
platform were used.  This data set consists of samples with non-diseased,
virus-induced pneumonia, bacterial-induced pneumonia, fungal-induced pneumonia,
and lipoid-induced pneumonia labels, along with demographic information. Moreover,
samples, whose label includes pneumonia, have detailed disease causes such as
COVID-19, Influenza, Escherichia coli, Aspergillosis spp., etc. The study data set
was constructed with the help of a data cleaning process consisting of two steps: 1)
eliminating samples without demographic information, and 2) then separating samples
into two classes as non-COVID-19 which includes samples not having COVID-19 and
COVID-19 which includes samples having COVID-19.

1.2 Literature Review

With the increasing information and data on COVID-19, artificial intelligence
researchers started to work on the diagnosis and classification of this disease. Since
the success and effectiveness of machine learning and deep learning algorithms, which
are sub-branches of artificial intelligence, are well-known, researchers were able to
start working on COVID-19 classification problems without wasting time and reached

satisfactory results immediately.

Ardakani et al. [17] worked on chest computed tomography (CT) images to detect

whether a person has COVID-19 disease or not. They studied with ten different
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convolutional neural network (CNN) models, and compared them. The CNN
models they compared were AlexNet, VGG-16, VGG-19, SqueezeNet, GoogleNet,
MobileNet-V2, ResNet-18, ResNet-50, ResNet-101, and Xception. They achieved the
best results with ResNet-101 CNN model with the AUC score of 0.994, the sensitivity
of 100%, the specificity of 99.02%, the accuracy of 99.51%, the precision of 99.03%,
and the negative predictive value of 100%. Moreover, the results of other CNN

architectures can be found on the original paper.

Pathak et al. [[18] used a deep transfer learning technique on CT images to classify
non-COVID-19 and COVID-19 people. They used pre-trained ResNet-50 CNN
architecture on ImageNet [19] data set to train their classification problem, and 10-fold
cross-validation to prevent over-fitting. Then, they obtained the testing accuracy as

93.02%.

Ozturk et al. [20] developed a new CNN architecture, named as DarkCovidNet, to
classify chest X-ray images among COVID-19 and no-finding, and among COVID-19,
no-findings and pneumonia not caused by COVID-19. They inspired by the DarkNet
architecture [21] and constructed theirs by consisting of seventeen convolution layers
and one fully-connected layer. The final test result were achieved as the accuracy of
87.02% for 3-class classification problem, while it was 98.08 for binary classification

problem.

Oh et al. [22] solved COVID-19, normal and pneumonia not caused by COVID-19
classification problem with first segmenting the chest X-ray images and yielding
extracted lung areas. Then, segmented images were classified patch-by-patch in
ResNet-18 CNN architecture base model. For the final decision among patches, the

majority voting method was used, and the results were obtained as the accuracy of

88.9%, the sensitivity of 85.9%, and the specificity of 96.4%.

Elshennawy and Ibrahim [23] proposed four different deep learning models to solve
a 3-class classification problem. The data set consist of chest X-ray images and
the three classes were no finding, bacterial pneumonia, and COVID-19. A CNN
model containing 4 convolutional layers and 3 fully-connected layers was proposed
and trained from scratch, and the validation loss and accuracy were obtained as

0.3020 and 92.19% respectively. A LSTM-CNN model containing one long short-term



memory (LSTM) layer, 4 convolutional layers and 2 fully-connected layers were
developed, and the final results were yielded as the loss of 0.5771 and the accuracy of
91.80%. Furthermore, two CNN models, ResNet152V?2 and MobileNetV2, were used
as pre-trained. The test results for ResNet152V2 and MobileNetV2, were achieved
as the loss of 0.0523 and the accuracy of 99.22%, and as the loss of 0.1665 and the

accuracy of 96.48% respectively.

Al-falluji et al. [24] were used a modified ResNet-18 CNN model to classify X-ray
images among COVID-19, no-findings and pneumonia not caused by COVID-19. The
original ResNet-18 architecture was modified as changing the kernel size of convl
convolution layer from 7 to 3, and adding two new convolution layers after the global
average pooling layer. The final test result obtained with this technique was the

accuracy of 96.73%.

Nour et al. [4] was developed a novel CNN architecture, and solved the 3-class,
COVID-19, normal and viral pneumonia other than SARS-CoV-2, based on deep
features and Bayesian optimization. The developed CNN architecture includes 5
convolution layers, 3 fully-connected layers and Softmax activation layer at the end.
Deep features extracted from fcl and fc2 layers are used to feed machine learning
algorithm, which were support vector machines, decision tree, and k-nearest neighbor,
for final classification. The result achieved for features extracted from fc2 were
obtained by SVM classifier as the sensitivity of 89.39%, the specificity of 99.75%,
the F-score of 96.72, and the accuracy of 98.97%.

The results of the studies mentioned in this section is summarized in the Table 1.1l
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1.3 Structure

In Chapter[I} we presented an overview of the study including the history of COVID-19

disease, the scope and aim of the thesis, and the literature survey on the related works.

This rest of thesis is organized in six chapters. In Chapter [2| the information about
chest X-rays are given. Chapter |3| introduces the basics of deep learning networks,
loss functions, and optimization methods, the basics of convolutional neural networks,
transfer learning, and the CNN architectures experimented in this study such as

AlexNet, ResNet-18, ResNet-34, ResNet-50, VGG16, and VGG19.

Chapter [] introduces the basics of machine learning algorithms, cross-validation, the
regularization approaches, and the machine learning (ML) algorithms experimented in
this study such as support vector machines, logistic regression, k-nearest neighbor and

linear discriminant analysis.

In Chapter [5] all experiments on convolutional neural networks and machine learning
algorithms carried out in this study are given together with how the study data set was
constructed, data augmentation, deep feature extraction, how the feature matrices were

formed, and the methods for hyper-parameter tuning on ML.

In Chapter [0 results of all the experiments are given together model performance

metrics.

Finally, in Chapter|[7] the conclusion of our study is presented with some interpretations

and suggestions for further researches.






2. CHEST X-RAYS

X-rays (or X-radiations) are electromagnetic waves which is actually a type of
radiation with wavelengths shorter than ultraviolet light. German physicist Wilhelm
Konrad Rontgen discovered this specific type of energy photons while investigating
cathode rays in Crookes tubes in 1895. Thereafter, Rontgen named this rays as X-rays

to identify an unknown type of radiation. The first medical X-ray print can be found in
Figure

On the other hand, a chest X-ray, or in other words a chest radiograph, is a projection
radiograph of the chest used to diagnose health problems associated with the chest
and its surroundings. The first use of X-rays for chest imaging dates back to 1896.
Nowadays, X-rays are mostly used for medical and radiological imaging in medical

industry and for security reasons in public areas.

The fewest photons are absorbed by the air, while the most photons are absorbed by the
calcium in the bones. This is why bones appear white on X-ray images. Fat and other
soft tissues moderately absorb X-rays, so they appear gray. Due to the aforementioned

absorption properties of X-rays, the lungs appear blackish.

While the chest X-ray projection methods may vary from country to country or even
from hospital to hospital, chest X-rays can be filmed through three main projection
methods. The most preferred projection method is Posterior-Anterior (PA) view in
which X-rays go through from patient’s posterior to anterior. The patient has to be
stand up during the operation. The second most used method is Anterior-Posterior
(AP) erect view. On the contrary of frontal view, beams traverse from anterior to
posterior in AP projection. When the PA or AP view is not possible due to the health
issue of patient such that the patient may not able to stay erect, supine position is
applied as AP-Supine projection method. The other most used view type is Lateral
projection. It is performed from the left lateral of patient while the patient is standing.

An illustration of each projection method for chest X-rays for detecting COVID-19 is
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Figure 2.1 : Hand mit Ringen (Hand with Rings): the print of Wilhelm Rontgen’s
first medical X-ray of his wife’s hand [1].
given in Figure There are other various projection methods to film the chest of

patient via X-rays.

Chest X-ray imaging has a very significant role on detecting serious diseases such
as pneumonia and its causes, pneumothorax, heart failures, emphysema, lung cancer,
broken ribs for years, and COVID-19 recently. Thanks to the accessibility and the
ease of use of chest X-rays, various artificial intelligence problems can be formed and

accomplished for the benefit of medical use, computer science, and mathematics.

IRetrieved from GitHub: https://github.com/ieee8023/covid-chestxray-data
set/tree/master/images on March 25, 2021.
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(a) PA projection (b) AP projection

(c) AP-Supine projection (d) L projection
Figure 2.2 : Examples for COVID-19 chest X-rays filmed with PA, AP, AP-Supine,
and Lateral projections, respectively
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3. INTRODUCTION TO DEEP LEARNING

In this section, first of all, we provide information on the basics of deep learning
algorithms, and then we mention the loss function, and the optimization methods
used to train deep learning algorithms. We conclude the section with the basics of
convolutional neural networks (CNNs), CNN architectures used in this thesis, and the

transfer learning concept.

3.1 The Basics of Deep Learning

Here we list basic terminologies associated with deep learning algorithms.

L1 —

Wi

W-
332/ :

Figure 3.1 : A simple neural network with two neurons.

* Neural Network: A neural network is a learning framework for machines using a
collection of functions over hidden layers to understand and translate an input data
into a desired output. For a given input data, after the input layer reads the data, the
hidden layers extract and transform the information and feed the output layer with
them. The output layer is the final layer and it is used to obtain the outputs of one
iteration of network in desired format. The main inspiration of neural networks is

the human brain structure. A simple example for a neural network consisting of two
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neurons can be seen in Figure and the formulation for the output in this neural

network is:

y=WIx+b, (3.1

where x € IR? is the input vector, W € IR? is the weight vector, b € R is the bias

term, and y € IR is the scalar output.

Nodes (Neurons) and Links: Neural networks are made of nodes (neurons). The
connections between the layer nodes are called as links. Each link has weight and
bias parameters which are carried over neurons. Nodes receives the parameters of

incident links, process them, and produces an output.

Weight and Bias: Weight and bias terms are learnable parameters related to input
data and they must be updated iteratively to reach the optimal cost value. At the
initial iteration, they can be taken as zeros or a random initialization can be used.
Both of them are transformed from input nodes to output nodes over the nodes of
hidden layers via links in a neural network. Some sources include the bias term into

the weight, and only use the weight value as well.

Feed-forward and Back-propagation: Basically, a neural network which has no
loops or cyclic links over nodes considered as a group of feed-forward networks.
The direction of information flow is straight-forward. Input layer handles the input
data, and the outputs of input layer goes through the hidden layer as input. There
may be one or several number of hidden layers, and the output of each is the input
of the next hidden layer. Finally, the output of last hidden layer feeds the output
layer, and the output nodes forward their outputs to the loss function. During this
process, the weights and bias values do not change. To update and find the most
appropriate weight and bias values, back-propagation is used. To reach the optimal
loss value, at each iteration of training, the negative gradient of the loss function
is used to update the weight and bias terms. At the first iteration, this gradients
are considered as zero or a random initialization is used. More information and

examples can be found in Section
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* Epoch: An epoch is an iteration when the train data passes forward and backward
through the whole neural network only once. Generally, the train data passes

through the whole network multiple times to optimize the learning process.

* Batch: If an epoch is too large to enter the neural network at once, data in the epoch
can be dived into several smaller batches. Then, a batch is defined as a group of
data samples selected from this data. The number of data samples in a batch are
mostly chosen as a power of 2 such as 24 25 and 2° etc. If the train data enters
the neural network in batches, then it is recommended to shuffle data order in each

epoch before creating new batches from train data.

* Train Data and Training: The data group reserved to be used in learning process is
called as train data. The ratio of train data size to whole data is generally determined
as 7:10 or 8:10, and the rest of data is placed into the test data group. The train
data must be strictly separated from validation and test data, and should be used
on training process only. Training process consists of multiple epochs. At each
epoch, the train data goes into the model as input, the neural network works for
learning data, the losses and accuracy (if desired) are computed, and the losses are
optimized. If batching is used, this process is applied onto each batch, and the
average and final losses and accuracy (if desired) are calculated over all batches at

the end of each epoch.

* Validation Data and Validating: If there exists enough train data for the problem
and learning process, one may need validation data to validate the learning process
periodically. The validation data group is strictly separated from train data such
that its size is generally 70% or 80% of train data. During the validation process no
optimization process is applied. For that reason, the weights and biases are stable.

The losses and other desired metrics such as accuracy are computed only.

* Test Data and Testing: The data group reserved to be used in testing process is
called as test data. The ratio of the size of test data to the whole data is generally
determined as 2:10 or 3:10. The test data must be strictly separated from train data,
and should be used on testing process only. The training process should not see any
of test data. Testing process is usually applied at the end of all epochs. However,

when the train data is not feasible to be divided into validation data, at the end of
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each epoch testing process may be applied on test data. This method is also used to

determine the over-fitting and stop point.

* Under-fitting and Over-fitting: A learning algorithm may have under-fitting
problem when it cannot capture or fit the data well. Under-fitting problem results
in insufficient metrics during the training process since the learnable parameters
are not optimized enough to reach at a satisfactory loss value. On the other hand,
when the model fits the train data perfectly, it might have started to memorize the
train data and may not learn something new from the data. Therefore, even though
training metrics are nearly perfect, the testing metrics in the opposite direction
of what is desired can be seen. The main reason for this is that the learnable
parameters were directly adjusted for train data and not feasible for test data
anymore. This situation is called as over-fitting. A validation set can be used
to control the over-fitting by periodically checking the metrics of a data out of
train set, while trying to rise above the under-fitting. By that way, a well-fitting
or appropriate-fitting may be caught. The illustrations for three situations can be

seen in the Figure (3.2

A X A X
X X
X
Xxxxx‘ Xxxix‘
Under-fitting Appropirate-fittir:g Over-fitting V

Figure 3.2 : Illustration of under-fitting, well-fitting, and over-fitting of models to the

data

3.2 The Cross-Entropy Loss Function

Loss function is the function that represents the error between true and predicted values

which can be called as the cost of the problem to be optimized.

IRetrieved from GeeksforGeeks: https://www.geeksforgeeks.org/underfitting-a
nd-overfitting-in-machine-learning/ on March 28, 2021.
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The cross-entropy loss function is one of the most commonly used loss functions to
measure the performance of a classifier. The cross-entropy function calculates the
cost through the negative log-likelihood function [25]] which uses log class probability
values computed by log-Softmax function [26]. Here the loss value increases together

with the divergence between the grand-truth label and how likely this label is estimated.

The cross-entropy loss function for a sample, f, as a function of weights, is defined as

given below:

f(6)=—Y yilog(pi), (3.2)

i=1

where n is the total number of classes, y; is the observed class label, and p; is the
estimated class probability, which is a function of weight, 0, from the model of
interest for the i class, respectively, with restriction )" | p; = 1. Thus, for a binary

classification problem, the cross-entropy loss function can be re-stated as:

f(0) =—(ylog(p)+(1-y)log(l1-p)), (3.3)

where y is the binary variable with two class labels 1 and 0, where 1, true class label,
shows the presence of of the condition of interest, whereas 0 shows the opposite, and

and p is the estimated probability for the true class label.

3.3 The Basics of Optimization Methods

Various optimization methods can be used for reducing the losses and reaching more
accurate predictions. The weights are initialized and updated at each training epoch.
The initialization strategies may vary depending on the neural network architecture.
However, it is always aimed to achieve the most satisfying results by using some

optimization algorithms called as optimizers.

3.3.1 Stochastic Gradient Descent with Momentum Optimization Algorithm

Stochastic gradient descent (SGD) can be considered as a stochastic approximation
of gradient descent optimization [27|] and is an iterative method for optimizing an

objective function with suitable smoothness properties. The momentum remembers the
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weight update at each iteration and determines the next update as a linear combination
of the gradient and the previous update [28]]. An example for a pseudo-code for SGD
with momentum optimization is given in Figure Note that the weight parameter 6

is denoted by x in this figure.

Algorithm 1 SGD with momentum

: given learning rate oy € R, momentum factor 3; € R, weight decay factor w € R

: initialize time step ¢t < 0, parameter vector x;—o € R", first moment vector m;—q < 0
: repeat

tt+1

V fi(xi—1) < SelectBatch(x;—1) > select batch and return the corresponding gradient
g+ Vfi(xi—1) +wpke—y

ne < SetSchedule Multiplier(t) > can be fixed, decay, be used for warm restarts
my < fimi_1 + nioug,

Xt < Xp—1 — My

: until stopping criterion is met
: return optimized parameters x;

P ORI QUL

—

Figure 3.3 : A pseudo-code for SGD with momentum optimization [2].

3.3.2 Adaptive Moment Estimation Optimization Algorithm

Adaptive moment estimation (Adam) is an optimization algorithm that uses the
running averages of both the gradients and the second moments of the gradients.
Before each step, the gradient of loss function is calculated and a step in the opposite
direction is taken with corresponding rate. This process is also called as Adam with
L2 regularization [29]. An example for a pseudo-code for Adam optimization is given

in Figure Note that the weight parameter 0 is denoted by x in this Figure.

3.3.3 Adam Decoupled Weight Decay Optimization Algorithm

Adam decoupled weight decay optimization algorithm (AdamW) does not use the
regularization as the normalized by square root of second moment vector. Thus, it is
only proportional to the weight itself [29]. An example for a pseudo-code for AdamW
optimization is given in Figure[3.4] Again, note that the weight parameter 6 is denoted

by x in this figure.

The main difference of Adam and AdamW, as illustrated in Figure is that, the
weight decay is directly applied to the gradient of loss function on Adam, while it is
decoupled on AdamW. Hence, the weight decay affects moment vectors and appears

both in numerator and denominator during weight parameter update. Furthermore,
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since it is in multiplicative form with learning rate parameter, the fine-tuning of
learning rate and weight decay values become dependent to each other. On the other
hand, weight decay is only applied at weight parameter update step, and it takes a

separated charge during this update on AdamW.

Algorithm 2 /Adam and ' AdamW

1: given oy = 0.001,8; =0.9,8, =0.999,e =10~%,w € R
2: initialize time step ¢ < 0, parameter vector x;—o € R", first moment vector m;—o < 0, second
moment vector v;—qg < 0, schedule multiplier n;—o € R

3: repeat

4: t+t+1

5:  Vfi(xi—1) « SelectBatch(x;—1) > select batch and return the corresponding gradient
6: g Vii(xi_1) Fwpkey

70 my < Bim—1 + (1 — B1)g, > here and below all operations are element-wise
8: vy Bovi—1+ (1 — Ba)g?

9: <+ my/(1—p1) > here, (; is taken to the power of ¢
10: ¥y« v/(1— BY) > here, 3, is taken to the power of ¢
11:  n « SetScheduleMultiplier(t) > can be fixed, decay, be used for warm restarts

120 XX = (atﬁu/(\/ﬁ +6) twexe—y )
13: until stopping criterion is met
14: return optimized parameters x;

Figure 3.4 : Pseudo-codes for Adam and AdamW optimization algorithms [2].

3.4 The Basics of Convolutional Neural Networks

The convolutional neural networks (CNNs) are the special research area of deep neural
networks which are mostly used in analysis of visual problems. In this section, we give

information on the fundamental layers and elements of CNN architectures.

A CNN model basically consists of three main layers: 1) An input layer, 2) hidden
layers, and 3) an output layer. For example, Figure[3.5]is an example for a CNN model

with six layers consisting of one input layer, four hidden layers, and one output layer.

The structure of CNNs comports with the structure of feed-forward networks where
the information goes through network in forward direction only. Back-propagation
algorithm is commonly used to feed and train a feed-forward network. The algorithm
orders to compute the gradients in weight space of a feed-forward network with respect
to the loss function f(8). The weight matrix is defined as W = (6{ ,...,8]) € R x
m® where n() and m") are the number of inputs for i layer and the size of each
input in this layer, respectively. Then the weight space is updated with these gradients

by the chosen optimizer such as SGD momentum, Adam, or AdamW. The gradient
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Input Layer Hidden Layers Output Layer
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Figure 3.5 : An example for a simple CNN architecture.

of objective loss function f(0) at a fixed weight vector 6; is computed via directional

derivatives and chain rule and represented by V f(6;).

Let’s consider a simple CNN architecture illustrated in Figure where each layer
is denoted by al) with i = 1,2,...,6. Assume there exists n number of x; initial

input nodes, where x = all) = (x1,...,%,) is an n-dimensional input layer vector.

Furthermore, the layers a(i), withi=2,...,5, are the hidden layers. For instance, a®

(ag3) , aés) , ag3) , af)) andal®) = (ags) , ags) , ags)). Lastly, the output layer feeding the loss
(6) (6)

function is a(®) = (ay”,ay "), and the output y value is determined by computing the

class probabilities from a®),

Then the gradient of loss function f at the fixed weight vector 6, is evaluated as:
2/(6,)
26,
Vi) =1 : |- (3.4)
9/(6,)
a6,
The gray nodes in CNN architecture given in Figure[3.5]are bias terms. Assume that the
objective loss function is the cross-entropy loss function f and our hypothesis function

is to create a CNN architecture in the form #4; : R - IRt(l), where k() and ¢( vary
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according to the corresponding layer. Then define al) = hi(W(i)a(i_l) + b(i)) for each
i"" 1ayer, where W) represents the weights of links from i’ to (i+ 1) layers, and 5)
is the bias term accompanying to these weights. Moreover, let us denote the weight of
the link between the j/* node of i’ layer and the z'* node of (i + 1) layer as WEZ)Z We
obtain the backward pass of our loss function with respect to the first weight matrix

and bias terms by chain rule, respectively, as follows:

af df 0al® 9al® ga® 9al® ga®
oW 9al® 9ad) 9a) 9aB) 9a@ Hw)

, and 3.5

of df 9al® 9al ga® 9al® ga?
ob() — 9a®) 9al) ga® 9a) 9a? 9p(1)

S (5)

. ) . . 4
For instance, if the forward pass connection between a,” and a;™’ is Wz( 1), we use

the directional derivative rule while computing % for the backward pass gradient to

d

(3.6)

update W2(41) value as:

(3.7

af  af 2al® 9al” _( of 9al®  of aa§6>> dal’)
owyy 2% 9V ow® 192l 92 9al 9al/ awy?)

In the same way, the gradient for b can be computed as:

of  of 9a® o aa§6>+ of oal i
60~ 920 9B 530 950 T 56 9p(5) G5
1 2

3.4.1 Convolutional Layer

Convolutional layer is the building block of CNN architectures and is used to reveal
the distinctive features of input data. A convolution layer includes one or multiple
windows named as filter (or kernel) that can be of different sizes such as 2 x 2, 3 x 3,
and so on. The coefficients, which are included in filters, change at each iteration
during the training of a CNN. This coefficients and their updates are used to detect the

significant and learnable parts of the data.

Filtering is started to be applied from the upper left corner of the image and keeps
moving towards the right. When there are no cells left to be scanned on the right, it

continues from the lower cells as before. At each step, the filter and the corresponding
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area of input matrix are multiplied by element-wise. The step length of scanning
process is called as stride. The default stride value is 1; however, different stride values
may be used depending on the input data and CNN architecture. If the stride is set as

s, then the kernel window move by jumping s cells.

Sometimes, an inconsistency between filter, stride, and input layer sizes can be seen
while trying to use desired convolutional layer. In this situation, the edges of input
matrix may be filled by zeros. These process is called as padding. If the padding value
is set as p, the p cells with zero values are added to the edges of input matrix. This

method can be also used to pay attention to the edges and corners of original input

matrix.
0 0 ] 0 0 ] 0 0
1 0 1 0 1 1 0 1 0 1 0 1 1 0
1 0 0 0 1 0 0 1 0 0 0 1 0 0
Padding withp =1 — 0 1 1 ]
1 1 1 0 0 0 0 1 1 1 0 0 0 0

: 0 0 1 0
0 0 1 1 0 1 0 0 0 1 1 0 1 0

1 0 0 1 0 0 [} 1 0 0 1 0 0 [}
0 1 1 0
0 1 1 [} 1 0 [} 0 1 1 0 1 0 [}
6x6 0 0 0 0 0 0 0 0 4 x 4 Filter
Input Matrix

8x8
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Figure 3.6 : Activation map construction with a filter window size of 4 x 4 and stride
value of 2.
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The various filters can be applied onto the input data to reveal low and high-level
feature maps. After convolution, the size of the input data changes depending on the
filter (or kernel), stride, and padding choices. The outputs of the convolution layers are

called activation maps.

The Figure |3.6| gives a summary about how activation map is constructed for a given

input matrix and a filter.

Let us give another example to see the details about computations about it. Assume
that the input data holds raw pixel values of an image of width 223, height 223, and
three color channels red, green, and blue so that it has a size of 223 x 223 x 3. Let’s
choose 2 filter windows in the size of 5 x 5, the stride (step size) as 2, and the padding
size as 1. If we denote the input size by Wi,pur X Hippur X Dinpur, the padding by P, the
number of filters by K, the size of a filter window by F X F and the stride by S, then

we have:
* Winpur = 223, Hinpur = 223, Dinpur = 3,
e K=2F=5,
e P=1,andS =2.

The size of activation map is calculated as:

Woutpur = (Winpus —F +2P) /S)+1, (3.9)
Houtput = ((Hinput —F+ 2P) /S) +1 s and (3.10)
Doutput =K. (311)

Consequently, the activation map of size of 112 x 112 x 2 is produced through the

equations (3.9), (3.10), and (3.11) respectively.

3.4.2 Rectified Activation Function

The activation function forms the output of the node for a given input or input set.
Rectifier activation function maps the input to non-negative values. A unit form of the
rectifier activation function, which is given in equation (3.12), is called as Rectified
Linear Units (ReLU) which is the most common used in neural networks. ReL.U is

defined as:
23



f(x) = max(0,x). (3.12)

3.4.3 Pooling Layer

Pooling layers are commonly used in between the convolutional layers, especially after
activation functions. A pooling layer outputs a new feature map with the lower size
than the size of input feature map. The characteristics of output feature map depends
on the type of pooling layer. The pooling layers have a stride parameter to control the
step size of the movement of pooling window. The most common pooling functions
are given below. Moreover, a simple example on maximum pooling can be found in

Figure|3.7

» Average Pooling: The average of corresponding window is computed and inserted

into output feature map.

* Maximum Pooling: The maximum value of corresponding window is inserted into

output feature map.

13 20 32 0

8 13 1 0 2 x 2 Max-Pool 20 32

43 77 38 6 114 38

114 101 23 1

Figure 3.7 : Maximum pooling operation sample with 2 x 2 window and stride value
of 2.

3.4.4 Batch Normalization

Batch normalization is a technique for training the deep neural networks that
standardize the inputs to one layer for each mini batch. This has the effect of stabilizing
the learning process and significantly reducing the number of training epochs required

[4].
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3.4.5 Drop-out

Drop-out is the removing operation of the nodes below certain threshold value in
the network at each training iteration. In other words, it is aimed not to use weak
information and memorize the network. Drop-out can be in any layer and its threshold
value, which can differ in different layers, is between [0,1]. An illustration about

drop-out can be seen in the Figure
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(a) Standard Neural Net (b) After applying dropout.

Figure 3.8 : (a) A standard neural network, (b) A neural network after applying
drop-out [3].

3.4.6 Flattening

Flatten operation reshapes the input into the one-dimension. It is used before passing

to the fully-connected layers.

3.4.7 Fully-Connected Layer

This structure is used to combine the information in the previous layers. It requires the
flatten operation before itself. The fully-connected layers are used to classify data in
different categories, or construct feature maps to be used in another artificial network

methods.A simple fully-connected layer is given in the figure

3.5 Transfer Learning

Transfer learning is transferring the weights, features etc. in a pre-trained model to
another artificial learning model. This can be between two different deep learning

models or across a machine learning and a deep learning model. In this thesis, the
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Flattening
 —

Input Layer Fully-Connected Layer Output Layer
Figure 3.9 : The usage of a full-connected layer for a binary classifier.

weight transfer from pre-trained CNN models to CNN models and feature transfer

from CNN models to machine learning models are used.

Transfer learning is generally used to shorten the training time if the data set is
insufficient and to achieve high performance with less data. If the data on each class is

less than 1000, the data set may be considered as small.

To prepare a pre-trained CNN model for visual artificial intelligence problems,
ILSVRC 2012 ImageNet [19] data set, including 1000 class with large data, is
commonly used. The weights after the training process is saved and shared to use in
transfer learning afterwards. In transfer learning, the pre-trained model is called with
its pre-computed weights, and the weights are transferred into the same empty neural
network. There exists different approaches to train this new neural network; such that,
training the all layers on the convolutional block, training a part of the layers on the
convolutional block and freezing the others, and freezing all layers on the convolutional
block. The choice of strategy, which is called as fine-tuning operation, depends on the
size of data set and the similarity between the data set used in pre-training process
and the data set to be used in current task. Then the last fully-connected layer is
adapted to the current task by updating itself or adding new fully-connected layers.

The mentioned three strategies can be seen in the Figure [3.10]

2Retrieved from: https://towardsdatascience.com/transfer—learning—from—-
pre-trained-models—-£2393£124751|on April 3, 2021.
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Strategy 1 Strategy 2 Strategy 3
Train the Train some layers and Freeze the
entire model leave the others frozen convolutional base
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l Legend:
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Figure 3.10 : Different fine-tuning strategies on a pre-trained model

On the other hand, to prepare a deep feature set to be used in another artificial learning
model, such as machine learning models, the features on a fully-connected layer,
mostly the first or second, are extracted and saved. Then the saved deep features
are used in the target artificial learning model as the feature map of data set. A real
application of deep feature transfer learning as a road-map, which also used in this

thesis, can be found in Figure |3.11

3.6 CNN Models

There are several CNN architectures which can be simply called as models. These
models consist of various combinations of input layer, hidden layers and an output

layer such that some basics of them are explained in Section 3.4

In this section, the state-of-the-art CNN models used in this thesis are introduced and

detailed.

3.6.1 AlexNet

The AlexNet architecture was developed by Krizhevsky et al. for the object
recognition problem. This model was trained with the ILSVRC 2012 ImageNet
dataset, achieved high performance results, and won the first place in the ImageNet
competition in 2012. There are 9 layers in total in the AlexNet architecture. Following
the input layer, there are five convolution layers which use filters of size of 11 x 11 with
a stride value of 4, where some layers are supported by the maximum pooling layers as

shown in Figure The remaining three layers are the fully-connected layers which
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Figure 3.11 : Deep feature extraction from CNN models and using them in machine
learning models ||

have the sizes of 2048, 2048, and the number of classes, respectively. In Figure [3.12]

the number of classes are considered as 1000; thus, the last fully-connected layer has

the size of 1000. The ReLU activation function is used after each convolution and

fully-connected layer. The number of filters used increases as going deeper into the

model.

3.6.2 Residual Neural Networks

The residual neural network (ResNet) architectures was proposed by He et al. [6] to
avoid vanishing and exploding gradient problems by using residual blocks which is a

simple connection which takes the activation from one layer and feeds it to another
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Figure 3.12 : Illustration of AlexNet architecture with a size of 224 x 224 x 3 input
image and 1000 class prediction support. [5].
layer in much deeper. This model resulted in high performance results on ILSVRC
2015 ImageNet [[19] data set and won the 1st place on the corresponding task. In the
Figure , it can be seen that the layer alll feeds two subsequent layers, namely, al+1]

and all2,

1+1]
Q| —

Figure 3.13 : An illustration for residual block. Here, all is the starting activation
layer and al+2 is the fed activation layer
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Depending on the number of layers, there are a variety of special ResNet architectures

which are briefly mentioned below.

ResNet-18

The first convolution layer includes a filter with a size of 7 x 7 and scans with a
stride value of 2, then maximum pooling is applied with a 2 x 2 window along with a
stride value of 2. Afterwards, 8 residual blocks, where each includes 2 convolutional
layers with 3 x 3 filters, come. Hence, there exists 16 convolutional layers inside of

residual blocks. After the residual blocks, there is an average pooling following a

3Retrieved from: http://datahacker.rs/deep—learning-residual—-networks/
on April 4, 2021.
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fully-connected layer with neurons in the size of the number of classes, which is 1000

in Figure[3.14]

ResNet-34

The first convolution layer includes a 7 x 7 filter and scans with a stride value of 2, then
maximum pooling is applied with 2 x 2 window and stride value of 2. Afterwards, 16
residual blocks, such that each of them includes 2 convolutional layers with 3 x 3
filters, come. That is, there exists 32 convolutional layers inside of residual blocks.
After the residual blocks, there is an average pooling following a fully-connected layer

with neurons in the size of the number of classes, which is 1000 in Figure

ResNet-50

The first convolution layer includes a 7 x 7 filter and scans with a stride value of 2,
then maximum pooling is applied with 2 x 2 window and stride as 2. Afterwards,
16 residual blocks, such that each of them includes 3 convolutional layers with 1 x 1,
3x3and 1 x 1 filters in order, come. That is, there exists 48 convolutional layers inside
of residual blocks. After the residual blocks, there is an average pooling following a

fully-connected layer with neurons in the size of the number of classes, which is 1000

in Figure

3.6.3 Visual Geometry Group

Simonyan and Zisserman [30] proposed a very profound architecture for the problem
of image recognition. It is aimed to achieve higher classification performance by using
a small size filter and increasing the depth of the model. This model was trained
with the ILSVRC 2012 ImageNet [19] dataset and achieved high success results. This
study has showed the importance of depth in image description models. The two
types of Visual Geometry Group (VGG) architectures explained below can be seen

in Figure In the figure, the number of classes are considered as 1000.

4Retrieved from: http://datahacker.rs/deep—learning-vgg—16-vs—vgg—19/ on
April 4, 2021.
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layer name | output size 18-layer [ 34-layer 50-layer
convl 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
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conv2.x 56x56 3x3, 64 3x3, 64
3%3. 64 x2 3%3. 64 x3 3x3,64 | %3
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L OXH 0 T L IXS S0 ] 1k, 1024 |
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comsSx | 7x7 || TR k2 || T30 X3 || x3512 | x3
| 9% 922 L 9%5,322 ] | 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° | 3.6x10° | 3.8x10°

Figure 3.14 : The architectures of ResNet-18, ResNet-34, and ResNet-50 [@]

VGGI6

The model architecture starts with an input layer, and there are following 12
convolution layers using 3 x 3 filters. There are a total of 5 maximum pooling layers
used after some convolution layers. In maximum pooling, 2 X 2 windows were used
with stride as 2. After the convolution layers, there are three fully-connected layers
such that the first two of which have 4096 neurons and the last one has neurons in
the size of the number of classes, which is 1000 in Figure The ReL.U activation

function was used after all the hidden layers.

VGGI9

The model architecture starts with an input layer, and there are following 14
convolution layers using 3 x 3 filters. There are a total of 5 maximum pooling layers
used after some convolution layers. In maximum pooling, 2 X 2 windows were used
with stride as 2. After the convolution layers, there are three fully-connected layers

such that the first two of which have 4096 neurons and the last one has neurons in
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Figure 3.15 : An illustration of VGG architecturesﬂ

the size of the number of classes, which is 1000 in Figure The ReLLU activation

function was used after all the hidden layers.
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4.

INTRODUCTION TO MACHINE LEARNING

In this chapter, we start with the basics of machine learning. @ Then we

mention cross-validation approach, which is a model evaluation technique, and the

regularization concept. Finally, we end the section with the ML algorithms used in the

thesis. The Figure 4.1/ shows a simple road-map of a machine learning task.

| OO
v | ey || ey (OSHO) A w—p | o

I = y O

FEATURE CLASSIFICATION /
EXTRACTION CLUSTERING

Figure 4.1 : Sample machine learning road map.

4.1 The Basics of Machine Learning

The goal of machine learning (ML) is to learn from available data or experiences to

solve a given problem. A traditional ML pipeline may be listed as follows:

defining the problem to solve,
collecting the data for training and testing,
designing or extracting the features describing data,

training the model to optimize the loss function by tuning the parameters through

experiments, and

testing the model to evaluate the performance of trained model on unseen test data.

The majority of the problems in ML classified as either supervised or unsupervised

learning approaches. Clustering as an example for unsupervised learning, and

classification and regression as two examples for supervised learning are given in

Figure 4.2
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Figure 4.2 : (a) Clustering problem, (b) Classification problem, and (c) Regression
problem [7].

4.1.1 Supervised Learning

Supervised learning is a ML method that establishes a relationship between each
attribute of data feature map and its target value. Estimating the output value for
each new datum is the main goal. All true target values are known during training
and testing. These known true values are used to construct the trained model and to
evaluate the testing performance. Regression and classification problems are solved by

supervised learning approaches.

The task in this thesis includes a data set where each datum has its true label value.

Thus, all ML models used in this thesis are supervised learning algorithms.

4.1.2 Unsupervised Learning

The problems having data with unknown true values are solved by unsupervised
learning. Some data sets can be deliberately left unlabeled since it is too hard to label
the data and requires too much time, expert people, or special devices to label. On the

other hand, not all problems needs to be classified, there are problems that only needs
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to be grouped. Clustering tasks are constructed on these kind of data sets and solved

by unsupervised learning.

4.2 Cross-Validation

As in deep learning, over-fitting and under-fitting creates serious problems in machine
leaning. Cross-validation (CV) methods can be used to overcome these problems. In
the CV method, all the data is divided into train and test sets. Here, it should be noted
that the train and test data sets must be strictly separated from each other, and any

sample on test set should not be seen during training process.

4.2.1 K-Fold Cross-Validation

In K-Fold CV, K is the hyper-parameter to tune that defines the number of folds during
partitioning. The choice of K must be greater than 1 and less than the number of data
points. All data is divided into K folds of the same (if possible) or different sizes. The
folds are enumerated from 1 to K. Here, the model is evaluated and tested (K — 1)
times. On each iteration i, where i is an integer from 1 to K, the i'" fold is chosen as
the test set and the rest as the train set, and model forgets what it learned previously
and starts from zero. Otherwise, the test data on the (i + 1) iteration takes place in
the train set on the i/ iteration and is learned by the model. A sample illustration of

K-Fold cross-validation process can be seen in the Figure 4.3]

4————' Training data I*}
[iteration 1 | {0 O 0 0 000090909900 0909

[terstion2 | + 0 9 9990000 0/0 000000000
M—moooooooo 000ddeceee

woooooooooooooooooooo

M anaam |
< I All data | —>

Figure 4.3 : K-fold cross—validation

IRetrieved from: https://towardsdatascience.com/cross—validation-c4fae?
14f1cb5|on April 10, 2021.
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4.2.2 Leave-One-Out

If the K of K-Fold CV is chosen as the number of data, say N, it is a special case of CV
and called as leave-one-out (LOO) method. As a convenience, all data are enumerated
from 1 to N. Thus, model is evaluated and tested for N times. On each iteration i, where
i is an integer from 1 to N, the i datum is chosen as the test sample and rest as the train
set, and model forgets what it learned previously and starts from zero. Otherwise, the
test sample on the current iteration takes place in the train set on the previous iteration

and is learned by the model.

Briefly, LOO is the K-Fold CV where the number of folds is chosen as the number of

data.

4.3 Regularization

As discussed in Section the training process includes the optimization of
corresponding loss function in machine learning. To minimize the loss and obtain the
more optimized results, the regularization term is applied to the objective loss function.

In general, the regularized loss function for supervised learning can be motivated as:

Z Error(ijlv(xl%yl)) +AR(fW), 4.1)

(x.y'eD)
where 7 is the number of training samples, D is the training feature set with x’ as
training input and y' as the corresponding target output, f,, is the mapping function
between feature map and target values, A is a real number hyper-parameter greater than
or equal to zero controlling the effect of regularization term, and R is the regularization

term.

Notice that, if A is chosen as too high, the regularizer drowns out the loss function;
and, if A is chosen as zero, there is no regularization. A is usually chosen between 0

and 0.1; however, it must be tuned for the corresponding task.

In addition, the regularization term R has a constraint such that R(f,,) < u for an
appropriate real valued constant p. This constraint enables to control the magnitude of

regularization, and fine tune the hyper-parameter of regularizer.
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The regularization is also called as penalty to the objective function. In this section, we

focus on LASSO penalty and Ridge regression concepts which are used in this thesis.

4.3.1 L1 Regularization

L1 regularization term, which is known as LASSO, only penalizes the coefficients

large in magnitude. The LASSO penalty is in the form of:

Allwlly, (4.2)

where w is the the weight coefficients to estimate and ||. ||, is the L1 norm such that:

p
Wl =Y Iwil, (4.3)
i=1

for a vector w with length of p. LASSO penalty may produce non-unique solutions

[31].

4.3.2 L2 Regularization

L2 regularization term is known as ridge regression. The penalty term in ridge

regression is in the form of:

Allwl3, (4.4)

where w is the weight coefficients to estimate, and HH% is the squared L2 norm such

that:

p
Iwl3 =Y w?, (4.5)
=1

for a vector w with length of p.

Since L1 regularizer takes the absolute value and L2 regularizer takes the square, the
cost of outlier samples exponentially increase. For this reason, L2 regularization is less

robust to outliers than L1 regularizer.
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4.4 Machine Learning Algorithms

In this section, the state-of-the-art ML algorithms used in the thesis are introduced and

detailed.

4.4.1 Support Vector Machines

The current support-vector machines algorithm is proposed by Corinna Cortes and
Vladimir Vapnik at 1995 [32]. While it is mainly used for supervised learning
problems, the version for clustering, which is stated as support-vector clustering [33|],

can be used for unsupervised learning problems.

A support vector machine (SVM) constructs a set of hyper-planes in a
high-dimensional or an infinite-dimensional space. It is usually desired to have
samples far away from hyper-planes to achieve a good separation result. The parallel
hyper-plane to a SVM hyper-plane including the nearest samples of a class, which
are the support-vectors, is called as the margin of that class to the corresponding

hyper-plane, and larger margins provides lower generalization errors for the classifier.

In this thesis, we have a binary classification problem; thus, our space is
two-dimensional and we have one hyper-plane that has two margins in total. The
hyper-planes and, in turn, margins differ depending on the kernel function used.
The original hyper-plane algorithm proposed by Vapnik [32] is the linear classifier
whose kernel function is clearly called as linear kernel. However, to create nonlinear
hyper-planes, Bernhard Boser, Isabelle Guyon and Vladimir Vapnik [34] suggest
replacing the linear function with another nonlinear kernel functions. This technique
is called as kernel trick. An illustration about how SVM creates the hyper-planes can

be viewed in the Figure

A linear SVM hyper-plane is defined as:

wix—b=0, (4.6)
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Figure 4.4 : A Hyper-plane and margins of an SVM for a binary classification
problem.

where x is a p-dimensional real vector, w is a weight vector normal to the hyper-plane,

and b is a real valued bias parameter. Thus the distance between margins can be

. . . . . e . w
computed as ﬁ and we want to maximize it, or inversely we want to minimize @
2

First, let us name the hyper-plane and margins in Figure 4.4 as:

* hyper-plane:

Hy=w/'x—b=0, 4.7)

* margin for label +1:
Hy  =w/'x—b=+1,and (4.8)

* margin for label -1:
Hi=wx-b=—1. (4.9)

Thus, we have the following condition and result relationships for a p-dimensional

sample x’ vector with its observed label y* where y' takes either -1 or +1:

o if w/'x’ —b > +1andy’ = +1, then the prediction is correct and the sample belongs

to class +1;

s else, if w/'x' —b < —1 and y' = —1, then the prediction is correct and the sample

belongs to class -1;

* else, the prediction is incorrect and the sample belongs to opposite of predicted

label.
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When we combine the conditions above, we obtain the following common condition:

1—(wix' —b)y' <0. (4.10)

And finally, the margin perception loss function, called as hinge loss, is written as:

108Shinge (W, b) = Z max (0,1 — (w!x' — b)yi). 4.11)
i=1

Besides, the squared hinge loss is defined as:

(max (0,1 — (w/'x' —b)y"))>. (4.12)

D=

losssquared_hinge (W, b) =
1

~.

The constrained optimization problem of SVM is derived as:

min/(w) = mm” 2”2 such that (W' x' —b)y' =1>0, Vie{l,..,n} (4.13)
w

The equation (4 is called as the primal problem. By using the lagrange function
with real valued lagrange multipliers ¢; greater than or equal to 0, the dual problem to

solve is constructed as:

maxf = max Z o — Z Z o;a;y' Vix! "x/ such that Z ay =0, (4.14)
z 1j= =
where £ is the lagrange function, x; and y; are a p-dimensional real valued feature

vector and its label, that is -1 or +1, respectively, and 7 is the number of samples.

An optimization problem can be handled in two perspectives which are the primal
problem as a minimization problem and the dual problem as a maximization problem.
This kind of optimization problems includes a duality value called as duality gap which
is the difference between the lower bound of primal problem and the upper bound of

dual problem:

duality gap = lower boundpimal — upper boundy,,; - (4.15)
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If duality gap = 0, it is called as strong duality. That is the solution found from
either dual or primal problem is the optimal solution of original optimization problem.
However, if duality gap > 0, it is called as weak duality and one can try to reduce the
duality to zero by using constraints. In that case, the solution of original optimization
problem is not the best; but, it can be still used depending on the cost value and
tolerance. The illustration of dual and primal problems and duality gap can be viewed
in Figure

| |
[

\ Primal Form Il|
\ I

Duality
Gap

MAX

Dual Form

Figure 4.5 : The dual and primal problems, and the duality gap between their extreme
points.

Further details on constraint optimization of SVM, primal and dual problems and their

solutions can be found at [35, pg. 13-19].

Penalty Terms

To decrease the effects of original constraints of SVM problems and construct more
feasible hyper-planes regarding to outlier samples, we use penalty terms adding to
original SVM problems. Here A always refers to the regularization parameter which is

a new hyper-parameter to be tuned during this subsection.

* L2 Regularizer: According to Koshiba and Abe [36, pg. 2054-2059], let’s first
recall the primal form of SVM optimization problem in equation (4.13). We can

modify the problem as:

n 2
min ) loss(w,b) +7Lm (4.16)

9
w,b = 2

where the loss function can be either hinge or squared hinge loss function.
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Then, the corresponding dual problem can be obtained as:
n 12 R n )
moaclxz %= Y ) aiojy'y' (x x+18;) suchthat Y oy’ =0, (4.17)
i=1 i=1j=1 i=1
where «; is the lagrange multiplier given in the equation (4.14) and §;; is the

Kronecker’s delta function such that it returns 1 for i = j, and O otherwise.

* L1 Regularizer: As stated in Koshiba and Abe [36, pg. 2054-2059], L1
regularization is only applicable for the linear SVM problem. The L1 penalized
SVM optimization problem is given by the following equation where the loss(w, D)

is either hinge or squared hinge loss function:

min ) loss(w,b) + A ||w|, . (4.18)

wb i3

Then, the corresponding dual problem can be obtained as:

n 1A 2 T n ) 1

mozclxz o — 3 Z Z o;0a;y'y'x"” x/ such that Z oy’ =0 and o; < T (4.19)
i=1 i=1 j=1 i=1

where ¢; are lagrange multipliers given in the equation (4.14), respectively.

Kernel Trick

Kernel trick uses a transformation function ¢(.) for mapping samples into a new
space so that samples become linearly separable. Then all appearances of samples
are replaced with the transformation ¢ (.). Now, the kernel function for p-dimensional

feature vectors X; and X is defined as:

K(xi,x)) =< 0(x;),0(x;) >=0(x;)" 9(x;). (4.20)

This replacement affects the whole structure of SVM optimization problem. The most

commonly used kernel functions, which are also used in this thesis, are:

e Linear function:

K(xix)) = x!'x;. (“21)
* Gaussian radial basis function (RBF):

K(x;,X;) :exp(—}/Hxi—xjH;), (4.22)

for y > 0. It is common to choose Yy = 2}7 where o represents the standard deviation

of original feature map.
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* Sigmoid function:

K(x;,x;) = tanh(ox] x; +c¢) (4.23)

for some o > 0 and ¢ < 0, and tanh(.) refers the hyperbolic tangent function.

4.4.2 Logistic Regression

Logistic regression (LR) aims to solve binary classification problems. In the logistic
regression model, each sample x € IRY has a predicted value 0 < Pr(x) < 1 referring
if the sample belongs to its actual label y or not. If Pr(x) > 0.5, then the prediction is

true. By using the logistic sigmoid function, the model is obtained as:

1

Prix) = o

(4.24)

where w € IRY is the weight parameter tuning the scaling, and b € IR is the bias term
tuning the shifting in logistic sigmoid function. In the Figure the behaviours
of sigmoid function for different w values are given. Note that, in this figure, the

dimensions of samples and weights are one, i.e. d = 1.

p(x)

0.0

» X

Figure 4.6 : Logistic sigmoid function with different scaling w values.

The sharpness of logistic curve increases with higher w values, and vice versa.

Simply, the hypothesis function can be obtained from sigmoid function as:

Pr(x) \ _ 1

Here, the ratio % is called as odds, and log (15;521()) is the logit function.
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For simplicity, let’s define z = w’ x + b. Then, we have the following constraints:
e if y=1, we want Pr(z) =~ 1, i.e. z>> 0, and
e if y =0, we want Pr(z) =0, i.e. z <<O.

Now, we can construct the natural logarithm of the loss function for a sample pair

(x',y") fori € {1,...,n} as follows:

loss'(w,b) = —yIn(Pr(z')) + (1 —y)In(1 — Pr(Z)). (4.26)
Consequently, the optimization problem is yielded as:

n
nvgllgllzzi loss'(w,b). (4.27)

Penalty Terms

To take the loss function under control by a constraint while constructing the logistic
curve separating classes, penalty terms are used. Here A always refers to the

regularization parameter during this subsection.

* L2 Regularizer:

n
inY" loss' + A ||w|3. 4.28
rggli; oss' + A [|wli3 (4.28)
* L1 Regularizer:
n
in) loss'+ A . 4.29
rgvl}gli; oss'+ A [wl (4.29)

Optimizers

In this thesis, to solve the optimization problem on LR problem, we use the following

solvers presented by scikit-learn package [37] in Python programming language:
* Newton’s method (newton-cg) [38]],

* Limited-memory Broyden—Fletcher—Goldfarb—Shanno Algorithm
(Ibfgs) [39],

* A library for Large Linear Classification (liblinear) [40],
* Stochastic average gradient (sag) [41]], and

* SAGA [42].
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Different types of optimizers were used for a better approximation to the loss function,

and to find the best minimization on this loss function. Table shows the solvers

which are compatible with regularizers.

Table 4.1 : Compatibility of logistic regression optimization solvers with regularizers.

Regularizer
Solver No 1 5
Penalty | Penalty | Penalty
newton-cg v v
Ibfgs v v
liblinear v v
sag v v
saga v v v

4.4.3 K-Nearest Neighbor

K-Nearest Neighbor (KNN) is a classification algorithm developed by Fix and Hodges

(1951) [43]. KNN can be used for regression problems as well; however, at this time,

the output for an object is not a class label, but the property value which is the average

of the values of its k nearest neighbors. For both usage cases, KNN is a supervised

learning algorithm.

KNN Algorithm

Below, the basic algorithm for KNN is explained for n samples x' € IRY and their

corresponding class labels ¢/ € {—1,4-1}. Let the target pair is denoted by (x*,c*).

1. The K nearest neighbors of x* is found with respect to distance between target x*

and all other samples. To calculate the distance, different metric functions can be

used. The metrics used in this thesis are:

¢ Euclidean Distance:

¢ Manhattan Distance:

d(x*,x') = Z |X*j_xij|7 and

(4.30)

(4.31)



* Chebyshev Distance:

d(x*,x") = max(|x*; —x'1],[x*2 —x'2|,..., [x" s —Xg|). (4.32)

2. The class label for x* is estimated by majority voting around K nearest neighbors
of target sample found in step 1. Majority voting makes its decision by looking
at which class label has the majority in appearance around K nearest neighbors.
K is preferred as an odd number. For example, if K is chosen as 3 and these
three nearest neighbors have class labels as {41, —1, 41}, then the majority voting
predicts the target label as +1 since it appears more frequent than label -1. Besides,
it can be considered that all of the voters may not have the same effect. In this
scenario, one can use weighted majority voting approach which allows the closer
neighbor in K nearest neighbors to have the higher effect. That is, the weight
of a voter is the multiplicative inverse of its distance to the target sample. For
example, assume that the K is chosen as 3 and these three nearest neighbors have
class labels as {+1,—1,+1} with their distances to the target sample as {3,1,2},
respectively. Then the weights of the neighbors are considered as {%, 1, %} or
{2,6,3} respectively. Here, the label -1 has the majority; thus, the target label

is predicted as -1.

Figure 4.7 : A KNN example illustration for detecting the class of the green sample.

Figure illustrates a classification problem for the the sample colored in green.
When KNN algorithm with K = 3 is used, the green sample is labeled as red both by

majority voting and weighted majority voting. However, when K = 5, use of majority
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voting or weighted majority voting results in a different label for the green sample.

While majority voting labels it as blue, weighted majority voting labels it as red.

Finding Neighborhood

In this thesis, three algorithms presented by scikit-learn package [37] in Python
programming language are used to find neighborhoods of samples under KNN

algorithm.

* Brute Force: Distances between all pairs of samples are computed. Brute force

may be quite efficient for small sized dataset.

* K-dimensional Tree: When Brute force becomes inefficient as the size of data set
increases, K-dimensional (K-D) tree may be used to reduce the required number
of computations. If samples xo and x| are very distant, and samples x; and x; are
very close to each other, then we can directly conclude that the samples xy and
xp are very distant to each other as well. To create a K-D tree structure, the data
space partitioned along the Cartesian axes. Because of the curse of dimensionality,
the construction of K-D tree may be inefficient for large dimensions. Further

information can be found at [44].

* Ball Tree: Ball tree algorithm was developed to solve the size and dimensionality
problems. The data space are partitioned along the spherical axes to construct the
tree structure; hence it is more costly than K-D tree. However the structure itself
is more effective, especially in high dimensions. Further information can be found

at [45].

4.4.4 Linear Discriminant Analysis

The linear discriminant analysis (LDA) is a supervised learning algorithm that is
generalized from discriminant analysis developed by Sir Ronald Fisher, who was an
statistician, geneticist, and academic, in 1936.

Derivation

A discriminant function g(x) from IRY to IR is generally a monotonically increasing

function defining a boundary between two groups or classes. Here x € IR is a sample
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with d features and Pr(c;|x) is the probability of x belonging to class ¢; over k number

of classes as given below:

Pr(x|c;)Pr(c;)

Pricfx) = = B,

(4.33)

where Pr(x|c;) is the likelihood of observing x given class ¢;, Pr(c;) is the prior
probability of belonging to class ¢;, Pr(x) is the marginal likelihood of observing x,
and i = 1,...,k. Here, we can discard the Pr(x) since observing x is independent of

class.

We can also take the logarithm of Pr(c;|x) in equation (4.33) since it is monotonically

increasing. Then, a new function g;(x) can be defined as:

gi(x) =1In(Pr(c;|x)) = In(Pr(x|c;)) +In(Pr(c;)) . (4.34)

Here, we suppose that the class density Pr(x|c;) follows a multivariate normal
distribution with mean ; and variance X;, where X; describes class-specific covariance

matrix which is generally considered as 61
Pr(xle) = ) )] @)
r(x|ci) = CEE exp | — 7 (X— ) T (x— ) .

By inserting equation (4.35)) into equation (4.34), we yield:

1 d 1
§i(0) = 5 (x— )% (x— 1) = Sn(5) = SInf +In(Pr(e). @436)

Finally, since d1n(Z) is constant, we obtain the linear discriminant function for class i
y 2 (3

as:

1 1
gi(x) = —E(x —u)'E N x =) - 51n 1Z:| +1In(Pr(c;)). (4.37)

This linear discriminant function outputs the likelihood of x to be in the class i.

There are two presumptive cases on the linear discriminant function which are given

below:
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o ¥, = 02I: All features have different means, but the same covariance matrix for
mathematical convenience. By replacing X; with 62/, we yield the discriminant

function as follows.

1 1 2d ‘
%) = —5 5 (x— )" (x— 1) = 5 I0(6*) + In(Pr(c:)),
_ V) since Sn(62) |
= 262( — )T (x—w;) +1n(Pr(c;)) s1nce21n(6 ) is constant,
1
= — 5o (x—xTp, — ulx— pT ) +1n(Pr(cy)).
= —ZL( ox 'y, — T,ul) +1In(Pr(c;)) since x"x is constant and x” u; = u!'x,
T T
_Hi Hi K
= “ox+ (In(Pr(c)) = 551). (4.38)

It can be seen that, the final discriminant function in equation (4.38)) is a linear

function.

» ¥, = X: Covariance matrices are all arbitrary, but equal across classes.

1 _ 1
(0 = 3 (1) "= () — 5 In[E] +In(Pric).
1
= —E(x —u) "= Y (x— ;) +1In(Pr(c;)) since In|X| is constant,

= _71 (XTZ’IX —u 2 x4 ) +1In(Pr(c;)).

Since x’ ¥ 'x is constant and X’ X~ !x = /.LiZ_IX, it follows that:

—1 B
gi(%) = — (= 2" u+ 0 7 ) +In(Pr(c:))
1
= (uf=")x (ln(Pr(ci)) —ulz u) (4.39)
It can be seen that, the final discriminant function in equation (4.39) is a linear

function. The illustrations for fixed and varying covariance having data can be

found in Figure

2Retrieved from: https://scikit—learn.orqg/stable/modules/1lda gda.html on
April 18, 2021.
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Linear Discriminant Analysis

Data with
fixed covariance

Data with
varying covariances

B -t

Figure 4.8 : LDA process for fixed and varying covariances

Penalty Terms

When the number of features is very high, LDA may experience computational
difficulties while operating over high-dimensional covariance matrices and then may

result in not optimal results. In that case, a simple modification on covariance matrix

is made as [46]:

Y=o+ (1-a)l, (4.40)

for some real valued o in between the range of [0,1]. We can consider this

regularization as what we are used to use in Section
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Y=AX+I ,or (4.41)

S =Y+Al, (4.42)

for positive real valued regularization parameter A. Consequently, the regularized LDA

is formulated as:

1 ~ 1 ~
gilx) = =3 (x—)"E, "x—p,) - SIn S| +In(Pr(cy)) . (4.43)

Solvers

In this thesis, to solve the LDA functions, we use the solvers presented by
scikit-learn package [37] in Python programming language.  Further
information about estimators provided by scikit-learn package can be found

at [47].
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S. EXPERIMENTS

All the code developed for the experiments explained in this section can be found on
master branch of the GitHub public repository:

https://github.com/ozanguldali/modelsWithLASSO. h Python
programming language (version of 3.7.6) along with Clang (version 4.0.1) was
used to train, test, and classify data in our environment. PyTorch module with
the torch version of 1.5.0, the torchsummary version of 1.5.1 and the torchvision
version of 0.6.0, and |scikit—-learn library with the version of 0.23.2 were used
for implementation of CNN and ML algorithms, respectively. All experiments were
performed on the Google Colaboratory using its GPU with the number of

workers as four.

The construction stages of the experiments we aim to carry out in the thesis can be

listed as follows:
1. Determine the problem to study,

2. Explore the data source and choose the one containing appropriate samples for
the determined problem, which is a chest X-ray image data source consisting of
COVID-19 samples and non-COVID-19 samples and including the demographic

information of samples for our study,
3. Know and understand the data source, and define classes,

4. Determine the rules to construct the data set for experiments by cleaning the
samples from data source, then construct the data set and divide it into train and

test sets containing each class,

5. Do CNN experiments on different pre-trained models with different transfer
learning strategies and with different optimizers, then save the results and model

weights to distinct files,

6. Choose the best results for each model, and use their model weight files to extract

the deep features of images in dataset, say X,
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10.

11.

12.

. Do ML experiments using grid search to reach the optimal hyper-parameters

on different models over X.,, feature matrix with two methodologies: 1) apply
cross-validation only on train set separated in step to yield the generalized
results, and 2) train on train set and test on test set separated in step to yield

the results for predetermined test set,

. Extract the demographic information from dataset for each sample, and construct

the demographic information feature matrix, say X, f,,

. Do ML experiments using grid search to reach the optimal hyper-parameters on

different models over Xj,r, feature matrix with two methodologies: 1) apply
cross-validation only on train set separated in step to yield the generalized
results, and 2) train on train set and test on test set separated in step to yield

the results for predetermined test set,

Combine feature matrices Xcn, and Xj,r, column-wise to construct the feature
matrix for each sample, say X,;, 1.e. the feature matrix consisting of the deep

features of image data and demographic information of each sample,

Do ML experiments using grid search to reach the optimal hyper-parameters
on different models over X,;; feature matrix with two methodologies: 1) apply
cross-validation only on train set separated in step to yield the generalized
results, and 2) train on train set and test on test set separated in step to yield

the results for predetermined test set, and

Report all results of experiments.

5.1 Data Set

The data was obtained from a public Git Hub repository which can be reached via the

link https://github.com/ieee8023/covid-chestxray—-dataset/l

On the GitHub repository, the general information about data is in metedata.csv

file and the image data is available under| images folder.

To construct the data set, the metedata.csv file was parsed and the tabular data

were filtered depending on whether it has age and sex information or not, its finding

includes the word "COVID-19" term or not, its modality is "X-ray" or not, and its view

is "PA" or not. First, data having sex and age information, modality as "X-ray", and
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view as "PA" were chosen. Then two main classes were constructed by separating
the chosen data whether its finding includes "COVID-19" or not. The data including
"COVID-19" in its finding were labeled as "COVID-19" and the others were labeled
as "non-COVID-19". At the end, there were a total of 131 "COVID-19" and 123
"non-COVID-19" labeled data. An example for "COVID-19" and "non-COVID-19"
labeled data can be seen in Figure Afterwards, with the ratio of 80 to 20, the
labeled data were divided into train and test data sets with approximate sizes, 203
and 51, respectively. While the train set now includes 105 "COVID-19" and 98
"non-COVID-19" labeled data, the test data set now includes 26 "COVID-19" and

25 "non-COVID-19".
J

(a) Image labeled as COVID-19. (b) Image labeled as non-COVID-19.
Figure 5.1 : Data set samples.

Image data were appeared in different formats such that .png, .jpg, .jpeg, with different
aspect ratios and dimensions such as 384 x 384, 462 x 450, etc, and in different sizes
such as 606 KB, 69 KB, 1 KB, etc. Thus, before using the data, each datum was
resized to 224 x 224, center cropped, gray scaled, and normalized by the mean of
(0.485, 0.456, 0.406) and the standard deviation of (0.229, 0.224, 0.225) for red, blue

and green channels respectively. The described process can be seen with an example

in the Figure

5.2 Data Augmentation

Since class sizes are unbalanced, one or more data augmentation techniques are used
on train data to balance the class sizes. Furthermore, even for a balanced data set, one

can use data augmentation to increase the train data size.
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(a) Original (826x768) (b) Resized, square (¢) Normalized
cropped and gray-scaled

Figure 5.2 : Image transformation steps - Test COVID-19 sample.

Data augmentation techniques on visual data can be classified in two groups such
that position augmentation and color augmentation. Position augmentation takes the
original data and applies the desired operations from followings: flipping, rotation,
translation, and scaling. On the other hand, during the color augmentation, the
augmented datum is obtained by changing one or more of followings: hue, saturation,
brightness and contrast. If n kind augmentation choice is used to m number of data, at
the end m*(n+1) data are obtained. That is the summation of n augmented datum for

each sample of m data, and the original m samples.

In the thesis, position augmentation, that can be seen via an example in Figure |5.3]
including horizontal flip, vertical flip, 90 degrees of rotation, 180 degrees of rotation,
and 270 degrees of rotation is used on the whole train data. These augmented data are
not physically available, i.e. not saved as files, and only used throughout CNN training

process. Data augmentation is not used on ML processes.

The number of data on train and test sets for each class after data augmentation can be

seen in Table[5.1]

Table 5.1 : The distribution of class sizes across train (including augmented train set)
and test sets.

. Train Set
Class Original Set Chosen Augmented Test Set
COVID-19 131 105 630 26
Non-COVID-19 123 98 588 25
TOTAL 254 203 1218 51
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(a) Original Sample

(d) 90 degrees rotated (e) 180 degrees rotated (f) 270 degrees rotated
Figure 5.3 : An original non-COVID-19 and sample from train data set and position
augmentations applied.

5.3 Training and Testing with Convolutional Neural Network Models

All CNN experiments used in this thesis was performed on pre-trained CNN models
which are AlexNet, ResNet-18, ResNet-34, ResNet-50, VGG16, and VGG19. In other
words, the appropriate model weights were used with different strategies explained in

Section [3.5]to feed the models.

Since our data set is small and the data content is different from ImageNet dataset [[19],
we experimented two different transfer learning strategies such that the first is to train
the entire model, and the second is to freeze the first few layers and train others. The

frozen layers on the second strategy for each experiment model are:

* The first convolution layer and the following ReLU and maximum pooling layers

for AlexNet architecture,

* The first convolution layer and the following batch normalization, ReLU, and

maximum pooling layers for ResNet architectures, and
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* The first six layers which are in order of convolution, batch normalization, ReLU,
convolution, batch normalization, ReLU, and maximum pooling layers for VGG

architectures.

Throughout the study, our experience and earlier comparison results, which are not
reported here, have shown that training the entire model instead of freezing the
associated layers discussed above for the corresponding architectures gives more
minimal losses and more accurate classification results. However, it must be remarked
that, even the number of frozen layers are not high, since the number of parameters
is smaller in freezing approach than the number of parameters in training the entire

model, the computation time of each batch is observably shorter in freezing approach.

Train data were set to be shuffled at each epoch and the batch size was experimentally
set from 2* to 2°. The number of epochs was set to 50 and the validation period was set
as 1/50. In other words, before the first training epoch and after each training epoch,
validation process was applied on test set. On each validation, the saved model weights
files for the corresponding configurations were checked. If there exists no saved file
having greater accuracy percentage than the current state, the current model weights
are saved as a new model weight *.pth file with the name including the validation result
and training configurations. The saved CNN model weights files can be found under
the /cnn/saved_models directory of project repository at ht tps://github.com/o
zanguldali/modelsWithLASSO. After the last training epoch, testing process
is applied rather than validation, and the same accuracy comparison over saved *.pth
files is executed. That is why, the number of validation accuracy results are 50 whereas
the number of validation losses are 49. The reason why we limited the epoch size to 50
is that the models were over-fitted after this number or even earlier than this number

sometimes.

Because of our weights file comparison rule, there may be multiple *.pth weights files
for the same configuration and accuracy value. This time, the train loss values, before
the validation or test result obtained, and the validation loss values, if available, are

considered. Here, the less loss is better to choose.

The cross-entropy loss function, explained in Section was used for all CNN

models. To optimize it, SGD momentum, Adam, and AdamW optimizers were
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experimented with various learning rates, momentum values (if applicable), and weight
decay parameter values (if applicable). Moreover, the learning rate was experimentally
scheduled by the reducing rate as by 0.1 for each quarter of total epoch size. However,

the scheduler approach drove the models to be over-fitted.

Final hyper-parameters that are accepted as the best for each model differ under each
different optimizer. As an example, the best final hyper-parameters for ResNet-50
model under SGD momentum, Adam, and AdamW optimizers can be seen in
Table Furthermore, in terms of computational time and obtained losses, we
encountered the optimal batch size as 2* in our experiments. Hence, the number of
iterations at each epoch was 77 for augmented train data and 4 for test data which was

used both on test and validation processes.

Table 5.2 : Final hyper-parameters for ResNet-50 model.

Optimizer Learning Rate Momentum Weight Decay

SGD Momentum le-4 0.9 -
Adam le-5 - le-3
AdamW le-5 L le-4

All pre-trained CNN models were experimented by setting the final layer output as
the class size, i.e. 2. Furthermore, for all architectures experienced in this thesis,
a modification is applied onto the classification section by adding a block of ReL.U,
drop-out, and fully-connected layers right after the last fully-connected layer to adapt

the models for our work.

Let us consider the ResNet-50 model, the total parameters, so the total trainable
parameters on full-training, is 25,559,034 for one sample. For an input image in the
size of 0.59 MB, forward and backward pass size is 309.48 MB and parameters size is
97.50 MB. Hence, the estimated total size of one iteration on this image is 407.57 MB

according to PyTorch.

Figure [5.4] describes how the process starts with an input image with the size of 227 x
227, how the blocks of ResNet-50 are aligned along with the output visualizations for
each block, and how to obtain a class prediction for this sample at the end. The higher
resolution version of images in Figure such as the visualizations of convolution
blocks, is available at directory https://github.com/ozanguldali/model

sWithLASSO/blob/master/figures.
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5.4 Deep Feature Extraction

After training, validating, and testing the data set on pre-trained CNN models, the deep
feature extraction progress could start. Since the model weight files for the best results
according to accuracy were stored, these model weights files were used to extract deep

features for the corresponding CNN architectures.

Here, the modifications on CNN models stated at previous subsection show its
another purpose. The deep features are extracted from the latest fully-connected layer
right before the modified classification block consisting of ReLu, drop-out, and the
fully-connected layer. Figure[5.5|briefly gives the deep feature extraction layer and the
modified classification block for simple AlexNet, ResNet and VGG architectures. As

it can be seen from Figure the deep features are extracted from:
* the third fully-connected layer for AlexNet architecture,
* the first fully-connected layer for ResNet architectures, and
¢ the third fully-connected layer for VGG architectures,

which are all framed in red color. Afterwards, the deep features extracted from CNN
models are used to feed machine learning algorithms to improve the classification

SUCCeEss.

5.5 Forming Feature Matrices

In this study, we have initially two different types of feature matrices and then we
will combine these two to obtain a unique feature matrix. The first feature matrix
includes the deep features extracted by the help of CNN models. Instead of image
segmentation, Red-Green-Blue (RGB) color codes or manual image partition labeling,
we use the features derived from deep learning process. The number of features are
1000 for each CNN architecture because of the output size of fully-connected layers

used. We denote the matrix of deep features by X,,,;, and the feature size is d.,,, = 1000.

On the other part, we have demographic information, that’s age and gender information

for each sample. We denote the matrix of demographic information by Xj, 7, and the
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AlexNet ResNet VGG

| Dropout | | Fc11000 | | Fc-14086 |
| Fc14008 | | ReLU | ReLU |
\ RelLU ‘ | Dropout | | Dropout |
| Dropout | | FC-22 || Fc24006 |
| FC-24096 \ ReLU |
{ RelLU ] | Dropout |
| FC-3 1000 | | FC-3 1000 |
| ReLU | \ ReLU |
| Dropout | | Dropout |
' FC-4 2 ‘ ' FC-4 2

Figure 5.5 : Illustration of modified classification blocks for AlexNet, ResNet, and
VGG.

feature size as d;,r, = 2. Age information was categorized to 5 groups such as under

18, between 18 and 37, between 38 and 59, between 60 and 79, and over 80 ages.

Hence, as can be seen in the Figure[5.6] the merged feature matrix denoted by X,;; has

the feature size as d,;;; = 1002, where the number of rows, N, is 254 in our study.

Xenn € medm" e fo € ]RNXdM‘fO

L

Xrlll € IR,lVXd“u

Figure 5.6 : Feature maps where d.,, = 1000, d;,r, = 2, and
dall - dcnn +dinfo =1002.

5.6 Data Pre-Processing

5.6.1 Data Standardization

Machine learning algorithms commonly requires data standardization; because, the
data may not be always in the form of standard normal distribution. There are three
basic ways to standardize the data such as 1) centering data with the mean, 2) scaling

data with the standard deviation, and 3) centering and scaling data with the mean and
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standard deviation. In the experiments, we only centered the data through the formula

given below:

Z=X-uxl)/o, (5.1)

where 1 is the mean of training samples and o is set as 1.

5.6.2 Data Normalization

Data normalization scales each individual sample to have a real value in the unit
interval [0.0, 1.0]. Two ways of normalization was experimented which are least
absolute technique, known as L1 normalization, and least squares technique, known

as L2 normalization.

¢ L1 Norm: Scales the sum of the absolute differences of each individual feature for

a sample to 1. That is, it scales the Sy, to 1 in the equation (5.2)):

d
Sei = Y v — Xl (5.2)
i=1

where d is the number of features, X is the k" sample (k = 1,...,N) and X ;
is the " feature value of corresponding sample, and y; is the target value for
corresponding sample. Here, the scaling ratio is 1/Sz1,; thus, Xi/S11, gives the

L1 normalized feature values for this sample.

* L2 Norm: Scales the sum of the squares of differences of each individual feature

for a sample to 1. That is, it scales the Sy, to 1 in the equation (5.3):

d
St =Y e —Xei)?, (5.3)

i=1

where d is the number of features, X is the k" sample (k = 1,...,N) and Xj;
is the i feature value of corresponding sample, and yj is the target value for
corresponding sample. Here, the scaling ratio is \/1/S;2,; thus, X;/+/Si2, gives

the L2 normalized feature values for this sample.

We used the L2 normalization as the final settings of the data pre-processing pipeline.
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5.7 Hyper-Parameter Tuning

For each machine learning algorithm, there exists several hyper-parameters and these
hyper-parameter settings cannot be generalized since they differ for each problem and
data set. For that reason, finding the optimal combination of hyper-parameters is a
separate mission. When choosing the most optimal hyper-parameter combinations,
which characteristics should be looked for totally depends on the problem and the

researcher. In this thesis, we made decision according to accuracy values.

There are three common hyper-parameter optimization methods in machine learning

such that grid search, random search, and Bayesian optimization.

* Grid Search: All combinations between hyper-parameter options are experi-
mented. For instance, if there exists m number of hyper-parameters and each
of them has a; options where g;’s are positive integers for i € {1,2,...,m}, then
the total number of grid search iterations are [ ,a;. Moreover, if K-Fold cross

validation is applied, the number of iterations are raised to K x [/~ a;.

* Random Search: Over all possible hyper-parameter combinations, randomly
chosen ones are experienced. The number of combinations to be experienced are
determined by the researcher. Here, the number of chosen combinations are less

then the number of all combinations.

* Bayesian Optimization: This methodology is based on Bayesian principle. While
the combinations of hyper-parameter options are experimented, the previously
known results leads to create a new combination space by using Bayesian rule.
This time, the choice of combinations are not random, but depends on the useful or

irrelevant combination estimation.

In thesis, we experimented grid search with 10-fold cross validation.

5.8 Training and Testing with Machine Learning Models

SVM, LR, KNN and LDA algorithms were experienced as ML models.
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The partitioning of data set into train and test sets are preserved on machine learning
stage. Not that data augmentation is not applied onto the train set of machine learning

models.

All three types of feature matrices mentioned above were experienced separately. For
each, 10-fold cross validation was applied on train set only by using grid search to
find the generalized optimal combination of hyper-parameter options. To decide the
best combination, the first criterion was set as accuracy value, and if there exists
multiple same values, the second criterion was determined as the computation time.
If there exists combinations such that two of criteria are the same, the last experienced

combination was chosen.

For the repeatability of our work, we initialized the Python random number generation
with different seeds. In other words, the seed parameter of Python random library is
one of out hyper-parameters, and we chose the best seed among our experiments to

achieve final results.

Here, a parenthesis must be open for linear discriminant analysis algorithm. Since
there is no library in Python that supports regularization with LDA, we used TULIP
package [48] on version 1.0.1 in R programming language with the version of 4.0.3
to implement LDA model with lasso penalty. Furthermore, grid search tuning was not
applied to this model. Hyper-parameter tuning process was applied only for seed and

regularization parameters.

Penalty terms, which are no penalty, lasso penalty and ridge penalty, were not
considered as hyper-parameters since they were experienced and compared separately.

All hyper-parameter options tuned for SVM, LR, KNN, LDA can be found in
Tables respectively.

When the optimal hyper-parameter combinations were determined with the aim of
generalization, the model weights obtained by the training of a corresponding machine
learning algorithm with these hyper-parameters are used on testing stage. The final
results were achieved by testing on this fitted model. Furthermore, another grid search
was applied on determined train and test data, and the results were compared by the

generalized ones.
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Table 5.3 : The hyper-parameter tuning for SVM algorithm.

Hyper-Parameter Lasso Penalty Ridge Penalty

Kernel Function linear (linear, sigmoid, rbf)
(5e-5, le-4, 2e-4, (5e-5, le-4, 2e-4,
Se-4, 5e-3, le-2, Se-4, 5e-3, le-2,
Regularization Parameter  2e-2, 5e-2, 0.1, 2e-2, 5e-2, 0.1,
0.5, 1.0, 2.0, 0.5, 1.0, 2.0,
5.0, 10.0, 15.0) 5.0, 10.0, 15.0)

Table 5.4 : The hyper-parameter tuning for LR algorithm.

Hyper-Parameter No Penalty Lasso Penalty Ridge Penalty

(newton-cg, 1bfgs, (newton-cg, Ibfgs, sag,

Solver Function (liblinear, saga)

sag, saga) saga, liblinear)
(5e-5, le-4, 2e-4, (5e-5, 1le-4, 2e-4,
Se-4, 5e-3, le-2, Se-4, S5e-3, 1e-2,
Regularization Parameter - 2e-2, 5e-2, 0.1, 2e-2, 5e-2, 0.1,
0.5, 1.0, 2.0, 0.5, 1.0, 2.0,
5.0, 10.0, 15.0) 5.0, 10.0, 15.0)

Table 5.5 : The hyper-parameter tuning for KNN algorithm.

Hyper-Parameter No Penalty
Number of Neighbors (3, 5, y/the number of samples)
Type of Majority Voting (uniform, weighted)
Neighborhood Finder (brute force, ball tree, k dimensional tree)
Metric Function (euclidean, manhattan, chebyshev)

Table 5.6 : The hyper-parameter tuning for LDA algorithm.

Hyper-Parameter No Penalty Lasso Penalty
Solver Function (svd, Isqr, eigen) -
Computing the Weighted

Within-Class Covariance (Yes, No) -
(for svd solver)

(5e-5, le-4, 2e-4,
S5e-4, 5e-3, le-2,
Regularization Parameter - 2e-2, 5e-2, 0.1,
0.5, 1.0, 2.0,
5.0, 10.0, 15.0)
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6. RESULTS

6.1 Performance Measurement

6.1.1 Confusion Matrix

The confusion matrix is a table that constructed to visualize the performance of a
classifier. It includes actual and predicted results for each class on the corresponding
task. In our study, the rows specifies the predicted results whereas columns specifies

actual ones.

During the performance measurement, the focused class is called as Positive (P), and
the others are as Negatives (N). For binary classification problems, which is as in our
study, one class can be directly specified as P and the other as N. We indicated the

COVID-19 label as Positive class, and the non-COVID-19 label as Negative class.

If a sample in actual P class is predicted as in P class, then it is a True Positive (TP)
sample, otherwise it is False Positive (FP). On the other hand, if a sample in actual N
class is predicted as in P class, then it is a False Negative (FN) sample, otherwise it is

True Negative (TN). This notations can be seen on Table

From the definitions, the following equalities can be easily derived: P = TP + FN and

N =FP + TN.
Table 6.1 : Confusion matrix.
Actual
P N
(COVID-19) (non-COVID-19)
P
Predicted (COVID-19) TP FN
N
(non-COVID-19) kP TN
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Various meaningful ratios can be extracted from the confusion matrix given in
Table In this section, we study the significant ones which were also used in the

thesis to measure the performance of our tasks.

Sensitivity

Sensitivity, or in other words, true positive rate (TPR), measures the ratio of positive

class samples predicted correctly over all samples predicted as positive as given below:

TP TP
TPR=—

=" . 1
P  TP+FN ©.1)

Specificity

Specificity, or in other words, true negative rate (TNR), measures the ratio of negative

class samples predicted correctly over all samples predicted as negative as given below:

T'N TN
TNR = —

— e 2
N FP+TN ©.2)

Precision

Precision, or in other words, positive predictive value (PPV), measures the ratio of
correctly predicted positive class samples over all samples having actual positive label

as given below:

TP

PPV = ——-—.
TP+FP

(6.3)

Accuracy

Accuracy (ACC) measures the ratio of correctly predicted samples over all samples as

given below:

TP+TN _ TP+TN
P+N  TP+FP+FN+TN

ACC = (6.4)

F1 Score

F1 Score is the harmonic mean of sensitivity and precision as given below:
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PPV XTPR _ 2x TP
PPV +TPR (2xTP)+FP+FN

Fi=2 (6.5)

Area Under the Curve

Area under the curve (AUC) score measures the probability of classifier to rank a
randomly chosen positive sample higher than a random chosen negative sample (under
the assumption that "positive" ranks are higher than "negative" ranks) for normalized

samples. The computation of AUC score value is as given below:

TPR(t):t —y(x),
FPR(t) :t — x, and

AUC = /0 1 TPR(FPR ! (x))dx = / " TPR (t) < FPR (t)dt. (6.6)

6.1.2 Analysis of Confusion Matrix

We computed each sensitivity, specificity, precision, accuracy, and F1-score metric in
a weighted way to achieve and report the metrics for the corresponding model, not for
each class separately. In other words, each metric was computed for each class and

then the weighted average was taken as given below:

7 (the metric value for class i) x (the number of test samples in class 1)

6.7
(the total number of test samples) ©.7)

Recall that the task we worked on is a binary classification problem. That is, m was 2
in our computations. So that, the average value for metric M of an experiment, where
M is one of Sensitivity, Specificity, Precision, Accuracy and F1-Score metrics, was

computed as:

M Xne, +Me, Xne,
prm— b

Nep + e,y

M

(6.8)

where M.,, M.,, n., and n,, refer the value of M for class 1, the value of M for class
2, the number of test samples in class 1 and the number of test samples in class 2,

respectively.
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6.2 Convolutional Neural Network Results

Here, we report the results of convolutional neural network experiments explained
in Section As stated earlier, AlexNet, ResNet-18, ResNet-34, ResNet-50,
VGG-16, and VGG-19 architectures, initialized with their pre-trained weights, were
trained and three different optimizers such that SGD with momentum, Adam, and
AdamW were used to optimize the cross-entropy loss function. The accuracy and
loss curves for each architecture with three different optimizers on train and validation
processes can be viewed on Figures where the horizontal axis represents the
number of epochs. The plots were created by TensorBoard platform prepared
with the Python TensorF1low package version 2.3.1. Additional required package
versions are as follows: 1) TensorFlow Addons with the version of 0.11.2, 2)
TensorFlow Estimator with the version of 2.3.0, 3) TensorFlow Hub with
the version of 0.10.0, and 4) TensorFlow Probability with the version of

0.10.0.

The results including accuracy, sensitivity, specificity, precision and F1 score values,
and loss values for the last train epoch and test run can be seen in Table We
obtained the overall best result from ResNet-50 model after 9" train epoch in 7
minutes with the accuracy, sensitivity, specificity, precision, F1 score and AUC score
of 92.16%, 0.9216, 0.9215, 0.9216, 0.9216, 0.9219 respectively, and the loss of 9th
train epoch and validation as 0.0223 and 1.3687. On the other hand, VGG19 was the
model that achieved its best at third epoch with Adam optimizer. Moreover, AlexNet
model stand out with its stable metric values, which were always around 0.90, for
all experimented optimizers. In terms of last train loss and test loss, VGG16 with
AdamW optimizer had the minimum last train loss as 0.0057 and the minimum test
loss as 0.0831. ResNet-18 and ResNet-34 models achieved metric values around 0.90;
however, they could not reach to ResNet-50 model whose architecture is more deeper
than them. Lastly, it is clear that there can be no generalization about optimizers such

that one optimizer is always better than other or vice versa.
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Figure 6.1 : AlexNet model accuracy and loss curves on train and validation
processes with the SGD momentum, Adam, and AdamW optimizers.
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resnet18
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Figure 6.2 : ResNet-18 model accuracy and loss curves on train and validation
processes with the SGD momentum, Adam, and AdamW optimizers.
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resnet34
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Figure 6.3 : ResNet-34 model accuracy and loss curves on train and validation
processes with the SGD momentum, Adam, and AdamW optimizers.
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Figure 6.4 : ResNet-50 model accuracy and loss curves on train and validation
processes with the SGD momentum, Adam, and AdamW optimizers.
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vgg16
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Figure 6.5 : VGG16 model accuracy and loss curves on train and validation
processes for the SGD momentum, Adam, and AdamW optimizers.
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vgg19
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Figure 6.6 : VGG19 model accuracy and loss curves on train and validation
processes for the SGD momentum, Adam, and AdamW optimizers.
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For each CNN architecture, the best optimizer was detected according to its success on
accuracy and loss values, and the confusion matrices for these CNN architecture and

optimizer pairs were also reported in Tables [6.3H6.8]

Table 6.3 : The confusion matrix of AlexNet model result with Adam optimizer.

Actual

P | N

. P|24 ] 3
Predicted N2 23

Table 6.4 : The confusion matrix of ResNet-18 model result with AdamW optimizer.

Actual

P | N

: P|22] 1
Predicted N4 24

Table 6.5 : The confusion matrix of ResNet-34 model result with AdamW optimizer.

Actual

P | N

. P|23 | 2
Predicted NT3 23

Table 6.6 : The confusion matrix of ResNet-50 model result with Adam optimizer.

Actual

P | N

. P|24| 2
Predicted NT72 23

Table 6.7 : The confusion matrix of VGG16 model result with AdamW optimizer.

Actual

P | N

. P|25]| 4
Predicted N1 1 121
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Table 6.8 : The confusion matrix of VGG19 model result with SGD Momentum

optimizer.

Actual

P | N

. P |23 | 2
Predicted N3 23

6.3 Machine Learning Results

After performing the experiments of CNN models and obtaining the results, the deep
feature sets were extracted from the same train and test data. On the other side, the
demographic information feature matrices were extracted for the same separation. In
this subsection, we report the results for machine learning experiments with SVM
with Lasso penalty, SVM with Ridge penalty, LR with Lasso penalty, LR with Ridge
penalty, KNN, LDA, and LDA with Lasso penalty on X;, 7o, Xcnn, and X, matrices,
which were defined earlier in Section respectively.

6.3.1 Results for X,

In Table the results for experimented machine learning algorithms, where the
hyper-parameters were tuned with grid search, on Xj,r, can be seen. The reported
results can be reproduced with the Python system seed as 4. The best result was
obtained with KNN algorithm, and the final hyper-parameters of KNN algorithm can
be seen in Table Furthermore, the associated confusion matrix is in Table

Table 6.9 : The results of machine learning experiments on demographic information.

Accuracy (%)

Model Regularizer Train Data Test Data
Lasso 52.94 52.94
SVM Ridge 52.94 52.94
- 52.94 52.94
LR Lasso 52.94 52.94
Ridge 52.94 52.94
KNN - 56.86 56.86
- 52.94 52.94
LDA 1 asso 52.94 52.94
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Table 6.10 : Confusion matrix for KNN experiment on demographic information.

Actual
Train Data | Test Data
P N P N
5 1 5 1
21 24 | 21 | 24

Predicted

Z|

6.3.2 Results for X,

In Table the results for experimented machine learning algorithms, where the
hyper-parameters were tuned with grid search, on X, feature matrices obtained from
AlexNet model with Adam optimizer, ResNet-18 model AdamW optimizer, ResNet-34
model AdamW optimizer, ResNet-50 model with Adam optimizer, VGG 16 model with
AdamW optimizer, and VGG19 model SGD optimizer can be seen. The reported

results can be reproduced with the Python system seed as 4.

Since all final results of models were yielded in both train data by using
cross-validation, and test data in a directly testing method, all tables referenced here
includes the results both for train data and test data. The reason why we experimented
in both ways is to see the generalized performance of models, and the performance of
models specific to our test data. Further information can be found in Section and

Section[71

It can be seen in Table that we obtained the highest metrics for machine learning
algorithms on the feature matrix X,,, extracted using the weights of ResNet-50 model
with Adam optimizer. This makes sense as we obtained the higher result from

ResNet-50 model with Adam optimizer in the CNN experiments.

Since the best performance was reached by ResNet-50 model together with Adam
optimizer, here we only reported the outputs for this combination. The final
hyper-parameters of machine learning algorithms on X, resverso feature matrix
constructed by the help of ResNet-50 model Adam optimizer can be seen in Tables
These values can be used for reproducibility of our work. Furthermore,
the confusion matrices and all other metrics derived from these confusion matrices

are given in Tables It can be seen from Tables that the results

obtained on test data is clearly higher than the results obtained on train data. On the
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other hand, we cannot state the best one; however, the worst results were obtained by

LDA algorithm for both test and train data performances.
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6.3.3 Results for X,

In Table the results for experimented machine learning algorithms, where the
hyper-parameters were tuned with grid search, on different X,; feature matrices
obtained from AlexNet model with Adam optimizer, ResNet-18 model AdamW
optimizer, ResNet-34 model AdamW optimizer, ResNet-50 model with Adam
optimizer, VGG16 model with AdamW optimizer, and VGG19 model SGD optimizer

can be seen. The reported results can be reproduced with Python system seed as 4.

Since all final results of models were yielded in both train data by using
cross-validation, and test data in a directly testing method, all tables referenced here
includes the results both for train data and test data. The reason why we experimented
in both ways is to see the generalized performance of models, and the performance of
models specific to our test data. Further information can be found in Section and

Section

It can be seen in Table that we obtained the highest metrics for machine learning
algorithms on the feature matrix X,;; extracted by using the weights of ResNet-50
model with Adam optimizer, as we obtained the higher result by ResNet-50 model

with Adam optimizer in the CNN experiments.

Since the best performance was reached by ResNet-50 model together with Adam
optimizer, here we only reported the outputs for this combination. The final
hyper-parameters of machine learning algorithms on X, gesnverso feature matrix
constructed by the help of ResNet-50 model Adam optimizer can be seen in Tables
These values can be used for reproducibility of our work. Furthermore,
the confusion matrices and all other metrics derived from these confusion matrices are
on Tables It can be seen from these reports embedded in Tables 6.28
that the results obtained on test data is clearly higher than the results obtained on train
data. On the other hand, we cannot state the best one; however, the worst results were

obtained by LDA algorithm both for test and train data performances.

We can also briefly summarize the results of our experiments on our data set as follows:
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» demographic information did not have a general improvement by combining with
deep features; yet, only the performance of logistic regression algorithm with Lasso

penalty was boosted by that way,

e penalty approach only increased the success of linear discriminant analysis

algorithm, and

» generalized optimal hyper-parameters may not be the best combination for our

initially determined test data.
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7. CONCLUSION AND RECOMMENDATION

The contribution of this thesis was to understand how to use deep features extracted
from convolutional neural network models on machine learning algorithms, and how
to combine the image data features with non-image data to use in machine learning
algorithms for classification. To do research on this topic, a global health problem
COVID-19 disease and chest X-Rays images data along with demographic information

were used.

Although this study mainly focused on chest X-Rays and image data, one of the aims
was to show non-image data can be combined with image data. Our non-image
data is the demographic information of patients for corresponding chest X-Rays.
Since the data size was not enough for a good classification and the non-image data
types was restricted to two features, desired result could not be seen. In general,
we did not have an improvement by combining the demographic information with
deep features. However, the performance of logistic regression algorithm with Lasso
penalty was boosted by that way, as the only one. To see the results of the singular
use of demographic information, we also experimented only on these two features
with machine learning algorithms. We expect a visible effect of non-image data, if
more information from patient such as doctors report, tobacco product use, associated
genetic diseases, etc. is used. Moreover, the singular use results of non-image

information would be better with more effective and numerically superior features.

During the machine learning experiments, the reason why we applied cross validation
on train data and yielding optimized hyper-parameters from these experiments is that
to find the most generalized hyper-parameter settings. If the grid search was applied
to the experiment including training on train data and testing on test data, the yielding
parameters indeed would be only optimized for our test data. This would be enough for
this work, if we only cared about the mathematical results and out success. However,
we aimed to find more generalized optimal parameters. Thus, we used 10-fold cross

validation which means we experimented on 10 different validation sets. Then we
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tested these hyper-parameters on test data and reported the final results. In addition
to that, we also experimented grid search only on the initially determined test set and
reported the results. In this way, the comparison on metrics and optimized parameters

can be performed between generalized and specific to our test data.

After these experiments, we encountered the benefits of obtaining parameters by using
grid search on train set. We have seen that the parameters in this way are not always the
best parameters for our test set. Thanks to this way, we provided the method for how
to obtain results not specific to a group of data but more suitable for random grouped

data.

Another main comparison was about the effect of regularization on machine learning
algorithms. We wanted to see the performance of Lasso and Ridge, and obtained an

improvement on linear discriminant analysis with Lasso.
The final best results are as follows:

* CNN: The best result was obtained from ResNet-50 model after 9th train epoch in
7 minutes with the accuracy, sensitivity, specificity, precision, F1 score, and AUC
score of 92.16%, 0.9216, 0.9215, 0.9216, 0.9216, 0.9219 respectively, and the loss

of 9th train epoch and validation were 0.0223 and 1.3687, respectively.

* ML: since the best model on CNN experiments was ResNet-50 model, the feature
matrices of deep features providing the best results were also the ones transferred
from ResNet-50 model. The results for three feature matrices Xy o, Xcun_Resnerso

and X1 Resnerso are as follows:

— the best result obtained from demographic information features was on KNN
algorithm as the accuracy of 56.86%, the sensitivity of 0.56863, the specificity
of 0.58368 the precision of 0.6863, the F1 score of 0.49545, and the AUC
score of 0.5745. The hyper-parameters were the number of neighbors as 17,
the type of majority voting as uniform, the neighbor finder as brute force, and

the metric function as euclidean,

— the best result obtained from deep transferred features was not singular.
According the generalized hyper-parameters, SVM with Ridge regularizer,
LR, LR with Ridge, and KNN algorithms had the same results with the
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accuracy, sensitivity, specificity, precision, F1 score and AUC score of

92.16%, 0.9216, 0.9230, 0.9243, 0.9215, 0.9223 respectively, and

— the best result obtained from the combined features of demographic
information and deep features was not singular. According the generalized
hyper-parameters, SVM with Ridge regularizer, LR, LR with Ridge, and KNN
algorithms had the same results with the accuracy, sensitivity, specificity,
precision, F1 score and AUC score of 92.16%, 0.9216, 0.9230, 0.9243,
0.9215, 0.9223 respectively.

As it can be seen on confusion matrices of convolutional neural network results and
machine learning results, the performance of classification for non-COVID labeled
data was improved by machine learning algorithms. Moreover, the sensitivity,
specificity, precision and F1 score was 0.9216, 0.9215, 0.9216 and 0.9216 respectively
for ResNet-50 model, the result for machine learning algorithms was 0.9216, 0.9230,
0.9242, and 0.9216 for the sensitivity, specificity, precision and F1 score respectively.
Briefly, even though the accuracy, sensitivity and F1 score did not improve, the
specificity, precision and AUC Score improved. This can be interpreted as the answers
of two questions could be given better: 1) how many of data estimated as infected were
actually infected, and 2) how many of non-COVID-19 data over all patients correctly

predicted.

We recommend that the chest X-ray images to be used be reviewed and, if necessary,
eliminated by experts. In studies similar to ours, getting support from expert
radiologists ensures that better quality images are obtained. In this way, more

successful models can be obtained.

After constructing our data set, which has two classes such that COVID-19 and
non-COVID-19, including samples with demographic information, the deep learning
experiments were done to obtain the features of images. Then, this features called as
deep features are used to feed machine learning algorithms to complete the experiments

of our study.
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7.1 Future Work

Although this thesis focuses on chest X-Rays images, any other image classification
problem can be studied as a future work. If the study data set consisting of images also
includes non-image information, this thesis can be used as a guide for corresponding

classification problem.

This study can also be applied to multi-class classification problems on various
respiratory diseases diagnosed by chest computed tomography images of patients
where in addition to the demographic information such as age, gender, and tobacco
product use, clinical information such as doctors report, associated genetic diseases,
and respiratory test information are available as well. We also recommend getting
advise from radiologists and chest disease specialists on the data, for the given study

example.

This study can be improved by using large data in size and can be extended by using
chest computer tomography along with more various information obtained from the
patients. On the other hand, different optimizers such as Adagrad [49] and Padam
[50] for convolutional neural networks and elastic net regularization method [51]] for
machine learning algorithms can be used to extend this study. Moreover, ensemble
learning [52]] for convolutional neural network process and machine learning process

can be separately used to extend the scope and results of this study.
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APPENDIX A.1 The Tuned Hyper-Parameters of ML Algorithms

The tuned final hyper-parameters of machine learning algorithm results reported in
Section |6.3|can be seen in the tables placing in Appendix 1.

Table A.1: The tuned hyper-parameters of KNN algorithm on Xj, 7.

Hyper-Parameter Train Data Test Data

Number of Neighbors 17 17
Type of Majority Voting  uniform uniform
Neighborhood Finder brute force brute force
Metric Function euclidean  euclidean

Table A.2 : The tuned hyper-parameters of SVM algorithm with Lasso penalty on
chn_ResN et50-

Hyper-Parameter Train Data Test Data

Regularization Parameter Se-3 Se-2

Table A.3 : The tuned hyper-parameters of SVM algorithm with Ridge penalty on
chn_ResN et50-

Hyper-Parameter Train Data Test Data

Kernel Function linear linear
Regularization Parameter Se-5 Se-5

Table A.4 : The tuned hyper-parameters of LR algorithm on X,,;;, resnerso-

Hyper-Parameter Train Data Test Data

Solver Function newton-cg newton-cg

Table A.S : The tuned hyper-parameters of LR algorithm wit Lasso penalty for
chn_ResN et50-

Hyper-Parameter Train Data Test Data

Solver Function liblinear liblinear
Regularization Parameter 2e-2 1.0
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Table A.6 : The tuned hyper-parameters of LR algorithm with Ridge penalty on
chn_ResN et50-

Hyper-Parameter Train Data Test Data

Solver Function liblinear liblinear
Regularization Parameter Se-5 Se-5

Table A.7 : The tuned hyper-parameters of KNN algorithm on X, resnerso-

Hyper-Parameter Train Data Test Data

Number of Neighbors 3 3

Type of Majority Voting  uniform uniform
Neighborhood Finder ball tree ball tree
Metric Function euclidean  euclidean

Table A.8 : The tuned hyper-parameters of LDA algorithm on X,,;, resners0-

Hyper-Parameter Train Data Test Data

Solver Function svd svd
Computing the Weighted
Within-Class Covariance True True

(for svd solver)

Table A.9 : The tuned hyper-parameters of LDA algorithm with Lasso penalty for
chn_ResNetSO-

Hyper-Parameter Train Data Test Data

Regularization Parameter Se-5 Se-3

Table A.10 : The tuned hyper-parameters of SVM algorithm with Lasso penalty on
Xall_ResNetSO-

Hyper-Parameter Train Data Test Data

Regularization Parameter Se-3 Se-2

Table A.11 : The tuned hyper-parameters of SVM algorithm with Ridge penalty on
Xall_ResNetSO-

Hyper-Parameter Train Data Test Data

Kernel Function linear linear
Regularization Parameter Se-5 Se-5

Table A.12 : The tuned hyper-parameters of LR algorithm on X,;; gesnerso-

Hyper-Parameter Train Data Test Data

Solver Function newton-cg newton-cg

104



Table A.13 : The tuned hyper-parameters of LR algorithm with Lasso on
Xal [_ResNet50-

Hyper-Parameter Train Data Test Data

Solver Function liblinear liblinear
Regularization Parameter 2e-2 2.0

Table A.14 : The tuned hyper-parameters of LR algorithm with Ridge penalty on
Xall_ResNetSO-

Hyper-Parameter Train Data Test Data
Solver Function liblinear liblinear
Regularization Parameter Se-5 Se-5

Table A.15 : The tuned hyper-parameters of KNN algorithm on X,;; resnerso-

Hyper-Parameter Train Data Test Data

Number of Neighbors 3 3
Type of Majority Voting  uniform uniform
Neighborhood Finder ball tree ball tree
Metric Function euclidean  euclidean

Table A.16 : The tuned hyper-parameters of LDA algorithm on X,;; gesnerso-

Hyper-Parameter Train Data Test Data

Solver Function svd svd
Computing the Weighted
Within-Class Covariance True True

(for svd solver)

Table A.17 : The tuned hyper-parameters of LDA algorithm with Lasso penalty on
Xall_ResNet50-

Hyper-Parameter Train Data Test Data

Regularization Parameter Se-5 Se-3
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APPENDIX A.2 ReadMe File

The ReadMe.md file is available at https://github.com/ozanguldali/m
odelsWithLASSO/blob/master/ReadMe.md.

ISTANBUL TECHNICAL UNIVERSITY - Institute of Science and Technology

Ozan GULDALI

Department of Mathematical Engineering - Mathematical Engineering Program

M.Sc. THESIS

DEEP FEATURE TRANSFER FROM DEEP LEARNING MODELS INTO
MACHINE LEARNING ALGORITHMS TO CLASSIFY COVID-19 FROM
CHEST X-RAY IMAGES

data set may be a must for some run-configurations

— Link to data set: https://github.com/ozanguldali/modelsWit
hLASSO/blob/master/dataset

dataset_constructor.py was used to create the dataset from https://github.c
om/ieee8023/covid-chestxray—-dataset source

image_operations.py was used to investigate the augmentations of image data
visualize_layers was used to visualize the layers of cnn models

To run only ML, only CNN or both as transfer learning, app.py file can be run with
corresponding function parameters.

How to Run

transfer_learning: True if wanted to transfer deep features from CNN model
save_numpy: True if wanted to save computed features. Default is False.
load_numpy: True if wanted to use previously computed features. Default is False.
numpy_prefix: Prefix for numpy feature files. Default is empty string.

method: “ML” or “CNN”. Required if transfer_learning is False.

ml_model_name: Model name for ML. “svm”, “Ir”, “knn”, “lda”, or “all”’. Default
is empty string. Required if method is not CNN.

ml_features: Type of features. “info”, “cnn”, or “all”. Default is empty “all”.

validate_cv: True if wanted to apply cross-validation on train set. Default is False.
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save_ml: True if wanted to save ML weights. Default is False.
save_cnn: True if wanted to save CNN weights. Default is False.
cv: Type of cross-validation. Any positive integer or “LOO”. Default is 10.

lasso: Type of regularization. True, False, “12”, or None. None is used for all
choices. Default is False.

dataset_folder: Folder name of dataset. Default is “dataset”.

pretrain_file: CNN pretrained pth file name without “pth” extension. Default is
None.

batch_size: Size of each batch. Default is 16.

img_size: Size of image dimension. Default is 227.

num_workers: Number of parallel workers. Default is 2.

augmented: True if wanted to augment data. Default is False.

cnn_model_name: Name of CNN model. “alexnet”, “resnetl8”, “resnet34”,
“resnet50”, “vggl6”, or “vggl9”. Default is empty string. Required if method is

not ML.

optimizer_name: Name of optimizer on CNN process. “Adam”, “AdamW” or
“SGD”. Default is “Adam”.

validation_freq: Validation frequency ratio on CNN process. Any positive rational
number. Default is 0.02.

Ir: Learning rate for CNN optimizers. Any positive rational number. Default is
0.00001.

momentum: Momentum ratio for SGD optimizer. Any positive rational number.
Default is 0.9.

weight_decay: Weight decay ratio for Adam and AdamW. Any positive rational
number. Default is 0.0001.

update_Ir: True if wanted to periodically decrease the learning rate on CNN
process. Default is False.

is_pre_trained: True if the CNN model wanted to use is pretrained. Default is
True.
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fine tune: True if wanted to freeze first convolution block on CNN models.
Default is False.

num_epochs: Number of epochs for CNN process. Any positive integer. Default
is 50.

normalize: True if wanted to normalize the data. Default is True.

lambdas: Lambda values for regularization on ML process. Single positive real
number, or a list of positive real numbers. Default is None. List of [0.00005,
0.0001, 0.0002, 0.0005, 0.005, 0.01, 0.02, 0.05, 0.1, 0.5, 1.0, 2.0, 5.0, 10.0, 15.0]
is used, if it is None.

seed: System seed value for ML process. Any positive integer. Default is 4.

Example of Transfer Leaning:

1.

2.

(Dataset folder is required: https://github.com/ozanguldali/model
sWithLASSO/blob/master/dataset)

e Unless exists, 92.16_resnet50_Adam_out.pth file must be downloaded and
inserted into “cnn/saved_models” directory.

¢ Link to file:

— https://github.com/ozanguldali/modelsWithLASSO
/blob/master/cnn/saved_models/92.16_resnet50_A
dam_out .pth

app.main (transfer_learning=True, ml_model_name="all",
ml_features="all", cnn_model_name="resnet50",
is_pre_trained=True, cv=10, dataset_folder="dataset",
pretrain_file="92.16_resnet50_Adam_out", seed=4)
(Dataset folder is not needed)

e Unless exists, 92.16_resnet50_Adam_final_X_cnn_train.npy,
92.16_resnet50_Adam_final_X_cnn_test.npy, X_info_train.npy,
X_info_test.npy, y_train.npy, and y_testnpy files must be downloaded
and inserted into project root directory.

¢ Link to files:

— https://github.com/ozanguldali/modelsWithLASSO
/blob/master/92.16_resnet50_Adam_final X cnn_t
rain.npy

— https://github.com/ozanguldali/modelsWithLASSO

/blob/master/92.16 _resnet50 Adam final X cnn_t
est .npy
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— https://github.com/ozanguldali/modelsWithLASSO
/blob/master/X_info_train.npy

— https://github.com/ozanguldali/modelsWithLASSO
/blob/master/X_info_test.npy

— https://github.com/ozanguldali/modelsWithLASSO
/blob/master/y_train.npy

— https://github.com/ozanguldali/modelsWithLASSO
/blob/master/y_test.npy
app.main (transfer_ learning=True, ml_model_name="all",
ml_features="all", load_numpy=True, validate_cv=True,
cv=10, numpy_prefix="92.16_resnet50_Adam_final",
seed=4)

Package Versions

Python Language: 3.7.6
Clang: 4.0.1

pip: 20.1.1

numpy: 1.19.0

PyTorch: 1.5.0
TorchSummary: 1.5.1
TorchVision 0.6.0
Scikit-Learn: 0.23.2

R Language: 4.0.3
TULIP: 1.0.1
TensorFlow: 2.3.1

TensorFlow-Addons: 0.11.2
TensorFlow-Estimator: 2.3.0
TensorFlow-Hub: 0.10.0
TensorFlow-Probability: 0.10.0

logdp: 2019.7.13.3
log4python: 0.2.31
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APPENDIX A.3 Python Notebook File

The Python Notebook app_run.ipynb file is available at ht tps://github.com/o
zanguldali/modelsWithLASSO/blob/master/app_run.ipynbl

[ 1: # To run on Google Colaboratory
%ed
%cd
%cd content
%1ls
# User must see sample data/ folder

[ ]: import os.path

[ ]:|project_exists = False
if os.path.exists ("modelsWithLASSO") :
print ("project directory is already exist, pulling,
~last changes")
%cd modelsWithLASSO
! git fetch --all
! git reset --hard origin/method-in-paper
! git pull origin method-in-paper
else:
print ("project directory is NOT exist, checkouting,,
sthe project")
! git clone https://github.com/ozanguldali/
-modelsWithLASSO.git
scd modelsWithLASSO
! git pull origin method-in-paper

[ 1: %1s
# User must see project inner folder and files

[ ]: import os.path
[ 1: ! pip install logdp
[ ]: import run_CNN
from importlib import reload
run_CNN = reload (run_CNN)
[ ]: run_CNN.main (save=True, model_name="resnet50", |,
woptimizer_name="Adam", is_pre_trained=True,

sbatch_size=16, 1lr=0.00001, num_epochs=50,
~validation_freg=1/50, augmented=True, num_workers=2)
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# To run CNN process

run_CNN.main (test_without_train=True,
-model_name="resnet50", 1is_pre_trained=True,
spretrain_file="92.16_resnet50_Adam_out")

import app
from importlib import reload
app = reload (app)

# To run deep feature transfer from saved CNN model_,
wweights to ML algorithms

app.main(transfer_learning=True, ml_model_name="all",
-ml_features="all", cnn_model_name="resnet50",
+is_pre_trained=True, cv=10, dataset_folder="dataset",
spretrain_file="92.16_resnet50_Adam_out", seed=4)
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