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Preface

I wrote this thesis, titled “DeepSynthBody: the beginning of the end for data deficiency
in medicine,” to fulfill the requirement for completing my Ph.D. for the Ph.D. program
in Engineering Science Faculty of Technology, Art and Design, Oslo Metropolitan Uni-
versity, Oslo, Norway. The total time for thesis was around three years. I carried out
my work under the supervision of Professor Michael A. Riegler, Professor Pal Halvorsen,
and Professor Hugo L. Hammer. I have completed the thesis in the Department of Holis-
tic Systems in Simula Metropolitan Center for Digital Engineering (SimulaMet), which
provided the infrastructure and all the financial support to this full research.

This Ph.D. time became a golden period in my life because I have been exploring the
real research world which is not limited to a thesis. As a result, I felt my research works
and perceived them, which forced me to learn new things every day until I am writing
this preface. In addition to the general responsibilities of my life, I was a responsible
person for performing quality research works in the medical domain, which is the field no
one can argue the importance of it. I was forced to be responsible for this field because
the success of our research can save human life and a fault of our research can indirectly
cause death.

I hope that you love this thesis reading.

Vajira Thambawita

May, 2021 at Oslo, Norway
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Abstract-English

Recent advancements in technology have made artificial intelligence (AI) a popular tool in
the medical domain, especially machine learning (ML) methods, which is a subset of Al
In this context, a goal is to research and develop generalizable and well-performing ML
models to be used as the main component in computer-aided diagnosis (CAD) systemns.
However, collecting and processing medical data has been identified as a major obstacle
to produce Al-based solutions in the medical domain. In addition to the focus on the
development of ML models, this thesis also aims at finding a solution to the data deficiency
problem caused by, for example, privacy concerns and the tedious medical data annotation
process.

To accomplish the goals of the thesis, we investigated case studies from three differ-
ent medical branches, namely cardiology, gastroenterology, and andrology. Using data
from these case studies, we developed ML models. Addressing the scarcity of medical
data, we collected, analyzed, and developed medical datasets and performed benchmark
analyses. A framework for generating synthetic medical data has been developed using
generative adversarial networks (GANSs) as a solution to address the data deficiency prob-
lem. Our results indicate that our generated synthetic data may be a solution to the
data challenge. As an overarching concept, we introduced the DeepSynthBody as a basis
for structured and centralized synthetic medical data generation. The studies presented
in the thesis, such as generating synthetic electrocardiograms (ECGs), gastrointestinal
(GI)-tract images and videos with and without polyps, and sperm samples, showed that
DeepSynthBody can help to overcome data privacy concerns, the time-consuming and
costly data annotation process, and the data imbalance problem in the medical domain.
Our experiments showed that our generative models generate realistic synthetic data pro-
viding comparable results to experiments using real data to tackle the identified problems.
The final DeepSynthBody framework is available as an open-source project that allows
researchers, industry, and practitioners to use the system and contribute to future devel-

opments.
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Abstract-Norwegian

Teknologiske fremskritt har gjort kunstig intelligens til et populeert verktgy innen me-
disin. Spesielt metoder innen maskinleering, en underkategori av kunstig intelligens, er
mye brukt. Et mal i denne fobindelse er a utvikle gode, generaliserbare modeller for
bruk i systemer for datamaskinassistert-diagnose, men en stor utfordring her er innsam-
ling og behandling av medisinske data pa grunn av for eksempel personvernhensyn og
kostbare annoteringsprosesser. Denne oppgaven fokuserer derfor bade pa utvikling av
maskinlaeringsmodeller og a finne en lgsning pa problemet med manglende medisinske
data.

For a na oppgavens mal har vi undersgkt tre forskjellige medisinske eksempler, nem-
lig kardiologi, gastroenterologi og andrologi. Ved hjelp av data fra disse medisinske
omradenehar vi utviklet maskinleeringsmodeller. For a lgse mangelen pa medisinsk data,
har vi samlet inn, analysert og utviklet medisinske datasett, og vi har utfgrt referanseanal-
yser. I tillegg, et rammeverk for generering av syntetiske medisinske data er utviklet ved
hjelp av “generative adversarial networks” for a lgse problemet med datamangel, hvor
resultatene vare indikerer at slike genererte data kan veere en mulig lgsning. Som et
overordnet konsept introduserer vi DeepSynthBody som grunnlag for strukturert og sen-
tralisert generering av syntetisk medisinsk data. Studiene presentert i oppgaven, slik
som generering av syntetiske elektrokardiogram, bilder og videoer fra tarmsystemet og
saedprover, viser at DeepSynthBody kan bidra til & overvinne personvernproblemer, re-
dusere tid og ressursbruk innen dataanmerkingsprosessene, og utjevne problemene med
data ubalanse innen det medisinske domenet. Vare eksperimenter viser at vi kan generere
realistiske syntetiske data som gir sammenlignbare resultater med eksperimenter hvor
man bruker reelle data. Det endelige DeepSynthBody-rammeverket er tilgjengelig som et
apent kildekode-prosjekt som gjgr det mulig for bade forskere og industri a bruke systemet
og a bidra til fremtidig utvikling.
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Chapter 1

Introduction

\ The data-driven world will be always on, always tracking, always monitor-
ing, always listening and always watching { because it will be always learn-

ing"(Rydning [1]).

Arti cial intelligence (Al) has become a popular tool in most of the leading industries,
for example, nancial service [2, 3], manufacturing [4, 5], media and entertainment [6, 7],
transportation [8, 9], and healthcare [10, 11]. As a result, Al interacts more closely with
the day-to-day life of people. While Al has many de nitions, the main goal of Al today is
to enable faster, more reliable, and more accurate data analysis. Additionally, Al applies
to tasks that humans cannot proceed with, such as operations in space, in deep oceans,
or deep underground. These Al applications are successful due to improvements in ma-
chine learning (ML) algorithms [12] used in Al, particularly deep learning (DL) [13], and
tremendous advances in computational hardware running the compute-heavy ML algo-
rithms, such as deep neural networks (DNNs). Despite such advancements, the algorithms
need data to learn. The limited availability of data to train the ML algorithms [14, 15] is
crucial in developing successful Al solutions in all domains. The interconnections between
the terminology, Al, ML, and DL used in this section are depicted in Figure 1.1.

With the success of applying Al as a tool in the leading industries, using Al in the med-
ical domain has received more attention in the recent decade, such as the news headings
and quoteg about Al and medicine presented in Figure 1.2. The news shows contradic-

tory ideas about Al in medicine, such as some believe that Al will replace human doctors

https://futurism.com/ai-medicine-doctor
2https://news.harvard.edu/gazette/story/2020/11/



Chapter 1. Introduction

Figure 1.1: De nitions [16] and relations between Al, ML and DL.

and others believe that Al will \just" become a supportive tool for human doctors. Nev-
ertheless, it seems like many believe that Al will become more popular in the coming
years. Thus, applying Al in medicine is important because it may directly a ect humans'
personal lives, and successful medical systems directly correlate with life expectancy and
guality. Therefore, producing Al systems with reliability and integrity is important in the
medical domain. To understand applying Al in medicine for developing computer-aided
diagnosis (CAD) systems, we should understand the complete medical Al pipeline. A
simpli ed version of this pipeline is depicted in Figure 1.3 with four steps: (I) collecting
data, (1) annotating data using experts, (lll) applying ML methods, and (IVV) nal prod-

uct and explainable arti cial intelligence (XAl). These four steps are discussed further in

the next section.

1.1 Background and Motivation

Al-based solutions are used in the medical domain for di erent purposes, such as to
develop treatment protocols, drugs, personalized medicine, patient monitoring systems,
robotics, and diagnosis processes [11]. Among these, Al-based diagnosis processes or CAD
systems [17] got more attention from Al researchers. CAD systems aid doctors as the

\second opinion” to nalize decisions.

6



1.1. Background and Motivation

Figure 1.2: Some quotes and headings about Al and medicine in news articles

In this regard, we started to research ML-based solutions for CAD systems by following
the above four steps pipeline to help medical experts more correctly and e ciently detect
anomalies in medical data from real examinations to save lives ultimately. The goals were
to both address large miss-rates [18, 19, 20] and observer variations [21, 22]. The process of
researching and developing ML solutions is presented using Step Il (Figure 1.3). However,
we soon realized a considerable lack of medical data to develop good ML models in the
domain for various reasons, increasing the importance of the rst two steps in Figure 1.3.

Therefore, we have studied how datasets should be collected, composed, and published

7



Chapter 1. Introduction

Figure 1.3: The main four steps of applying ML solution in the medical domain.

as open datasets. Within the three years of Ph.D. time, a total of seven datasets [23,
24, 25, 26, 27, 28, 29] were successfully collected and published. Medical experts have
labeled or annotated data (Step I1) in these datasets, but not all the datasets because the
annotation process is costly and time-consuming. For example, our gastrointestinal (Gl)-
tract dataset [23] has labeled images and pixel-wise annotated polyp images performed
by experienced colonoscopists. However, the biggest part of the Gl-tract dataset is still
unlabelled data because of the costly and time-consuming data annotation process. We
analyzed three branches in medicingastroenterologyandrology, and cardiologyin parallel

to the data collection process. The main motivation for choosing di erent domains was
to show that our methods can work on dierent problems (are generalizable) and to
produce ML-based CAD solutions to help experts by providing more e cient and accurate

automated assistance for their tasks.

The gastroenterology branch investigated classi cation models [30, 31, 32, 33, 34] to
classify Gl-tract ndings and segmentation models [35, 36] to segment polyp regions.
When producing these ML solutions, we identi ed that generalizability is one of the main
issues for classi cation and segmentation due to the lack of labeled and annotated data to
train ML models. The classi cation models introduced in our studies [30, 31] showed good
performance when the validation and testing data are a subset of the same dataset used to
prepare the training dataset. However, the performance of the best models showed poor
performance for completely new datasets collected from di erent hospitals. The problem
was caused as a result of the over- tting [37]. In addition to the data bias problem, we also
identi ed that an imbalanced number of images of di erent classes makes less accurate
ML models. Detailed discussion on this issue can be found in [31], where we analyzed
and experimented with di erent datasets. Similar to the classi cation models, polyp
segmentation models show poor performance due to small datasets to train segmentation

models. We tried to solve the problem by introducing a novel data augmentation method

8



1.1. Background and Motivation

called PYRA?3 [36] and a novel segmentation model called DivergentNets [35]. However, we
had only small datasets to train segmentation models compared to the training datasets
used in classi cation models. Due to the time-consuming and costly pixel-wise image
annotation process, researchers or data providers usually provide only small segmentation
datasets for medical image segmentation tasks. The medical image annotation process
iIs more challenging than the general image annotation process because experts of the
speci ¢ medical domain should perform these manual segmentations or review them.

These experts are often rare or do not have much time.

In addition to providing ML solutions in gastroenterology, we have investigated ML
solutions [38, 39, 40] to predict motility and morphology level of sperm samples which
are videos recorded using microscopic analysis. These research works are considered un-
der the andrology branch. The proposed models show acceptable performance, but those
performance values were insu cient to use the solution practically. By researching ML
solutions to predict motility and morphology levels of sperm samples, we identied a
possibility of improving our models if we could prepare pixel-wise annotated datasets to
perform segmentation before predicting morphology and motility levels. However, per-
forming pixel-wise annotations for a sperm-like medical dataset is a complicated problem
for experts because of having hundreds of sperms in a single frame of the dataset. A
possible solution is annotating sperms using an unsupervised way and processing those

annotated sperm samples to nd motility and morphology levels.

In cardiology, we built an electrocardiogram (ECG) analysis system [41] using ML
models to predict the properties of ECGs. This experiment used a big ECG dataset to
train the ML models and showed that the ML models could outperform experts' analyses.
Unfortunately, the dataset used to train our models is a private dataset, and publishing
them to reproduce our solutions is not possible due to privacy concerns. In this context,
we noticed that there should be a way for omitting privacy concerns. In this ECG study,
we have presented an explainable Al mechanism called Grad-CAM [42] to nd the most
important regions for DNNs to predict the properties of ECGs. However, we could use
only the explainable methods that do not expose the real dataset to the public because
of privacy concerns. Suppose we have a method to omit and work around the privacy

concerns. In that case, we can use any explainable method which uses the real dataset,

3https://vibthambawita.github.io/PYRA/



Chapter 1. Introduction

for example, to explain using examples [43].

The success of Al solutions in medicine is highly dependent on the data to train the
Al algorithms. However, collecting and sharing medical data is harder than other general
data because of the privacy restrictions attached to the medical data. The collection
of medical data (Step 1) is presented using the rst box in Figure 1.3. If the training
data cannot provide useful information to Al algorithms, the algorithms become less
accurate and generalizable. Therefore, medical data is essential for developing successful
Al solutions. However, medical data collection and preparation are not straightforward.
The unrolled cumbersome internal process of Step | is presented in the rst seven steps
depicted in Figure 1.4, as discussed by Willemink et al. [44]. However, following these
steps is a complex task because of privacy concerns such as ethical approval and data
de-identi cation process, in addition to the data preparation process. Medical data need
post prepossessing because the raw medical data producing from medical instruments
are not designed for sharing. Many research discusses the protection of digital data in a
learning health system [45], the privacy of big medical data [46, 47, 48], and balancing
health data access and privacy [49]. These research discussions show the importance
of considering privacy rules and regulations with health data. As a result, the privacy
restrictions applied with the medical data make the process in Step | harder and slow

down the whole pipeline depicted in Figure 1.3.

The rules and regulations for producing open access medical data vary from country
to country and region to region according to data protection regulations introduced in the
speci c regions. For example, Norway should follow the rules given by the Norwegian data
protection authority (NDPA) [50] and enforce the personal data act [51] in addition to
following general data protection regulation (GDPR) [52], which is the common guideline
for European countries. While there is no central level privacy protection guideline in the
US like GDPR in Europe, rules and regulations in the US are coming through other US
privacy laws, such as Health Insurance Portability and Accountability Act (HIPAA) [53]
and California Consumer Privacy Act (CCPA) [54]. In Asian counties, they follow their
own rules country-wise, such as Japan's Act on Protection of Personal Information [55],
South Korea's Personal Information Protection Commission [56], and the Personal Data
Protection Bill in India [57]. If researchers can perform research with these privacy re-

strictions, the papers published are often theoretical methods only. As a consequence, the
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1.1. Background and Motivation

Figure 1.4: Medical data preparation process as discussed in [44]
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Chapter 1. Introduction

results of those studies are not reproducible, and fair and correct comparisons between
methods are hard to achieve. All these consequences are due to a lack of available data
and sharing restrictions. Furthermore, universities or other research institutes that use
medical domain data for teaching purposes use the same medical domain datasets for
years, which a ects the quality of education. Therefore, data sharing restrictions result-
ing from privacy protocols are identi ed as one of the main problems and obstacles, and

we have researched to address this challenge in this thesis.

In addition to the privacy concerns, the cost of medical domain experts for extracting
useful information from medical data is another obstacle to producing big datasets, which
are helpful for Al. This stage is presented as the second box in Figure 1.3 and task number
8 in Figure 1.4. For example, to train the most common supervised ML techniques, ground
truth data are needed. In other words, annotated datasets are essential. Because of this
necessity of annotated data, new companies and job opportunities are opened to perform
data annotations for datasets used to train Al algorithms [58, 59]. For example, the pricing
list in Google for annotating datasets is presented in Table 1.1. However, medical data
annotation (or producing ground truth) is not easy as making ground truth for general
datasets. Medical data annotation is more challenging than other general data annotations
because only the experts in the medical domain can perform the annotations fully trustable
in terms of correctness. If the data annotation by experts is impossible, the experts should
do at least a review process to make the annotations trustable before using them in Al
algorithms. The importance of having accurate annotations from experts for medical data
Is, for example, discussed by Yu et al. [60] using a mandible segmentation dataset of CT
images. Because only the medical experts can accurately do the medical data annotation
process, the expert annotation process becomes expensive. Additionally, this annotation
process takes considerable time to produce ground truth data precisely [44], consuming

time that clinicians usually rather spend on treating patients.

The third step in Figure 1.3 represents applying ML methods after collecting medical
data and annotating the data using domain experts. However, due to privacy protocols
and the aforementioned complex data retrieval and annotation problems, researchers and
industry, who apply ML solutions for medical data, do not have access to open-access
expert-annotated datasets. Because of this limited data problem, the models become less

reliable [31] (due to poor generalizability) and have fewer functionalities such as limited

12



1.1. Background and Motivation

Table 1.1: Google labelling cost (to date: 05-05-2021). [61]

Data type Objective Unit Tier 1 Tier 2
Classi cation Image $35 $25
Bounding box Bounding box $63 $49
Image Segmentation Segment $870  $850
Rotated box Bounding box $86 $60
Polygon/polyline  Polygon/Polyline $257  $180
Classi cation 5sec video $36 $60
Video Object tracking  Bounding box $86 $60
Event Event in 30sec video $214  $150
Text Classi cation 50 words $129  $90
Entity extraction Entity $86 $60

interpretability [62]. These limitations and our own experience of developing ML models
for CAD systems emphasize the requirement of having an alternative fast track to getting

medical data into the third step (Step Ill) of applying ML.

The fourth step in Figure 1.3 represents the nal stage of producing products using
ML to use in clinical settings. In this stage, explaining the prediction results (XAl) is an
important step because it is the only step in which one can convince doctors to accept
decisions made by ML solutions. Explanation by example is currently a preferred XAl
method by non-experts [63]. Privacy issues can limit these XAl functionalities, such as

explaining DL solutions by examples [64] when the example data is restricted to publish.

In summary, the problems related to collecting and processing medical data can be
identi ed as a major bottleneck to produce enough open-access medical data for devel-
oping well-performing ML solutions for CAD systems. The privacy concerns with the
medical data and the costly and time-consuming medical data annotation process are two
reasons for the data de ciency problem. In addition, we identi ed that a lack of true-
positive data compared to true-negative data in the medical domain, giving large class
imbalances, is a problem for producing Al-based systems. In this regard, this thesis focus
on producing well-performing ML models for CAD systems after nding a way to tackle
the data de ciency problem by generating synthetic data using a new concept and the

framework named DeepSynthBody.
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1.2 Research Question and Objectives

The main overall goal of our research is to investigate and develop accurate, generalizable,

and well-performing ML models for CAD systems for biomedical applications assisting

doctors in clinical practice. In this thesis, we have a particular focus on the problems

and challenges coming from medical data. These challenges of collecting and processing

medical data, identifying that the lack of medical data due to, for example, privacy issues,

resource-consuming data annotation processes, and data imbalance problems are major

obstacles for Al-based medical technology research and development. Therefore, we focus

on researching a way to address the data de ciency problem in the medical domain while

researching and developing well-performing and generalizable ML models for CAD systems

for selected three domains as case studies. The overall research question for this study

therefore is:

What are the problems that emerge from data in computer-aided

diagnosis systems, and how can these problems be tackled?

After identifying the research question, we have de ned the objectives of this thesis

as follows:

14

Main objective : Research and develop ML models which are the main component
of CAD systems for di erent medical applications, focusing on the problems of

limited availability of biomedical data.

Sub-objective | : Research and develop ML models for CAD systems to assist

doctors.

Sub-objective Il : Collect, research and develop datasets to develop ML models

for CAD systems for biomedical applications.

Sub-objective Il : Research and develop benchmark analysis with the medical
datasets to identify the problems for producing well-performing ML solutions in the

medical domain.

Sub-objective IV : Research and develop deep generative adversarial networks
(GANSs) that can produce synthetic data to address the data de ciency problem,

the major obstacle for developing medical Al-based solutions.



1.3. Scope and Limitations

This thesis has used three di erent medical case studies for Sub-objective |, Sub-
objective Ill, and Sub-objective IV. The medical elds chosen areardiology, gastroen-
terology, and andrology We chose these three domains since they are diverse from each
other in terms of data. In Sub-objective Il, we have introduced additional datasets in ad-
dition to the main three case studies as its main goal is collecting and developing medical

datasets.

1.3 Scope and Limitations

This research was started to developing well-performing and generalizable ML models for
CAD systems to assist doctors. However, the early identi cation that the medical data

iIs a major obstacle for developing ML models, solving the data de ciency problem in
the medical domain became another objective of this thesis. Therefore, in this thesis,
two major development streams can be seen. One is developing ML models for CAD
systems, and one is researching and developing GANs to overcome the data de ciency
problem. As the main nding of this thesis, we could introduce a novel concept and the
framework based on GANSs to tackle the data de ciency problem. The framework has
been demonstrated with a few selected case studies as a proof of concept. However, the
novel concept and the framework are not limited to the presented case studies. All other
possible research areas using our concept and framework are discussed in the future work

section.

In this thesis, three types of datasets were used. In particular, we have used ECG
signals, Gl images, and a sperm video dataset as case studies that cover three di erent
medicine branches: gastroenterology, andrology, and cardiology. These three datasets
were selected because they were the initial studies used to develop ML models for CAD
systems. Additionally, the same datasets were used as proof of concept to demonstrate
the potentials of the new concept and the framework introduced as a solution to the
data de ciency problem in the medical domain. It is worth mentioning that the new
concept is also developed as a big open-source project planning to have contributions
worldwide. Therefore, all the case studies and experiments were performed just to prove
the new concept. The ECG dataset covers biomedical signal data in the selected case

studies, while the GI image datasets cover biomedical images. The sperm dataset is
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related to medical video data as well as medical images. In addition to time restriction,
the scope of this study is limited to selected data formats such as one-dimensional (1-D),
two-dimensional (2-D), and three-dimensional (3-D) because of limited access to other
types of medical data such as magnetic resonance imaging (MRI), which are considered
four-dimensional (4-D) with a temporal dimension.

The proposed concept consists of a four-step pipeline. These are collecting real data
and analysis, developing generative models, generating synthetic data, and explainable
DeepSynth Al and DeepSynth Explainable Al. While the thesis covers the rst three, the
most important steps, data handling, applying GANs, and producing synthetic data via
the end functionalities, the last step of researching explainability is not investigated due to
time limitations and is regarded as an important future research direction. Additionally,
we have published an online platform for the concept. This online platform will be changed

in the future as a result of improvements over time.

1.4 Research Methodology

In computer science, it is harder to practice traditional research methodology followed

by classic sciences as described by Dodig-Crnkovic [65] because computer science can be
identi ed as a combination of various scienti ¢ disciplines. In sciences, we can identify
three paradigms, theory, abstraction, and design [66]. Generally, the theory is for math-
ematical sciences. The abstraction or modeling is for natural sciences. The design or
experimentation is for engineering. However, it is not easy to explicity map computer
science for one of these three paradigms. While these three are inseparable from computer
science, they are distinct from each other. Therefore, we de ne this thesis work in each

of the above paradigms as follows.

" Theory: Major elements of the theory of the concept introduced in this thesis
consist of the major theories related to Al presented in the report [66] produced by
ACM and IEEE task force. This report has introduced four steps to developing a

coherent, valid theory in any science. They are:

1. Characterize objects of study (de nition).

2. Hypothesize possible relationships among them (theorem).

16
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3. Determine whether the relationships are true (proof).

4. Interpret results.

In this regard, we have introduced our main objective and four sub-objectives to
research ML models for CAD systems in the medical domain and a novel concept to
overcome the data de ciency problem. We hypothesize that generative models can
generate synthetic data to overcome the data de ciency problem of developing ML
models in the medical domain. Using three di erent case studies, we have presented
the performance of our ML models. Moreover, using the same case studies, we
proved how to use GAN-generated synthetic data to solve the data obstacles in the

medical domain.

Abstraction (modeling): is de ned based on the experimental scienti c meth-
ods. In the ACM report, they have described four stages for investigations of phe-

nomenons such as:

1. Form a hypothesis.

2. Conduct a model and make a prediction.

3. Design an experiment and collect data.

4. Analyze results.
According to this modeling paradigm, deep generative models can be identi ed as
the main component of modeling our hypothesis. Under di erent medical data
formats, we analyzed generative models and collected synthetic data. To nd the
best generative models for generating synthetic data, we have studied them qualita-
tively and quantitatively using experimental prototypes. Not only deep generative
models, but we have also experimented with baseline experiments and benchmark

experiments, which were performed to develop experimental prototype ML models

for CAD systems.

Design: In this paradigm, four stages can also be identi ed to build a system to

solve a speci c problem. They are

1. State requirements.

2. State speci cations.

17
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3. Design and implements the system.

4. Test the system.

The medical data was identi ed as a key requirement to research and design well-
performing ML models for CAD systems. Therefore, we collected real medical
datasets and developed synthetic medical datasets. Then, we designed ML models
using the real medical datasets and the synthetic medical datasets. Moreover, a
complete framework to generate synthetic data in the medical domain was intro-
duced and implemented. We have tested our ML models and GANSs introduced in

the framework using three di erent case studies.

1.5 Contributions

The research in this thesis contributes to medical Al technology aimed to assist clinicians
in their daily work, improving the quality of the health care systems. We started to
research and develop ML models for CAD systems using small existing datasets and col-
lecting our medical datasets, where the developed models performed very well. However,
the major challenge identi ed was the data de ciency problem, where dataset develop-
ment was cumbersome due to various reasons. This challenge then becomes the major
challenge addressed in this thesis while still developing ML models.

In particular, in this thesis, four sub-objectives were introduced to accomplish the
main objective, which aims to develop ML models for CAD systems to assist doctors in
improving the e ciency of diagnosis. These four sub-objectives were initiated to develop
well-performing ML models and solve the data de ciency problem of the current applied
machine learning pipeline used in the medical domain, as depicted in Figure 1.3. We
started researching and developing ML models for CAD systems to achieve Sub-objective
I. Then, in Sub-objective Il, collecting data was initiated after nding that data is an
important factor for achieving Sub-objective I. Then, the performing benchmark experi-
ments are mainly used to achieve Sub-objective Il to study the medical datasets to un-
derstand the related problems to research and address in Sub-objective IV. Sub-objective
IV was achieved by experimenting and investigating GANSs to generate synthetic data to
overcome the data de ciency problem in the medical domain. Figure 1.5 shows all the

contributions via these four sub-objectives and the main objective. Some contributions
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1.5. Contributions

Figure 1.5: Paper-wise contribution to all objectives.

can be identi ed through two or more objectives, while all the contributions are directly

attached to achieve the main objective.

The following bullet points show all contributions to sub-objectives and the main ob-
jective. These contributions include dataset papers, ML-based CAD models or benchmark
papers, and GAN-related papers can be found. The dataset paper, HyperKvasir [23]
got much attention from the research community within a short period because of the
richness of data diversity. Not only that, the results of most benchmark papers were
within the top 5%. For example, we won 1 place for the EndoCV grand challenge
2021. Similarly, GAN-based experiments also became popular within a short period in
the research community because of the competitiveness of the presented qualitative and
guantitative results of novel methods used to generate synthetic data. For example, The

DeepFake ECG paper was read by many people within a few days after publishing the

“https://www.nature.com/articles/s41597-020-00622-y/metrics
Shitps://endocv2021.grand-challenge.org/
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pre-print, and it became a part of news heading about recent developments of interests
in cardiovascular mediciné. The following section discusses all the contributions toward
the objectives of this thesis. The main objective is discussed at the end of the following

list to emphasize how sub-objectives contribute to accomplishing the main objective.

" Sub-objective | : The main focus of this sub-objective is to research and develop
well-performing ML models for CAD systems to assist doctors. As case studies,
we have selected three branches of medicine. These are cardiology, gastroenterol-
ogy, and andrology. In gastroenterology, images collected from colonoscopies were
the main data stream to apply ML algorithms which are the core algorithms in
CAD systems. In di erent timeline stages, several classi cation models [30, 31] and
segmentation models [35, 36] were researched and implemented for the gastroenterol-
ogy branch under this thesis. In addition to real data, we used synthetic data with
segmentation models [67] to predict polyps in Gl-tract data. Similarly, ML-based
regression models were investigated and developed for the andrology branch [38, 39,
40, 68]. For the cardiology branch, an ML-based ECG analysis system [41] was re-
searched and implemented. Moreover, all the dataset papers [23, 24, 25, 26, 27, 28,
29] introduced ML models as baseline experiments which can be considered initial

models for developing CAD systems.

Sub-objective Il : The main task of this sub-objective is to collect and produce
medical datasets, which is identi ed as the main bottleneck for developing ML-
based CAD systems. Moreover, these datasets are the main assets for initiating
the novel concept and the corresponding framework, DeepSynthBody, introduced in
this thesis. Di erent types of real medical datasets [23, 24, 25, 26, 27, 28, 29] were
collected and published to the research community with the baseline experiments
under this thesis to accomplish the sub-objective I. All the datasets contribute to
designing ML models for CAD systems (sub-objective |) because of the baseline

experiments introduced in every dataset paper.

In addition to our datasets, two additional datasets were used from outside of the
dataset contributions. One is an ECG dataset, which is a private medical signal

dataset. The second one is a sperm dataset [69] which represents sperm video data.

Shttps://www.medpagetoday.com/cardiology/
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The additional datasets were selected to design ML models for CAD systems in
completely two di erent branches: cardiology and andrology. At the end of the

thesis, we showed using synthetic datasets to overcome the data de ciency problem.
These synthetic datasets consist of a synthetic ECG dataset [70], a synthetic GI-
tract landmark dataset [71] and, a synthetic polyp dataset [67] generated using
the GAN models introduced as a result of our new concept and the corresponding

framework.

Sub-objective IlIl : Initially, we focused on designing generalizable ML models,
which are the core of CAD systems to achieve Sub-objective I. Later, we identi ed
that the medical data de ciency in training ML models should be tackled. We have
performed benchmark analyses with selected three medical datasets to investigate
the data-related problems and investigate them. As a result, a set of benchmark
articles for the selected datasets as case studies were published to achieve the bench-
mark analysis objective (Sub-objective 1ll). These benchmark analyses helped to
identify the problems of designing ML models. Additionally, these benchmark ex-
periments give preliminary knowledge about medical datasets, which we will use to
generate synthetic data to achieve Sub-objective IV. Di erent types of quality con-
trol benchmark analysis with the Gl-tract data [32, 33] were performed to support
this objective. Moreover, we can consider the ML models [30, 31, 36, 35] introduced
in Sub-objective | as benchmark analysis studies for Sub-objective Il because they
are correlated with each other. Similarly, the ECG analysis [41] and sperm anal-
yses [38, 39, 40, 68] experiments were considered benchmark analyses to identify
data-related problems to address using synthetic data. Without having benchmark
analysis or baseline experiments, it is not recommended to researching GANs for
the new framework because data problems related to a medical dataset cannot be
identi ed without benchmark analysis. We have also performed benchmark analysis
with synthetic data [67, 72, 73] to identify the usability of synthetic data instead of

real medical data.

Sub-objective IV : Research and developing GANSs is the core of the DeepSynth-
Body concept [71] (www.deepsynthbody.org) proposed as a solution to the data
de ciency problem identi ed and investigated in this thesis. We started investigat-

ing possibilities of using GANs with Gl-tract data such as prepossessing Gl tract
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images using a GAN [72, 73] to Il blank regions and to predict blurry pill cam video
frames using a GAN [74], which can predict the future frames for given input frames
to solve the data problems of developing ML models. These experiments gave the
basic understanding of how GANs use in the medical domain and how hard it of
producing synthetic data in the medical domain. Then, an advanced GAN exper-
iment, namely Pulse2pulse [70], which can generate synthetic 12-leads 10-seconds
ECG indistinguishable from real ECGs was introduced to overcome the data sharing
problem as a result of privacy issues. Ultimately, we proved that our synthetic ECG

dataset shows very close characteristics to the real data distribution [70].

Moreover, to address the costly and time-consuming expert's data annotation pro-
cess, we experimented and introduced novel pipelines [75] of GAN architectures
using Gl-tract dataset to generate synthetic polyp data from the clean colon to
overcome data imbalance problems in the medical domain, such as having more true-
negative samples compared to true positive samples. Furthermore, we researched
and presented a new pipeline to generate synthetic polyp data with the correspond-
ing mask from a single polyp image [67], namely SInGAN-Seg, and showed that
generated synthetic medical data is a solution to overcome data problems in the
medical domain. Additionally, we investigated the usability of GANs to produce
synthetic sperm data [76] instead of blurry-looking sperm video samples to have
a better quality data stream for training Al-based sperm analysis systems in the
future. To get active contributions of performing GAN-related research to produce
synthetic data from non-computer science people, we have proposed a tool [77] to

run GAN experiments without writing a single line of code.

Main-objective : The nal objective was to connect these all together and produce
well-performing and more accurate ML models for CAD systems to assist doctors for
e cient diagnosis by addressing the data de ciency problem. The initial ML models
designed to achieve the Sub-objective | showed the e ects of the data de ciency
problem in the medical domain. Then, we collected, researched, and developed
datasets (real and synthetic) to develop ML models for biomedical applications. In
Sub-objective Ill, benchmark analyses were performed to identify the data problem
to be addressed. We proposed the new concept and the corresponding framework,

DeepSynthBody, based on GANs as a solution to the data de ciency problem in the



1.6. Outline

medical domain (Sub-objective V). Finally, we published our solution as an open-
source project for getting more collaborations worldwide atvww.deepsynthbody.

org.

As described above, our research addresses the stated objectives. Then, regarding the
overall research question, what problems emerge from data in computer-aided diagnosis
systems, and how can these problems be tackled? We rst identi ed the problems and
proposed the DeepSynthBody concept to tackle them. As the problems, we could iden-
tify that data to train ML models in the medical domain is lacking due to several data
preparation problems, such as privacy concerns and the costly and time-consuming data
annotation process. Then, this data de ciency problem causes generalisability issues and
performance issues for ML models, which are the core algorithms used in CAD systems.
To answer the data de ciency problem, we have experimented and developed synthetic
data and showed that generated synthetic data could solve the data de ciency problem in
the medical domain because synthetic data can address some of the restrictions emerging
from privacy issues coming with sensitive data. We also show that synthetic data is an
alternative way to prepare data and corresponding segmentation masks for the costly and
time-consuming real data annotation process.

In addition to the main contributions aligning to this thesis work, the author con-
tributed as a development team member of the Norwegian \Smittestopp" app, which was
developed to trace Covid-19 contacts. Algorithms to nd contacted regions of interest
using GPS coordinates were investigated under this Covid-19 app development project.
Moreover, several master students were supervised, and they successfully completed their
master's degrees with good grades and publications [24, 72, 73, 74], which were great
contributions to the GAN development stage of DeepSynthBody. Not only these, the
author contributed to a research study [78], which was focused on detecting soccer events

from video clips, but this study is out of the scope of the thesis.

1.6 Outline

Our initial contributions were focused on designing ML models for CAD systems to aid
doctors by achieving the Sub-objectives | and Il. However, the data-related problems of

the current pipeline of applying ML motivated us to nd a new way to overcome the data
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de ciency problem in the medical domain. Therefore, this thesis mainly focuses on de-

signing a novel concept, DeepSynthBody, and the corresponding framework introduced to

bypass the data-related problems such as privacy-related problems with medical data and

resource-consuming medical data annotation process. To discuss, research, and present

the DeepSynthBody concept, we organized the thesis as follows:

24

Chapter 2: Related Work - gives more required background knowledge to follow this
thesis. In this chapter, the basic knowledge about ML concepts and corresponding
references used in designing CAD systems are given. Then, deep generative models
and the state-of-the-art GANs are discussed with greater details to give enough
knowledge to understand the new concept introduced in this thesis. Additionally,
similar frameworks to DeepSynthBody and other studies about synthetic medical

data generations are discussed.

Chapter 3: DeepSynthBody - In this chapter, the DeepSynthBody concept, which is
the new concept introduced in this thesis to overcome the data de ciency problem,
Is formalized by developing the corresponding framework. The theoretical behavior
of the framework is discussed in this chapter with four main sections, which are
collecting real data and analysis, developing GANs, producing DeepSynth data, and
explainable DeepSynth Al and DeepSynth explainable Al of this framework. The
rst three sections are explained using three case studies of ECG data, Gl-tract data,
and sperm data. These use cases are discussed with the signi cant ndings, which

were identi ed as the most in uenced results for the success of DeepSynthBody.

Under the collecting of real data and analysis, data collection procedures and analy-
sis procedures are discussed. Then, the core of this framework, GAN development, is
discussed in developing GANs. In the same section, a novel tool, namely GANEX,
used to performing GAN experiments, is introduced. The process of producing
Python package index (PyPl) packages is explained using the use case studies in
the same section. The websitevww.deepsynthbody.org, which is the online plat-
form of this concept, is introduced in the third section. Finally, the optional step,
explainable DeepSynth Al and DeepSynth explainable Al, are discussed theoreti-

cally.

Chapter 4: Discussion and Conclusion - discusses limitations, other advanced func-
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tionalities, which can be researched with DeepSynthBody as future directions, and
the conclusion about how the DeepSynthBody concept and its formal DeepSyn-
thBody framework help to overcome the data de ciency problem related to the

development process of ML models for CAD systems.

" Appendix A: All the papers counted as contributed under this thesis are listed here

with the publication details and corresponding contribution statements.
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Related Work

This chapter covers the basic concepts of this thesis and a literature review to discuss
similar research directions and their limitations. We give appropriate knowledge to un-
derstand the development of ML models forCAD systems with limited medical data. The
rst section provides an overview of medical datasets. Then, the common ML solutions
used in medicine are discussed with the corresponding evaluation criteria because they
are the basics for developing CAD systems. Afterward, GANs are introduced with their
theoretical background because GAN is the basic model used to generate synthetic data
to overcome the data de ciency problem, which is identi ed as a major problem in the
medical domain. Finally, a review and discussion about previous studies, which use a

similar direction to DeepSynthBody to address the lack of medical data, is provided.

2.1 Medical Data

Data is the most important factor for developing Al solutions [79, 80, 81], and it cannot
be separated from the eld of Al. In this regard, medical datasets are the key to develop
successful ML solutions in the medical domain for CAD systems. Therefore, Al researchers
try to collect as much as possible medical data from data providers such as hospitals or
medical research institutions. As a result, many public repositories are available for
medical data, and a few of them are shown in Table 2.1. As we can see in the table,
some medical repositories have a specic type of medical data like NITRC, while some
collect all types of data, such as the UC Irvine machine learning repository. However,

most datasets in these repositories are smaller than general datasets such as Imagenet [82]
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Table 2.1: Sample data repositories with various medical data. Some of the data reposito-
ries have speci c type of data. Some of them have data collections from multiple domains
including the medical domain.

Repository | Link to access | Description

The cancer| https://www. A large archive of medical images of

imaging archive| cancerimagingarchive. | cancers.

(TCIA) net/

NeuroMorpho NeuroMorpho.Org Digitally reconstructed neurons
from vaiours animal types. Human
is included as one type.

Neurolmaging https://www.nitrc. Neuroinformatics data, from MR,

Tools and | org/ PET/SPECT, CT, EEG/MEG, op-

Resource  Col- tical imaging, clinical neuroimaging.

laboratory

(NITRC)

OpenNEURO https://openneuro. Sharing MRI, MEG, EEG, IEEG,

org/ ECoG, and ASL data.

PhysioNet https://physionet. A repository for Physiologic Signals.

org/

OSF.io https://osf.io/ Open datasets from all the domains
including the medical domain.

The UC Irvine | https://archive.ics. Open access datasets from many do-

Machine Learn-| uci.edu mains including the medical domain.

ing Repository

Registry of | https://registry. Open access datasets from many do-

Open Data on| opendata.aws/ mains including the medical domain.

AWS

IEEE DataPort | https:// Datasets from dierent domains

ieee-dataport.org/ around 25 categories de ned by
IEEE DataPort such as Biomedi-
cal and Health Sciences , Biophysi-
ological Signals, Environmental and
more other general categories includ-
ing health data.

because, for example, collecting medical datasets should follow speci ¢ protocols to avoid
privacy restrictions, and annotating medical data is costly and time-consuming.

Medical data have di erent formats, which vary from a simple single value to advanced
multi-dimensional data types such as two-dimensional (2-D), three-dimensional (3-D), and
four-dimensional (4-D). Multi-dimensional data has more than one value to represent a
single data point. Visual representations of sample biomedical data with various data
formats are depicted in Figure 2.1. Figure 2.1(A) represents a simple 1-D ECG signal,

and Figure 2.1(B) shows an image (2-D) taken from an endoscopy. Some medical data
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(A) - An ECG signal [41] (B) - An endoscopy image [23]

(C) - An MRI representation [83] (D) - A digitally reconstructed neuron [84]

Figure 2.1: Visual representations of di erent types of biomedical data.

cannot be simply presented in a 2-D plane and need software tools to get actual 3-D
visualizations such as an MRI as depicted in Figure 2.1(C), and a digitally reconstructed
neuron depicted in Figure 2.1(D). Therefore, considering data formats is important in
developing ML solutions, such as deep generative models, which will be discussed in later
sections.

Medical datasets, which can be either public or private, are the foundation for devel-
oping ML models for CAD systems to assist doctors. Therefore, collecting medical data
Is identi ed as a key step for the thesis. As a result, several datasets [23, 24, 25, 26, 27,
28, 29] were published. More details about these datasets are discussed in Section 3.1.1.
In DeepSynthBody, which is the novel concept introduced to overcome the data-related
problems faced during the development stage of ML solutions, all the medical datasets

had to be categorized to make a clear data organization process for the contributors and
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Table 2.2: Sample datasets for the 11 categories of the biological anatomy classi cation.
These datasets were selected randomly using Google search. These datasets are selected
from the outside of the dataset contributions introducing under this DeepSynthBody

study.

Data class \ Sample datasets

Cardiovascular
Digestive
Endocrine
Integumentary
Lymphatic
Muscular
Nervous
Urinary
Reproductive
Respiratory
Skeletal

Cardiac MRI dataset [88], ECG data [89]

Endoscopy dataset [90, 91], Capsule endoscopy [92]
Hyperspectral imaging [93], Thyroid ultrasound image [94]
Skin lesions [95], Skin image dataset (melanomas) [96]
CT lymph nodes [97], Lymphography Data Set [98]

MRI of muscles of the hand [99], Full body data with muscle [100]
Brain activity fMRI data [101], PET-MR Dataset [102]
Kidney dataset [103], Cl images kidney stones [104]
Human sperm images [105], Embryo dataset [106]

Chest X-ray data [107], Chest CT datast [108]

Bone X-ray dataset [109], Knee MRIs [110]

the end-users of the framework. For this, a biological anatomy classi cation [85] (11

categories) was used to classify most of the medical datasets (except genome data [86,

87] which is related to the full human body. The genome data will be considered for the

DeepSynthBody framework in the future. Table 2.2 presents the 11 classes selected as our

classi cation and corresponding example open-access datasets. These example datasets

indicate that most of the data can be classi ed into these 11 categories.

Even if publicly available, medical datasets can come with other challenges that need

to be taken into account. One challenge is the sizes and distributions of medical datasets.

If the sizes of these datasets are limited, such as having few data samples, then it directly

a ects the nal performance of ML models. Similarly, if a dataset is imbalanced such

as one class has more data and another class is lacking data, then it also a ects the

performance of the ML models [111, 112, 113, 114].

Despite these problems, privacy

concerns of the medical data [115], containing information about patients, is another

problem. These privacy concerns directly cause problems for publishing the medical data

because medical dataset publishers should follow all the protocols related to publishing

medical datasets, as discussed in Section 1.1. In addition to the privacy concerns, making

the ground truth data for the medical data is costly and time-consuming. In the medical

domain, experts (medical doctors) should perform the data annotation process. Therefore,

one of the goals of this thesis is to overcome the data annotation problem and introduce

an e cient way to produce medical datasets with ground truth to train ML solutions,
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I.e., both reducing the need for medical experts to produce ground truths and bypassing

the privacy challenges.

2.2 Machine Learning in Medicine

Di erent types of ML algorithms are applied to medical data. When researchers and other
medical data providers publish datasets to train ML models, they have intended goals to
achieve using the datasets. For example, when Gl-tract polyp datasets are published
with the corresponding ground truth masks [116, 117, 118], the main goal of the datasets
is to train ML models to perform polyp segmentation tasks. Therefore, baseline exper-
iments (experimental results coming with dataset papers) and benchmark experiments
(experiments performing to achieve the best results compared to the state-of-the-art per-
formance) of a particular dataset are essential to know the capabilities of the ML models
trained using the dataset and identify the related practical problems, for example, the
generalizability issue of an ML model trained using a single dataset. The baseline and
benchmark results coming from ML models can be used to identify the limitations of
datasets. For example, suppose every machine learning model shows poor performance
for a speci c class of a data classi cation problem. In that case, the problem might be
with the data of the particular class. In this regard, this thesis discuss baseline exper-
iments and benchmark experiments. The baseline experiments are discussed with our
dataset papers [23, 24, 25, 26, 27, 28, 29], and the benchmark experiments are discussed
in our benchmark articles [30, 38, 39, 40, 68, 41, 36, 32, 33, 35, 34].

Most of the ML models trained with medical data can be classi ed into a regression
task [119, 120, 121], classi cation task [122, 123], detection task [124, 125] or segmentation
task [126, 127]. These tasks depend on medical datasets and their intended purposes. ML
models trained to solve regression tasks want to predict continuous values (parameters)
for a given input data such as numerical input, images, or video inputs. For example,
predicting motility or morphology level, which are percentage values, of a sperm sample
given as a video is a regression model. In the classi cation task, ML models need to
predict class labels of input data, such as predicting the Gl-tract landmark for a given
image captured from an endoscopy. In detection tasks, ML modules focus on predicting

bounding boxes for regions of interest on images or videos (normally, videos are processed
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frame by frame, and this video processing also can be considered as image processing),
l.e., predicting polyps in an image of Gl-tract. Advanced segmentation tasks perform
pixel-wise predictions to mark the region of interest, and this task gives greater details
than all other three tasks, for example, predicting the exact regions of polyps using the
pixel-wise classi cation of a Gl-tract image. These ML methods have speci ¢ evaluation

methods based on the objectives.

Evaluating ML models have to be performed properly, which means evaluation pro-
cesses should re ect the real performance of ML models. For example, data leakage
problems [128] should be avoided, the generalizability of ML models should be tested
using cross-dataset evaluations, and multiple evaluation metrics should be calculated to
show the performance from di erent perspectives. Otherwise, researchers may produce
ine cient solutions which cannot be applied in practical scenarios. According to the
type of the ML task, the evaluation methods should be selected. A summary of these

evaluation methods is presented in Table 2.3.

One of our studies [31] discusses the importance of evaluating ML models with multi-
ple evaluation metrics and cross datasets for producing better generalizable ML solutions.
In addition to the cross dataset evaluations, we have discussed problems of current ar-
ticles with incomplete evaluation metrics using a literature review of polyp classi cation
as a case study [33]. To overcome this incompleteness of the evaluation results, we have
introduced an online tool called MediMetrié, which can be used to get complete evalu-
ation metrics from the incomplete evaluation metrics for binary classi cation tasks. The
evaluation performance of ML models can be found in baseline experiments, which come
with dataset papers, and benchmark papers, which aim to produce state-of-the-art results
for a particular dataset. In this thesis, these baseline results and benchmark results are
essentials to develop ML solutions to achieve our Sub-objective | and develop DeepSyn-
thBody, which is the main solution introduced in this thesis to achieve Sub-objective V.
Therefore, contributions of ML methods with corresponding evaluations are presented in
our series of benchmark articles [30, 38, 39, 40, 68, 41, 36, 32, 33, 35, 34] in addition to
the evaluations presented in our dataset publications [23, 24, 25, 26, 27, 28, 29].

Lhttps://medimetrics.no/
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Machine learning (ML) type \ Evaluation method

Regression R Squared (Coe cient of Determination), mean square
error (MSE) or root-mean-squared error (RMSE), mean
absolute error (MAE)

Classi cation Accuracy, F1, Recall (sensitivity), Precision, Matthews
correlation coe cient (MCC)
Detection Intersection over union (IOU), Precision, Recall
Segmentation IOU(Jaccard index) , F1-score (dice coe cient)

Table 2.3: Example evaluation methods using for the most common ML methods applied
with medical data.

2.3 Generative Adversarial Networks

In the above section, regression, classi cation, detection, and segmentation models known
as discriminative models were discussed. As a mathematical de nition, the discriminative
models capture the conditional probability, for examplep(YjX), in which X represents
data instances andY represents a set of corresponding labels. In this section, genera-
tive models are discussed. These generative models are the most important ML model
used in DeepSynthBody, which is introduced as a solution to overcome the data de -
ciency problem. Generative models learn joint probability distribution compared to the
conditional probability of discriminative models. In the formal de nition of generative
models, they capture the joint probability p(X;Y ) if both data instances (X) and labels

(Y) exist. Otherwise, the generative models capture only data distributiop(X ). There

are several types of generative models. Autoregressive models, variational autoencoders
(VAEs), Latent Dirichlet Allocation (LDA), Hidden Markov Model, Gaussian Mixture
Model, Bayesian Network, VAE, and generative adversarial network (GAN) are a few of
them. Among these generative models, two deep generative models, namely VAE [129]
and GAN [130], have become popular in the recent research studies [131, 132, 133] of
generating synthetic data.

VAE [129] consists of two networks, namely encoder and decoder networks. The basic
architecture diagram is illustrated in Figure 2.2 with the basic elements. In the training
stage, the encoder converts input data into a latent space represented using meay) énd
standard deviation ( x). Then, in the inference stage, only the decoder generates data
by sampling the latent vector from the latent space. However, the main disadvantage

of using VAESs to generate synthetic data is generating blurry output [134]. In synthetic
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Figure 2.2: Basic architecture of a VAE.

medical data generations, every feature is essential. Therefore, GANs were selected to
use as the main generative models to generate synthetic data in this thesis because of
high-quality feature-rich generation capabilities. In contrast, GANs are harder to train

than VAEs [135].

The basic GAN architecture introduced in 2014 by lan et al. [130] consists of two
DNNs. One is called the generator, and the second one is called the discriminator. The
generator's main task is to generate synthetic data by taking a random noise vector as
input. The noise vector can be sampled from any statistical distribution, such as nor-
mal distribution or Gaussian distribution. Then, the discriminator learns to distinguish
generated data from the real data, used to train the GAN architecture. In the training
process, the generator and the discriminator are leaning together, which results in a Nash
equilibrium [136] problem. If successfully trained, the generator can generate realistic
synthetic data samples, which can fool the discriminator. This process is illustrated in
Figure 2.3. The objective function (loss function) used in this vanilla GAN architecture is
presented in Equation 2.1. However, not every GAN architecture uses the same objective
function to optimize the training process. The most common loss functions are summa-
rized in a large study about GAN architectures done by Lucic et al. [137]. Using the most
appropriate loss function to generate realistic synthetic data with a stable training process
or investigating novel loss functions for a GAN is another important factor in generating
realistic synthetic data. Therefore, studying and having comprehensive knowledge about
GANs and the corresponding loss functions is essential before developing GANs to gen-
erate synthetic data. Otherwise, synthetic data generated from GANs will not cover the

real distribution of the training data [138], or the mode collapse behavior [139] of GANs
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Figure 2.3: A simple representation of the vanila GAN architecture.

may cause.

mingmaxpV(D; G) = Ex p,0[l0gD(X)] + E; p,»[log(l  D(G(2)))] (2.1)

After the vanilla GAN, it became one of the trending elds in DL, and di erent
GAN versions for di erent purposes were published. A summary of the most popular
GAN architectures is shown in Table 2.4. For producing better quality synthetic medical
data for the DeepSynthBody, the contributors should use the most appropriate GAN
architecture. A literature review or preliminary experiments should be conducted to
determine the best tting GAN architecture for a given problem. Good knowledge about
the state-of-the-art GANs methods is important for nding a better GAN model for
generating synthetic data. In this thesis, novel GANs [70, 75, 67] and modi ed versions of
di erent GAN architectures [72, 73, 74, 76] were researched and developed. More details

about these GANs are presented in Chapter 3.

Not only the designing and implementation of GANs is essential, but also evaluating
them. Evaluation of GANs is an active research area by itself. GAN evaluation is not
well-de ned in terms of how to measure the quality of the generated synthetic data.
Theoretically, GANs should produce synthetic data which looks like real data from the
whole distribution of the real data used to train the GANs. To measure the performance of
GANSs, qualitative and quantitative evaluation metrics were introduced in several research
papers. Table 2.5 shows standard GAN evaluation metrics presented in the paper [150].
In the synthetic data generation process, the evaluation process plays a signi cant role
in nding suitable GANSs to produce synthetic data to replace the real medical data. For

example, evaluation metrics can compare two or more GAN models developed for the
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Table 2.4: A little from the most popular GAN architectures and their main functionali-
ties. More about other GAN architectures can be found in [140, 141, 142]

GAN name Description

Vanila GAN architecture [143]| This is the rst GAN architecture introduced in 2014.
This is capable of generating low resolution images
but they are noisy.

Pix2pix [144] This is a conditional GAN GAN architecture. This
model convert an input image from one domain to
an output image in another domain. The training
process need paired images from two domain which
have one to one mapping.

CycleGAN [145] This paper present a similar mechanism to the
Pix2pix implementation. However, the CycleGAN
does not need paired training data, then the model
can be train using unpaired two datasets from two
di erent domains. Cycle consistency loss was intro-
duced in this study.

StyleGAN, StyleGANvV2 [146] | This GAN architecture is capable of generating re-
alistic high-resolution images and the GAN can be
controlled to change high-end features as well as ne
features. The major drawback of this GAN is, a large
training dataset is required to train the model. How-
ever, recent advancements introduced to data aug-
mentation method [147] with GANs shows that lim-
ited datasets are enough to train new GAN models.
BigGAN [148] This is another GAN architecture which can gener-
ate high-resolution images with high delity. A large
dataset is required to train BigGAN also, but the
quality of generated samples are high.

SinGAN [149] This GAN architecture is trained using a single im-
age and then, synthetic data is generated similar to
the local and global features of training images but
di erent from the training images. As use cases, gen-
erating high-resolution images, image editing , har-
monization and making animations are focused.

same purpose. However, evaluating GAN models developed by di erent developers is
not an easy task until a common reference calculates evaluation metrics. Therefore, in
this thesis, we recommend using qualitative and quantitative criteria to understand the

quality of the generated synthetic data.
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Table 2.5: A few of GAN evaluation metrics. The complete list of these evaluation metrics
and corresponding details with the original references can be found in [150]

GAN evaluation type Metircs

Average Log-likelihood

Quialitative Coverage Metric
Inception Score (IS)
Modi ed Inception Score (m-IS)
Mode Score (MS)
AM Score
Fechet Inception Distance (FID)
Maximum Mean Discrepancy (MMD)
The Wasserstein Critic

Nearest Neighbors
Quantitative Rapid Scene Categorization

Preference Judgment

Mode Drop and Collapse

Network Internals

2.4 Synthetic Data in Medicine

Researchers have experimented with GAN in the medical domain for di erent purposes.

In most cases, GAN models have been used as augmentation techniques to increase the
size of the medical datasets [151, 152, 153]. Some of them have focused on improving
classi cation [151], detection [154, 155], or segmentation [156] performance using synthetic
data generated by GANs. Besides increasing or augmenting data, special types of GANs
can perform medical segmentation tasks [157, 158] and generate super-resolution images
to make a precise medical diagnosis [159]. AsynDGAN [160], introduced by Chang et
al., is another GAN architecture focusing on solving privacy concerns by distributing
discriminator networks among data providers to train a GAN architecture.

To the best of our knowledge, there is no other similar concept proposed like the Deep-
SynthBody concept, which focuses on producing synthetic medical data for the whole
human body to solve the data de ciency problem in the medical domain by addressing,
for example, privacy concerns and overcome costly and time-consuming medical data an-
notation processes. However, few studies developed frameworks to solve privacy concerns
of the medical data. The closest framework similar to DeepSynthBody is Synthfefi 61]

which was developed to generate synthetic electronic health records (EHR). Synthea is

2https://synthetichealth.github.io/synthea/#technology-landing
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also running as an open-source project to get contributions from other researchers. This
framework focus on generating synthetic EHR to free the medical data from legal, privacy,
security, and intellectual property restrictions. Although Synthea focuses its primary
goal on producing privacy restriction-free synthetic EHR, which is one of the primary
goals of DeepSynthBody, signi cant di erences can be found between Synthea and Deep-
SynthBody. For example, DeepSynthBody focuses on building a synthetic human body
model, while Synthea focuses on making synthetic patient records using synthetic EHRSs,
which are text-based medical records. Pre-generated records can be downloaded from the
Synthea websité. The DeepSynthBody concept is not targeting text-based EHR gener-
ations like Synthea. Our main focus is on generating realistic medical data similar to
the medical data collected from medical instruments used to examine patients, such as

biomedical signals and biomedical images.

Moreover, DeepSynthBody provides an advanced well-de ned ow from data collection
to the end of synthetic data generations focusing on much more advanced additional
objectives. These additional objectives provide synthetic data with annotations, de ne
a novel model for the human body, and provide a restriction-free GAN repository for
generating synthetic medical data. Additionally, the DeepSynthBody concept publishes

GAN models instead of pre-generated synthetic data for the end-users.

Anonymization through data synthesis using generative adversarial networks (ADS-
GAN) [162] is another framework to generate synthetic EHR datasets. This framework
provides pre-trained GANs to generate synthetic EHR records. Their generation method
is based on conditional-GAN, which means to generate synthetic data, real data values
should be available. Therefore, they propose to have a trusted intermediate partner to
generate synthetic EHR data from real data records. In comparison, DeepSynthBody
does not need any intermediate partner because of the in-house GAN training capability
introduced in the framework with the corresponding tools. In addition, DeepSynthBody
focuses on diverse, complex medical data types compared to normal EHR data considered
in the ADS-GAN study.

SynSigGAN [163] was developed by Hazra and Byun to generate privacy restriction-
free biomedical signals. However, despite the results in the paper, the GAN is not avail-

able in public to generate synthetic data. Similarly, di erent generative models for dif-

3https://synthea.mitre.org/downloads
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ferent types of medical datasets can be found, such as synthetic embryo images [164]
and COVID-19 X-ray images [165]. The study of synthesis of COVID-19 chest X-rays
shows improvement for ML models used to detect Covid-19 when this synthetic data is
used with real data to train the ML model. They also discuss how GAN is used for
anonymization. The improvement achieved for the performance motivated us to make a
formal framework for synthetic data in the medical domain. DeepSynthBody provides a
framework and infrastructure that can share these anonymized data generators compared

to the above solutions.

2.5 Summary

Medical data is the key to apply Al solutions in medicine. Therefore, there are many
public repositories, which are collecting medical data and share them with researchers.
These medical data have di erent formats. However, the sizes of the datasets are not
enough to train a generalizable and well-performing ML model. The sizes of datasets are
limited in the medical domain due to, for example, privacy restrictions and the costly and
time-consuming data annotation process. These data de ciency problem motivated us
to nd a solution to tackle the problems. Identifying the correct organ system, the data
source, and the medical data formats are essential for developing ML models for CAD

systems, such as deep generative models used in our DeepSynthBody concept.

Applying ML techniques and nding suitable models to get better predictions are
the main tasks for developing Al-based CAD systems for medical scenarios. The main
ML methods include regression, classi cation, detection, and segmentation. Di erent ML
methods have implicit evaluation techniques, and following them strictly to evaluate ML
models is required to nd accurate and generalizable Al solutions. Producing ML solu-
tions for baseline experiments or benchmark analyses can give a rst idea about a medical
dataset and the quality of dataset's content. Additionally, baseline experiments are nec-
essary for analyzing the quality of synthetic data, which will be be used as alternatives.

To generate synthetic data, we selected GANs as the core generative model in this
thesis because of the ability of GANs to generate synthetic data with rich features. How-
ever, training GANs is more challenging than training other generative models. Therefore,

having a good understanding of GAN types and their evaluation methods are important
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factors in implementing good generators that can produce synthetic data for solving the
data de ciency problem associated with developing ML models for medical CAD systems.
Our proposed DeepSynthBody is a novel concept and a framework addressing the
data de ciency problem identi ed while developing ML models for CAD systems to assist
doctors. In this chapter, existing frameworks were explored with similar directions as
DeepSynthBody. Most of the solutions focus on text-based EHRs. Our solution, namely
DeepSynthBody is designed to generate all the medical data coming through medical in-
struments except text-based medical data. While some solutions need a third-party data
handler to maintain privacy concerns, the DeepSynthBody concept proposes a mecha-
nism to design GANSs in-house of the medical data providers. In the next chapter, the
DeepSynthBody concept and the corresponding framework are introduced with three case

studies.
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DeepSynthBody

In this section, the ow of the DeepSynthBody concept [71], which is the main solution
discussed in this thesis to overcome the data de ciency problem, is introduced. The whole
framework is discussed under four major steps: collecting real data and analysis, devel-
oping generative models, creating DeepSynth data, and explainable DeepSynth Al and
DeepSynth Explainable Al. The rst section is further divided into two, collecting real
data and analyzing real data to discuss the real data collection process and the process of
analyzing them, respectively. Under the second step, namely developing generative mod-
els, three sub-section are discussed. These are designing generative models and evaluation,
publishing deep generative models, and developing a tool called GANEX to perform GAN
experiments. In the third section, creating DeepSynth Data is discussed. At the end
of the chapter, explainable DeepSynth Al and DeepSynth explainable Al is presented,

followed by a summary.

We have developed this framework to tackle the data de ciency problem identi ed
as a major bottleneck to develop Al-based CAD systems in medicine. The main focus
of the DeepSynthBody concept is producing synthetic medical data to overcome barriers
attached with medical data, such as privacy concerns, the costly and time-consuming
medical data annotation process, and the data imbalance problem in the medical domain.
The DeepSynthBody concept is not limited to achieve the primary objectives, but it
opens new research directions such as nding a synthetic model to de ne the human
body. Additionally, DeepSynthBody can be considered a modern repository to store
medical data without any privacy concerns. It can be used as a medical data compression

method to store big datasets in limited spaces.
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Figure 3.1: Complete framework of DeepSynthBody. Reference for the gure: [71]

An overview of the DeepSynthBody framework is shown in Figure 3.1. There are four

major steps namely:
I. collecting real data and analysis.
[l. developing generative models.
I1l. producing deep synthetic data.
IV. explainable DeepSynth Al and DeepSynth explainable Al.

The right-side top arrow in Figure 3.1, Restricted accessrepresents the ow having
privacy-related restrictions. The Open accessarrow represents the open access ow of
synthetic data generated to replace real private datasets. These steps are discussed in

detail in the following sections.

3.1 Step I: Collecting Real Data and Analysis

Step | in Figure 3.1 is collecting real data and analysis. In this step, real medical data are
collected and analyzed for the later steps in DeepSynthBody. Real medical data can be
either public or private. If data is private, this Step | should be completed by authorized
data providers. If data is public, anyone who wants to contribute to this framework can
complete this step. The three sub-processes, data classi cation, annotation and labeling,

and analysis, are discussed separately to simplify the process of the step. The two types
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of research contributions can be identi ed in this step. They are publishing open access
medical datasets with baseline experiments and performing benchmark experiments of

medical data.

3.1.1 Collecting Real Data

Medical datasets are the key to initiate the DeepSynthBody framework. Hospital and
medical research institutions are the sources for collecting real medical data. These med-
ical data come from di erent sources, such as ECG machines [166], X-ray machines [167],
endoscopy machines [168], MRI machines [169], and various other advanced types of ma-
chinery collecting human body data. In this thesis, the medical data collection process
was performed continuously to achieve Sub-objective Il, which also contributes to the
data collection process of DeepSynthBody. As a result, seven open datasets were pub-
lished. The datasets collected in this thesis are tabulated in Table 3.1 with additional
two datasets used as case studies. These additional two datasets were not published as
dataset papers of this thesis, but we have used them to have di erent case studies in the
later stages of this thesis.

The rst three datasets presented using bolded text in Table 3.1 were the selected three
datasets. The rst dataset is an ECG dataset, but it is restricted for public use because
of privacy restrictions. HyperKvasir [23] is the largest public Gl-tract dataset consisting
of images and videos collected from real endoscopy examinations. This Gl-tract dataset
consists of polyp images with the corresponding annotations done by experts, unlabelled
images, and a set of images belongs to 23 classes. VISEM [69] (sperm video data) was not
collected as a part of the thesis, but the dataset is considered as one of the case studies.
We have selected this dataset to represent the video data type in our experiments.

The fth and the sixth in Table 3.1 are two other Gl-tract datasets related to Hyper-
Kvasir. These are the Kvasir-Capsule [27] and Kvasir-instruments [29] datasets. Kvasir-
Capsule consists of images and video data collected from capsule endoscopy. This dataset
has 47238 labeled images, 43 labeled videos,694 266 unlabeled images and, 74 un-
labeled videos. By comparing the number of labeled and unlabeled images and videos,
we understand the capabilities of this dataset for supervised and unsupervised machine
learning techniques. However, this dataset does not have any segmented Gl-tract images.

In contrast to this, Kvasir-instruments is a segmentation dataset with manually annotated
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segmentation masks of endoscopic tools. The dataset has 590 images with corresponding
mask images of the segmented tools. Providing fewer images with this dataset indicates
how hard it is to prepare this type of segmentation dataset with the help of medical
experts. So, nding an alternative way to prepare segmentation datasets with medical
datasets is important.

The PMData [25] dataset contains general life-logging data and sport activity data.
Fitbit versa 2 tness smartwatch was used to collect sensory data for this dataset. There-
fore, the participants of this data collection process were encouraged to wear the watch as
much as possible. In addition to this sensor data, all the participants were asked to record
their daily activities and tness levels, such as sleep hours, the mood of the person, etc., in
PMSys sports logging app Furthermore, a Google form was used to collect another set
of data: demographic data, food images including drinking, and weights. While this type
of data collection is not directly connected with any pure medical data, such as collecting
images and signals of the human body using medical instruments, these data are impor-
tant to know the relationship between daily life and health problems. However, collecting
these types of daily activities is challenging, and careful de-identi cation is needed before
publishing data to the public.

PSYKOSE [26] is a motor activity dataset collected from 22 schizophrenia patients
and 32 healthy control persons. All the motor activities were collected for an average
of 127 days using a wrist-worn actigraph device In addition to the motor activity
data, demographic data and the data about medical assessments are given. This kind of
detests is essential for predicting the health states and performance outcome of a person.
However, motor activity data and the corresponding demographic data are susceptible to
privacy. Additionally, collecting health data with multiple sources for the same person
is important because nding correlations among health data and other factors such as
motor activity can lead researchers to discover hidden behaviors of our human body.

HTAD [28] presents a dataset with wrist-accelerometer data and sound data for the
four most common daily activities of human life. These activities are sweeping, brushing
teeth, washing hands, and watching TV. Fining the pattern of these kinds of activities
can lead to nding new research directions such as assistive technology for older people.

Not only as assistive technology, identifying unique patterns of sensor data corresponding

https://forzasys.com/pmsys.html
2 Actiwatch, Cambridge Neurotechnology Ltd, England, model Aw4
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to speci ¢ health conditions such as mental disorders can lead to treat such patients.
However, collecting data about daily routines has a signi cant impact on privacy concerns.
Therefore, these kinds of datasets are scarce, and publishing them needs a careful de-
identi cation process. Otherwise, reaching a way to produce similar synthetic data can
lead to share data without privacy concerns.

Toadstool [24] dataset has sensor data collected through an Empatica E4 wristband
while a set of people are playing Super Mario Bros. In addition to the sensor data, videos
captured during the playtime of the game were included. The data was collected from 10
participants of di erent ages, sex, and di erent experience levels. Toadstool looks like a
non-medical dataset. However, nding correlations between sensor data and game playing
patterns will encourage researchers for new areas like health conditions and game playing.
Monitored heart rate and facial expression captured during the playtime can be used to
nd hidden correlations. While many people can collect this data type, data sharing is not
as straightforward as a lack of privacy-preserving data sharing mechanisms. Therefore,
we made this dataset to perform research to nd suitable data sharing techniques and nd
a way to produce synthetic data alternatives to replace these advanced data collection
processes.

The raw medical data should be classi ed using data classi cation methods introduced
in DeepSynthBody. First, we have to identify the organ systems which we use as a

biological classi cation method.
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Biological Data Classi cation

The second row and the third row of Figure 3.1 represent the data classi cation methods.
First, all medical data are classi ed into 11 categories [85] based on the anatomy of the
human body, as presented in the second row of the gure. Then, all data are classi ed
using data formats as represented in the third row. This biological classi cation was
introduced to sort the data in a biological way to identify data using the organ systems
of the human body. Then, the data format classi cation is applied as a supporting
classi cation layer for developers who contribute to developing GANs to generate synthetic
data.

The biological categories are cardiovascular, digestive, endocrine, integumentary, lym-
phatic, muscular, nervous, urinary, reproductive, respiratory, and skeletal. All the input
medical data from various sources are considered through one of these categories (see the
second column of Table 3.1). For example, ECG data, Gl-tract data, and sperm data can
be classi ed under the cardiovascular, digestive, and reproductive categories, respectively
(the rst three datasets in Table 3.1). If data cannot be considered for only one cate-
gory, then the data can be classi ed under several categories. For example, PMData [25],
PSYKOSE [26], and Toadstool [24] are classi ed as multi-classes according to biological
categories in Table 3.1. It is essential to identify the correct biological class for data

coming from various data sources to nd the nal categories in DeepSynthBody.

Data Dimension Classi cation

In addition to the biological classi cation, the medical data can be further classi ed using
data dimensionality [170, 171]. In this classi cation, all data formats are classi ed into
four classes, 1-D, 2-D, 3-D, and N-dimensional (N-D), for whem¢ > 3. In the Deep-
SynthBody framework, data dimensionality means data dimensions coming through data
sources (medical devices), but not the data dimensions used in data processing techniques.
The third column of Table 3.1 presents this classi cation for our dataset contributions.
Considering the dimensionality of real data is important because the dimensions of the
real data increase the complexity of generative models (GANS) implementing in later sec-
tions (Step Il) to generate synthetic representations for the real data. Additionally, data
dimensionality decides which GAN architectures to use in Step Il: developing generative

models.
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For the 1-D data format, biosignals (biomedical signals) collected from the human
body are considered in this framework. Well-known biosignals are Electroencephalogram
(EEG), Electrocardiogram (ECG), Electromyogram (EMG), Mechanomyogram (MMG),
Electrooculography (EOG), Galvanic skin response (GSR), and Magnetoencephalogram
(MEG). The ECG dataset, PSYKOSE [26] dataset, and HTAD dataset [28] are identi ed

as the datasets with 1-D data format in our dataset contributions in Table 3.1.

On the other hand, medical imaging techniques [172, 173, 174] are commonly used to
visualize human body organs, functions, and states for assisted diagnosis and treatment
suggestions. Radiography, magnetic resonance imaging, nuclear medicine, ultrasound,
elastography, photoacoustic imaging, tomography, functional near-infrared spectroscopy,
and magnetic particle imaging are few examples of medical imaging data. Various tech-
nologies produce di erent types of medical images. In DeepSynthBody, medical imaging
data is considered under three data format categories: 2-D, 3-D, and N-D, based on the
dimensionality of the data obtained. For example, images collected from video cameras
can be considered under the 2-D data type. Similarly, videos can be identi ed as a 3-D
data type when the time (represented as consecutive video frames) is considered as the
third dimension. However, some data sources produce 3-D data in a spatial domain, e.g.,
MRI data. However, this type of 3-D data can be classi ed into 4-D (into N-D because
N > 3) when the source produces a series of 3-D data points along the time. In addition
to 4-D data, some data sources have 5-D data [175], which are considered under the N-D
data category. For example, dynamic MRI data with additional information layers such
as tracking information has a 5-D data format. Under this de nition, all real data sources

are identi ed through 1-D, 2-D, 3-D, or N-D classes.

The data format classi cations for the datasets collected under this thesis are presented
in the third column of Table 3.1. In this table, multiple data format classi cations can
be seen for some datasets when the datasets have dierent types of data. The ECG
dataset, which is not public, has the 1-D data format per channel as they received from
the data source, and one sample has eight channels in total. While the original data
format is 1-D, these ECG samples can be processed as 2-D as well by combining multiple
channels together. However, we consider the data format of the original data source as the
data format classi cation to simply this classi cation. In contrast to this ECG dataset,

HyperKvasir [23], Kvasir-Capsule [27] have two di erent types of data formats. They are
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2-D and 3-D. The images collected from endoscopy or capsule endoscopy are considered
as 2-D data format. The videos collected from the same instruments are classi ed as 3-D.
These data formats are important to process the data in later steps.

For example, designing image generators are easier than designing video generative
models because video generators should consider temporal features compared to consid-
ering spatial features of images in the image generators. VISEM [69] dataset has only
video data as the main data format, while ground truth data is presented using tabular
data. On the other hand, PMData [26] and HTAD [28] data were considered as 1-D data
because the main data format coming from the data collection instruments are signals.
Toadstool dataset [24] has signals and videos, which means 1-D and 3-D data. Data
coming from the Empatica E4 wristband, which was used to collect the players' physi-
ological data streams, is considered 1-D data. The videos recorded from the computer
which was used to play the game are considered as the 3-D data format. However, these
are the format of raw data. In contrast to raw data formats, one can process these data
with a di erent format; for example, video data can be processed as images if temporal
information is unimportant.

The data format classi cation is done for only the development purpose. This format
classi cation is important only for developers to nd proper ML models such as classi-
cation, detection, segmentation, and generative models, which are compatible with the

dataset.

Data Annotation Classi cation

After collecting medical data and classifying them according to DeepSynthBody classi ca-
tion, the data can be further categorized into two categories: (i) data without annotations

(or labels) and (ii) data with annotations. This classi cation is represented in the fourth

row of Figure 3.1. In this step, whether the data was labeled by experts or not is con-
sidered. Generally, most of the data coming from medical systems do not have expert
annotations or labels, which are essential to training supervised ML algorithms. Advanced
deep generative models such as conditional generative models [175] can be developed if
the medical datasets have ground-truth data annotated by medical experts. The con-
ditional generative models take labels (or other kinds of annotations such as pixel-wise

classi cation) as input parameters and produce synthetic data conditioning on the input
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annotations. While one of the primary objectives of DeepSynthBody is to reduce an-
notation cost and time required from experts, conditional GANs should be investigated.
Therefore, producing annotated medical data by experts in this stage can help to train

deep generative models to overcome the problem of medical data annotations.

Annotations or labels of medical data are di erent from dataset to dataset. Gener-
ally, medical datasets have continuous numerical values, discrete numerical values, class
labels, coordinates such as bounding boxes or pixel-wise classi cations (e.g., segmented
mask). Medical experts can use di erent kinds of tools for annotating di erent types of
ground truths. These tools may vary from simple image viewers to advanced Al-aided
image mask generation tools or expensive medical data analysis tools [176, 177, 178].
However, an expert in the medical domain must operate these tools. While some tools
can suggest or predict similar types of annotations, the experts should con rm the nal
annotations, which will be used as ground truth data for ML algorithms. This expert
annotation process needs the medical experts' valuable time, which is costly. Therefore,

the DeepSynthBody framework targets handling this problem also.

As explained above, if experts annotations are available, the annotations can be used
to train advanced generative models such as conditional GANs. Therefore, experts' anno-
tations were collected for most of the data sets tabulated in Table 3.1. The HyperKvasir
dataset [23] consists of image labels and pixels-wise annotations (segmentation masks)
for a part of this big dataset. Providing image labels is easier than providing segmen-
tation masks, which represent pixel-wise annotations. Experts' knowledge was used in
both annotation processes, but the segmentation annotation process took more time as
expected than classifying into the labels. The HyperKvasir dataset consists of unlabeled
data, images and videos also. In this context, this dataset can be classi ed as a dataset

with and without data annotations.

The Kvasir-Capsule dataset [27] has labels for the images and the videos. However, in
the current version of this dataset, there is not data with pixel-wise annotations. However,
classi cation labels assigned by experts are used to prepare the labeled data. In addition to
these labeled images and videos, the rest of the unlabeled images and videos were included
without ground truth data because labeling them all is the costly and time-consuming
task. If an alternative way to prepare labeled or annotated datasets automatically can be

researched, then the expensive and time-consuming medical data annotation process can
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be avoided.

In addition to the above Gl-tract datasets, the Kvasir-instrument [29] dataset consists
of only pixel-wise segmented images, which include instruments used in the colonoscopy
examinations and operations. Therefore, this dataset can be identi ed as a dataset with
annotated data. On the other hand, datasets [24, 25, 26, 28] collected through smart
watch sensors or special wearable sensors can be considered datasets with annotations

because manually identi ed events were reported in these datasets.

Selecting Case Studies

From the datasets presented in Table 3.1, only three dierent medical datasets were
selected for case studies in this thesis, i.e., representing the various data types supported
by our framework. They are an ECG signal dataset, a Gl-tract image dataset, and a
sperm video dataset. The ECG dataset is not published as a dataset paper. Therefore,
this restricted ECG dataset is a perfect example for our Sub-objective IV, which focuses on
generating synthetic data instead of the real dataset. On the other hand, the Gl-tract [23]
dataset is the largest image dataset published under this thesis, and this dataset represents
biomedical images. The third dataset is an open-access video dataset [69]. This sperm
dataset was selected because of the video data format, and the dataset represents another
organ of the human body, while this dataset was not published as a contribution of this

thesis. In this section, we discuss the three case studies with comprehensive details.

The ECG dataset is restricted, and only authorized people can access it. As a
result, a dataset paper cannot be published. This dataset represents the biomedical
signal data format which is considered under cardiovascular class and 1-D data format in
DeepSynthBody. In this dataset, each ECG signal consists of readings from eight channels
called in the cardiovascular context as channels Il, V1, V2, V3, V4, V5, V6 for 10-
sec long duration. The eight readings can be converted to 12-leads ECGs mathematically
by calculating missing leadsll, aVR, aVL, and aVF using the following equations 3.1.

The sample rate is 500 per ECG sample. Then, there are 5000 data points per lead. A
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Figure 3.2: A sample of 12-leads 10-sec real ECG. Figure reference: [41]

sample from this dataset is depicted in Figure 3.2.

aVR= 05 (I+11)
(3.1)
avlL=1 05 Il

avF=1 05 |

These ECG signals have been collected from two populations. One population is
the Danish General Suburban Population Study (GESUS) [179] which consists QB89
samples, and the other one is the Inter99 study [180] (CT00289237, ClinicalTrials.gov)
consists of 6667 samples. In total, there are 1506 ECG samples. All the collected ECGs
were analyzed using a well know ECG analysis system named MUSE [181]. These MUSE
reports are used as ground truth for this ECG dataset, and the reports contain important
characteristics of ECG signals. The important characteristics of a single ECG pulse are
depicted in Figure 3.3. According to the MUSE reports, all the ECGs are classi ed under
four main classes as tabulated in Table 3.2. Other important ECG properties collected

from the MUSE system are discussed in the benchmark paper [41].

The HyperKvasir dataset  [23] consists of labeled images, segmented polyp images,
and unlabelled images and videos. The labeled images consist gf682 images under 23
classes. In the segmented polyp images, there are 1000 polyp images and corresponding
ground truth masks annotated by experts. The unlabelled images have;947 images,

and there are 374 videos with 30 di erent classes. This dataset represents the biomedical
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Figure 3.3: The common ECG characteristics. Reference for the image: [182]

Table 3.2: Dierent classes identi ed using the MUSE system analysis. Bold numbers
represent \Normal" category ECGs which are going to be used as training data for GAN
models used in later stages of DeepSynthBody. Reference for the table: [70]

Category GESUS dataset int99 dataset Total
Normal 3558 3675 7233
Otherwise Normal 2370 1536 3906
Abnormal ECG 2118 905 3023
Borderline ECG 893 526 1419
Total 8939 6642 15581

imaging data format considered under digestive class and 2-D and 3-D data formats in
DeepSynthBody. However, the labeled images, the segmented images, and the unlabelled
images are used as case studies in this thesis, and it means, only 2-D data format is
considered.

The labeled 23 classes and the number of images per class are illustrated in the graph in
Figure 3.4. These images and corresponding class labels were used in baseline experiments
performed for the dataset paper [23]. Then, unlabelled Gl-tract images of the HyperKvasir

dataset, as depicted in Figure 3.5, were used to train a GAN in developing generative
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Figure 3.4: The 23 classes of the HyperKvasir dataset and the number of iamges per
class. The light blue bars represent classes under upper Gl-tract and the dark blue bars
represent lower Gl-tract images. Reference for the plot: [23]

Figure 3.5: Sample images from unlabelled folder from HyperKvasir dataset. Reference
for the image: [23].

models of DeepSynthBody. Polyp images and corresponding masks from the segmentation
data folder are illustrated in Figure 3.6. The polyp data was used to train a GAN model,
which was developed to show the possibility of using GANs as an alternative method
for the costly and time-consuming data annotation process performed by domain experts.
More details about the whole HyperKvasir dataset are presented in our dataset paper [23].
The VISEM dataset introduced by Haugen et al. [69] has 85 sperm videos recorded
from sperm samples collected from di erent participants. The sperm video dataset con-
sists of analysis data reports produced by experts in the domain of sperm analysis. The
sperm dataset is classi ed under the reproductive system, and it covers the 3-D data
format. Example frames extracted from the videos of this dataset are illustrated in Fig-
ure 3.7. Dierent density amounts of sperm counts are shown in this gure from left
to right with low-density to high-density, respectively. The collected analysis reports at-

tached with the sperm dataset give information about the morphology and motility level
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