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GENERALIZED MULTI-VIEW DATA PROLIFERATOR
(GEM-VIP)
FOR BOOSTING CLASSIFICATION

SUMMARY

Multi-view network representation revealed multi-faced alterations of the brain as a
complex interconnected system, particularly in mapping neurological disorders. Such
rich data representation maps the relationship between different brain views which
has the potential of boosting neurological diagnostic tasks. However, multi-view
brain data is scarce and generally is collected in small sizes. Thus, such data type
is broadly overlooked among researchers due to its relatively small size. Despite
the existence of data proliferation techniques as a way to overcome data scarcity,
to the best of our knowledge, multi-view data proliferation from a single sample
has not been fully explored. Here, we propose to bridge this gap by proposing
our GEneralized Multi-VIlew data Proliferator (GEM-VIP), a framework aiming to
proliferate synthetic multi-view brain samples from a single multi-view brain
to boost multi-view brain data classification tasks. For the given Connectional
Brain Template (i.e., represents an approximation of brain graphs that captures the
unique connection shared by a population’s subjects), we set out the proliferate
synthetic multi-view brain graphs using the inverse of multi-variate normal distribution
(MVND). However, one needs two crucial components, which are the mean and the
covariance of a given population. As such, first, our proposed GEM-VIP framework
obtains a population-representative tensor (i.e., drawn from the prior CBT) which can
be mathematically regarded as a mean of the population. Second, drawing inspiration
from the genetic algorithm paradigm our proposed GEM-VIP learns the covariance
matrix of the population using the given CBT. Lastly, it proliferates synthetic samples
using the earlier obtained representative tensor and created covariance matrix of
the population on the MVND equation. We evaluate our GEM-VIP against several
comparison methods. The results show that our framework boosts the multi-view brain
data classification accuracy of AD/ IMCI and eMCI/ normal control (NC) datasets. In
short, our GEM-VIP method boosts the diagnoses of the neurological disorders.
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GENELLESTIRILMIS COK BOYUTLU
VERI URETIMI ILE
SINIFLANDIRMA HASSASLIGININ YUKSELTILMESI

OZET

Demans, diinyada says1 en hizli artan hastaliklardan biridir. Diinya saglik orgiitiiniin
verilerine gore diinya genelinde 50 milyon demans hastasi vardir. Her yil bu sayiya
10 milyon yeni hasta eklenmekte ve 2050 yilina kadar bu sayinin ii¢ katina ¢ikmasi
beklenmektedir. Demans toplumlar i¢in ciddi bir ekonomik kiilfete sebep olmaktadir.
Diinya genelinde, 2030 yilina kadar, yilda 2 trilyon ABD dolarii bulan bakim giderleri
olacagi tahmin edilmektedir.

Neyse ki demans hastalig1, hafif biligsel bozukluk (MCI) olarak adlandirilan ve erken
tedavisi miimkiin olan bir hastaligin ardindan ortaya ¢ikmaktadir. Arastirmalar, hafif
biligsel bozuklugu olan hastalarin, yalnizca yiizde 5 ile 10’unun ilk 10 y1l icerisinde
demansa yakalandigim gostermektedir. Bu sebeple, MCI'nin erken tespiti ve tedavisi,
demansin yukarda belirtilen etkilerinden korunmak icin biiyilk onem tagimaktadir.
Fakat, MCI tiim hastalar i¢in ortak tek bir tedavi yonteminin olmadigi, norolojik
rahatsizliklardan biridir. Yapilan son ¢aligsmalarda, kisiye 6zel tedavi yontemlerinin
genel tedavi yontemlerine kiyasla daha etkili oldugu beyan edilmektedir. Bdylece
tipta, tiim hastalar1 kapsayan tek ve genel bir tedavi ile iyilestirme yaklasimi yerine;
alternatif bir yontem olan kisiye 6zel tedavi yontemleri 6nem kazanmaya baglamugtir.

Bu yontemlerden biri de, Oriintii tanima da insan kapasitesinin ¢ok iizerinde
caligan makine 6grenimi modellerinden faydalanmaktir. Bu baglamda yapilan son
aragtirmalar, c¢ok-goriiniimlii (multi-view) tibbi goriintiileme verileri kullanilarak
gelistirilen makine 6grenme modellerinin, biyobelirte¢ tespitlerinde etkili oldugunu
gostermektedir. Bu bilgiler 1s181inda, hastaya ©6zel tedavi yontemlerini belirleme
islemleri onemli 6l¢ciide kolaylasmaktadir. Ozetle ¢cok-goriiniimlii veriler, igerisinde
yer alan cesitli Oznitelik kiimeleri sayesinde, hastaliklarin teshisinde 6nemli roller
oynamaktadirlar.

Tibbi goriintileme kullanilarak teshisi yapilan bir diger hastalik da Alzaymirdir.
Bu hastaligin beyindeki biyoisaret¢ileri, manyetik rezonans goriintileme (MRI)
yontemiyle elde edilen beyin goriintiileri sayesinde kesfedilmistir. ~ Beyindeki
iki anatomik ilgi bolgesi (ROI) arasindaki iligki, bir beyin konektomu diye
adlandirilmaktadir. Bu ilgi bolgeleri arasindaki iliskiler de yapisal ve islevsel beyin
aglar1 olmak iizere 2 farkli sekilde gruplandirilir. Yapisal beyin aglari difiizyon agirlikl
MRI (dMRI) yontemi kullanilarak; islevsel beyin aglari ise dinlenme-durumu iglevsel
MRI (rsfMRI) yontemiyle olusturulmaktadir.

Ancak, bu tip beyin verileri genel olarak toplamasi zor ve masraflidir. Ayrica hatal
olma ihtimalleri yiiksek oldugundan, sonucunda elde edilen ¢ikarimlarin dogrulugu
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olumsuz etkilenmektedir. Bu sorunu agmak i¢in, son yapilan ¢alismalarda morfolojik
beyin aglarindan (MBN) iiretilen beyin konektomlar: tercih edilmeye baslanmis ve
buradan elde edilen verilerin beyin hastaliklarinin teshisinde onemli bir iyilestirme
yaptig1 gozlemlenmistir. Boylece, morfolojik beyin aglar1t Alzaymir hastaliginin
teshisinde defakto bir yontem olarak kullanilmaya baglanmistir.

Fakat, Alzaymir’in teshisinde kullanilan ¢ok-goriiniimlii bu yeni yontem de (MBN),
veri setinin toplanma asamasinda sorun ¢ikartabilmektedir. Bu sorunlarin basinda
dengesiz veri seti problemi gelmektedir. Bu durum, popiilasyonda yer alan siniflardan
birindeki denek sayisinin digerine gore az olmasidir ve siniflandirma igleminde sorun
olusturmaktadir. Bu sorunun ¢oziimii i¢in cesitli yontemler kullanilmistir. Bunlardan
biri, sayist ¢ok olan simiftaki deneklerin sayisinin azaltilmasi ve az olan ile esit hale
getirilmesidir. Ancak deneklerin ¢ikarilmasindan dolayr veri kaybi olacagindan ve
popiilasyonun genel dagilimi etkileneceginden dolay1 her durumda kullanilmasi uygun
degildir.

Bagka bir calismada ise, fazla olan smifin denek sayisinin azaltilmasi yerine, eksik
olan smiftaki verilerin sentetik olarak artirtlmasi onerilmistir. Temel formu SMOTE
olarak bilinen bu yontem ile, gercek deneklerin en yakin komsular1 arasindaki rastgele
bir noktaya sentetik denek iiretilmesi amag¢lanmistir. Bu sayede, sayis1 az olan siniftaki
denek sayist arttirilarak siniflar arasi1 denge saglanmaya calisilmistir. Bu yontem, uzun
yillar arastirmacilar tarafindan kullanilmasina ragmen; cok boyutlu veriler s6z konusu
oldugunda yetersiz kalmistir. Cok-goriiniimlii verilerde goriiniimler aras1 6zniteliklerin
aynm kapsamda olmamasi, SMOTE kullaniminda giiriiltiilii sentetik veri iiretilmesine
sebep olmaktadir. Giiriiltii veriler lizerine egitilen simiflandiricilarin bagarimi da negatif
etkilenmektedir.

Bu calismalara alternatif olarak, aragtirmamizda farkli goriintimlerin 6znitelikleri
arasindaki iligkilere odaklanilmigtir. Bu iligkilerden, bir destek vektdr makinesi
siiflayicisinin bagarisini arttirmak i¢in kullanilacak etkili bilgiler cikarilabilecegi
varsayillmistir.  Bu kapsamda, bir sinifin tamamim1 tek basina ifade edebilen
baglantili beyin aglar1 (connectional brain networks) kullanilarak sentetik veri
iiretilmesini amaglayan, Genellestirilmis Cok Boyutlu Veri Uretimi (GEM-VIP)
yontemi Onerilmistir. Bu yontem asagida belirtilen iic dnemli adimdan olugmaktadir.

Bu yontem, ¢ok-degiskenli normal dagilimin (MVND) olasilik yogunluk fonksiy-
onunun (PDF) tersi alinarak sentetik veri {iretilmesini amaclamaktadir. Bir
cok-degiskenli normal dagilim, iki veya daha fazla tek-degiskenli normal dagilimin
birlesimidir ve iki énemli parametreye sahiptir. Birincisi, ¢ok-degiskenli normal
dagilimi olusturan her bir tek-de8iskenli normal dagilimin popiilasyon ortalamasinin
(mean) tutuldugu vektordiir. Ikinci parametre ise her bir tek-degiskenli normal
dagilimin varyansinin tutuldugu kovaryans matrisidir. Burada gecen tek-degiskenli
normal dagilimlardan her biri ¢ok-goriiniimlii verinin bir goriiniimiine karsilik
gelmektedir. Ozetlemek gerekirse, ortalama vektorii ve kovaryans matrisi bilinen bir
smiftan (AD veya MCI); yine o siifa ait ¢ok-degiskenli normal dagilimin icerinde yer
alan sentetik veri iiretimi yapilabilmektedir.

Ikinci adimda, cok-degiskenli normal dagilimda kullanilacak olan ortalama vek-
toriiniin elde edilmesi hedeflenmistir. Burada her bir denegin farkli goriiniimlerdeki
oznitelikleri toplanmakta ve denegi ifade eden tek bir tensor olugsmaktadir. netNorm
yontemi kullanilarak da, popiilasyondaki tensorlerin tamamini temsil eden merkezi tek

XX1V



bir tensor iiretilmektedir. Bu tensor, ilgili popiilasyonun matematiksel bir ortalamasi
olarak kabul edilebilmektedir. ~Ozetle, bu yontem verilen bir popiilasyondaki
deneklerin en genel bilgilerini kullanarak, o popiilasyonu tek bir tensor ile ifade eder
ve ortalama (mean) olarak kullanilabilir.

Son adimda, c¢ok-degiskenli normal dagilimda ihtiya¢ duyulan kovaryans matris
parametresinin iiretilmesi hedeflenmigtir. Ancak, tibbi verilerin sinirli olmasindan
dolayr bu islem saglikli yapilamamaktadir.  Ciinkii sinirli veriden elde edilen
kovaryans matrisi, siniflandirma isleminde istenilen bagariy1 saglamamaktadir. Bu
sorunun lstesinden gelmek icin, basit ve etkili bir yontem olan genetik algoritma
yaklagimi ile uygun kovaryans matrisi iiretilmesi Onerilmistir. Bu yontem, baslangicta
rastgele iiretilen veya sinirli sayida denek iizerinden c¢ikartilan kovaryans matrisleri
aday kovaryans matrisler olarak tanimlamaktadir. Bu tanimla matrislerlin her biri
uygunluk fonksiyonuna sokulmakta ve uygunluk puami hesaplanmaktadir. Bu puana
gore siralanan ve en yiiksek puana sahip matrisler sonraki adim i¢in ata kovaryans
matrisler olarak secilmektedir. Secilen bu matrisler kendi aralarinda eslenmekte
ve parametrelerin deger degisimi (crossover) yapilmaktadir. Ayrica bu degisimden
sonra rastgele secilen parametreler, rastgele secilen degerler ile degistirilerekte genetik
cesitlilik saglanmaktadir (mutation). Bu islemler, uygunluk puani sabitlenene kadar
tekrarlanmakta ve sonunda optimum bir kovaryans matris elde edilmektedir.

Boylece, ¢ok-degiskenli normal dagilimdan sentetik veri liretme asamasinda ihtiyag
duyulan ortalama tensorii ve kovaryans matris elde edilmistir. Bu parametreler ve veri
cesitliligini saglayacak rastgele iiretilmis bir vektoriin de yardimiyla ¢ok-degiskenli
normal dagilim denklemi tersten hesaplanarak sentetik veri tiretilmesi saglanmaktadir.

Onerilen yontem ile simiflandirmasi yapilacak popiilasyonlara sentetik veri iiretilmekte
ve veri sayis1 arttirilmaktadir. Sonrasinda iiretilen sentetik ve gercek veriler ile SVM
siiflayicisi egitilmekte ve siniflama sonuglarinda artis saglandigi gozlemlenmektedir.
Ayrica farkli yontemler ile iiretilen veriler ile egitilmis SVM siiflayicilar ile 6nerilen
yontem kiyaslanmugtir.  Farkli verisetleri iizerinde yapilan bu testlerde Onerilen
yontemin basarisinin dier yontemelere gore daha iyi sonug verdigi gozlemlenmistir.

Bu testlerin disinda, genetik algoritma yaklasimi ile kovaryans matris iiretme
kisimlart da degerlendirilmistir. Burada iiretilen kovaryans matrisinin uygunlugu,
yine farkli yontemler ile elde edilen diger kovaryans matrisleri ile kiyaslanmugtir.
Kiyaslama sonunda 6nerilen yontemin daha iyi sonug verdigi gozlemlenmistir. Ayrica,
genetik algoritmanin ¢aligma siiresi boyunca olusturdugu ciktilar incelenmis, zamanla
algoritmanin optimum kovaryans matrise dogru evrildigi hesaplamalar ile tespit
edilmistir.

Bu tez calismasin, Onerilen GEM-VIP yontemi ile sentetik veri iiretilerek
cok-goriiniimlii beyin verilerinin siniflandirma performansinin arttirilmas1 amaglan-
mistir.  Veri liretimi asamasinda cok-degiskenli normal dagilim fonksiyonundan
faydalanilmis ve bu fonksiyonun degiskenleri olan popiilasyon ortalama ve kovaryans
matrisi elde edilemeye calisilmistir. Bu asamada netNorm ve genetik algoritma
kullanilarak ilgili degiskenler iiretilmistir. Bu degigkenler ile sentetik veri iiretilmis
ve siniflandirma performanst artirilmistir. Bu calisma da 2 farkli veri seti kullanilmus,
bu veri setlerinde yer alan simiflar i¢in ayr1i ayr1 bu yontem uygulanip sonuclar
gozlemlenmistir. Gozlemler sonucunda, Onerilen yontemin her iki veri seti i¢inde
siniflandirma performansini pozitif yonte arttirdi1 sonucuna varilmstir.
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1. INTRODUCTION

One of the fastest-growing illnesses within the world is Dementia. According to the
world health organization [2], there are 50 million cases worldwide, 10 million new
cases every year, and these numbers are expected to be tripled by the year 2050.
Dementia is also estimated to have a serious economical impact with caregiving costs
rising up to 2 trillion US dollars per year by 2030 [2]. Fortunately, dementia occurs
following an earlier curable state of brain disorder called mild cognitive impairment
(MCI). As such, studies have shown that only 5-10 % of the MCI patients experience
a conversion to dementia in the first 10 years [3]. Hence, early detection and treatment
of MCI is crucial to avoid the above-mentioned impacts of dementia. However,
MCI is one of many neurological diseases where general therapy for all patients is
unavailable [4]. In fact, recently, more and more studies proclaim that those general
treatments are less and less efficient compared to the personalized treatments [5-8].
Hence, marking the end of the one-size-fits-all era in medicine and the beginning of

the personalized treatments as a more efficient alternative for curing patients.

One way to explore in-depth the potential of personalized treatments is by leveraging
machine learning models which surpasses the human capacity in pattern recognition
[9]. In this context, recent studies suggested that the application of machine learning
models on multi-view medical imaging data can enhance biomarker discoveries,
therefore, leading to major refinements when proposing personalized treatments
[10-12]. Basically, multi-view data includes various sets of features, each capturing a
unique aspect of the data. Modeling the relationship between data views can perform
better performance for classification in areas such as disease diagnosis in medical

imaging [13-18].

1.1 Motivation

In the context of AD diagnosis, several studies have used brain images derived from

magnetic resonance imaging (MRI) [19, 20] to explore AD brain biomakers. The



relation between pairs of anatomical ROIs can be represented by a brain connectome
[20]. dMRI used for deriving structural networks and rsfMRI used for generating
functional brain networks are generally used to measure the relationship between
ROIs. However, this type of brain data is often time-consuming, costly to acquire and
prone to noise [21]. To circumvent this issue, recent landmark studies [17, 18,21-25]
proposed to use of MBNs derived from the traditional T1-weighted MRI and reported
a significant boost in brain disease classification results. Thereby, one can safely claim

MBN:Ss as the new defacto data type for AD diagnosis.

While such multi-view MBNs can be used for AD diagnosis, they might limit
the generalizibility and accuracy of machine learning models where there is
very limited samples to train on. Such problem is commonly solved by data
generation/augmentation methods. For example in [26], in order to increase the
number of samples the authors proposed to use Synthetic Minority Oversampling
Technique (SMOTE). Specifically, SMOTE is based on a straightforward interpolation
at random points laying between the k nearest neighbors of the ground truth samples.
For many years, researchers have been characterizing SMOTE as rather an promising
technique for data augmentation yet having few limitations [27]. For instance, when
dealing with high-dimensional multi-view data it generates noisy synthetic samples
because of predefined distances (e.g., Manhattan, Euclidean) usage. In order to
address this limitation, [28] proposed MV-LEAP, a framework designed specifically to
augment multi-view data given a few samples. However, MV-LEAP proliferates each

brain network view independently thus disregarding the relationship between views.

1.2 Objectives and Scope

In this research, we are interested in the relationship between different views of the
same dataset. We presume that this relationship may encode highly useful information
which can potentially help a given classifier to achieve good generalizability from
limited data. To do so, we adopt a different method and explore whether we can
augment synthetic samples from only one ground-truth multi-view brain network.
In such case, selecting/creating a representative and centered sample becomes very
important. Obviously, generating synthetic samples from a single sample is only

conceivable when we have relevant prior knowledge of the corresponding population



(e.g., AD). So, obtaining the centered and representative single sample that represents
the whole samples of the population is one the key point. To solve this problem,
it is proposed to use the newly developed paradigm of connectional brain template
(CBT) [1,29] which represents the population of multi-view brain networks in a single
connectivity matrix. It can be considered as a single mean sample that represents an
average of the given population. With the help of such a centered and representative
CBT, we propose GEneralized Multi-VIew data Proliferator (GEM-VIP) framework

which aims to proliferate synthetic samples to compensate limited multi-view data

Figure 1.1.
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Figure 1.1 : A concept figure of GEM-VIP. (A) gets the CBT as an input. (B)
creates the connectivity matrix (i.e., population-representative tensor) of
the given population. (C) proliferates the augmented subjects (D) as
output.

The proposed GEM-VIP method comprises three steps detailed as follows: First,
unlike MV-LEAP [28], which proliferates each data view independently, we aim to
model the relationship between views while augmenting the multi-view data. To do
so, our framework relies on generating synthetic samples by using the inverse of the
probability density function of multi-variate normal distribution (MVND) in which
each variate represents a view of the multi-view data, and encodes the relationship

between multi-variates (i.e., multi-views). Precisely, the MVND is a generalization of



two or more uni-variate (i.e., in our case each brain view) normal distributions, and
has two parameters. The first is a vector encoding the mean of each uni-variate (i.e.,
view) normal distribution. The second parameter is the covariance matrix holding
the variance of each uni-variate normal distribution. In other words, we require
mean vector and covariance matrix of a population as a prior (e.g., AD or IMCI) in
order to proliferate synthetic samples falling within in the prior multi-variate normal

distribution of the population.

Second, with the given centered and representative CBT’s of the population, we
obtain a population-representative tensor. Despite being representative (i.e., and
not the actual population-mean), this tensor can be mathematically considered as a
given population’s mean, and can be used as the first parameter of MVND equation.
Precisely, the population representative tensor captures the most frequent cross-view
features across each subjects’ multi-view brain tensor [1]. As such, this tensor

represents the overall most common blue-print for a given neurological disease.

Finally, we need to obtain the covariance matrix of the given population that will
be used in MVND to be able to proliferate synthetic samples. However, this task is
challenging since medical data is often limited, and we only have population CBTs.
As a result, straightforwardly extracting covariance matrix from limited data may not
provide a meaningful matrix to represent the whole population. To overcome this issue,
we propose to use genetic algorithm [30], which is an effective method for resolving an
issue for which there is limited information. Initially, genetic algorithm (GA) creates
random initial candidates covariance matrices, and generates synthetic samples for
each candidate matrices. Then, measures the fitness of each candidate matrices based
on cross-distance between generated samples and the population CBT. After that, GA
selects best ones for following iterations (i.e., generations). It repeats same process till

converges to the optimum candidate covariance matrix.

After obtaining the above-mentioned representative tensor and covariance matrix of
the given populations, a random vector is generated to provide diversity for data
proliferation task. Finally, synthetic samples are proliferated by applying obtained

parameters over MVND.

1.3 Contributions



A set of novel approaches is proposed in this thesis solving the multi-view data
proliferation from a single sample and boosting the multi-view brain data classification

result of the given datasets.

The main contributions of our method can be summarized as follows:

1. We propose to use the inverse of the probability density function of multi-variate

normal distribution for generation of synthetic samples.

2. To the best of our knowledge, this work is the first to solve the problem of

multi-view data proliferation from a single representative template (i.e., CBT).

3. We propose to use a prior CBT to obtain the population-representative tensor which

can be regarded as a mean of population.

4. We propose a novel method that learns a covariance matrix between different views

of a given population using genetic algorithm.

5. Our method is a generic approach that can be applied to augment any multi-view

brain data.

6. With the proposed method, we improve the accuracy results of the classifiers

helping the diagnoses of the neurological disorders.

1.4 Organization of the Thesis

The thesis is structured as follows.

Chapter 1 presents the introduction, motivation, objectives and scopes of the thesis.
Chapter 2 has provided the background of the research. It explains the multi-view
data augmentation , data augmentation problems and their solutions, high dimensional
multi-view data and the genetic algorithm. Chapter 3 explains the details of our
GEM-VIP method which is based on the multi-variate normal distribution equation.
The steps of obtaining the mathematically regarded mean of the given populations
by using population-representative tensor is given in Chapter 4. In Chapter 5,
the genetic algorithm approach that is used to obtain the covariance matrix between
different views of a population is introduced. This is followed by the data proliferation,

and the classification of the samples (i.e., synthetic and ground-truth) in Chapter 6.
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Chapter 7 provides the details of the dataset that are used in the experiments. Also,
the steps of the experiment, evaluation and comparison methods are explained in this
chapter. The insights of the experiments, limitations and the possible suggestions for
future works are mentioned in Chapter 8. Chapter 9 summarizes the outcomes of the
research and draws conclusions from them. Furthermore, the research’s limitations are

discussed, as well as suggestions for future works.



2. LITERATURE SURVEY

In this chapter, we first give an overview of multi-view data augmentation. Next, we
provide an overview for data proliferation techniques called SMOTE and MV-LEAP.
At the end, we explain the genetic algorithm approach that we use to create covariance

matrix of the given populations.

2.1 Multi-view Data Augmentation

Data augmentation is a set of methods for creating synthetic data samples from
ground-truth data to expand the number of samples of a given population. The more
representative and centered the augmented data, the more successful it will be in areas

of application (e.g., classification).

A simple and effective traditional data augmentation technique is making small
changes (e.g., flipping, rotating, cropping) to real samples [31]. Nevertheless, flipping

or rotating a brain network matrix completely changes the order of ROIs.

Another type of data augmentation technique is interpolation-based oversampling
techniques [26, 32-34]. Since they have many variations and are widely-used in
the researches, they may be unable to handle high-dimensional brain networks,
leading to important information loss. Moreover, such techniques fail to generalize
to graph-based data living in a non-Euclidean multi-view space. To circumvent this
issue, [35] proposed a GAN-based approaches to proliferate synthetic samples from a

given single-view dataset called BrainNetGAN.

Unlike BrainNetGAN, which proliferates synthetic samples from a single-view data,
[28] proposed MV-LEAP a framework specifically developed to augment multi-view
data. Besides, MV-LEAP proliferates each data view separately (i.e., ignoring the
relationship between the views). Furthermore, it appears to be less effective when the

aim is to proliferate synthetic samples from only a few ground-truth samples.



Alternatively, [36] proposed one representative-shot learning based on learning from
only one sample. Even though this method achieved good performance on brain
disorder classification, the data is still limited. A large amount of data is required
for statistical analysis and machine learning applications. Since this method has no
data augmentation, it limits the leveraging the proven efficiency of machine learning
applications in brain disorder classification. To address this limitation, we propose
GEM-VIP framework to generate synthetic multi-view samples from a single sample
while preserving the relationship between the views. In the first step, we us a
population-driven CBT as a single representative template (i.e., mean of a population).
Next, we apply genetic approach on randomly generated candidate covariance matrices
using prior given CBTs as a fitness function to converge the optimum covariance matrix
of the population. Lastly, we proliferate synthetic samples using the prior obtained

mean and covariance matrix.

2.2 Imbalanced Datasets, SMOTE and MV-LEAP

Classification is a very crucial method for pattern recognition, especially in disease
diagnostic problems. Many learning methods, like as decision trees and support vector
machines, have been widely developed and used. Although this approaches are very
effective, they may suffer from imbalanced class distribution [37]. The distribution
is described as being unbalanced because certain classes have much more samples
than others. Since uncommon events occur infrequently, collecting samples for some
classes is difficult. In such cases, samples from small classes are misclassified more
frequently than those from more common classes [38]. For example in a diagnosis of
Alzheimer’s disease, the AD case is often rare compared to normal subjects. It is a
crucial problem because the classification goal is to detect the disease not the normal

subjects.

Several approach to enhance a classifier’s performance under the data imbalance
condition have developed. Depending on the strategy used, they can be divided into
three types: those who generate synthetic samples for the minority class, those who
remove samples from the majority class, and those who do both. [39] proposed using
a method called EasyEnsemble. Essentially, this strategy involves removing a certain

number of samples and decreasing the size of the majority class, so balancing the



distribution across all classes. Removing samples, on the other hand, may change the
distribution of samples, resulting in information loss [37]. Another work [26] proposed
using Synthetic Minority Oversampling Technique (SMOTE) to avoid information
losses. As its name implies in order to balance the training set, this method proliferates

synthetic samples that belong to the minority class.

To get an understanding of this framework, consider SMOTE to be a framework based
on simple interpolation at random points located between the k nearest neighbors of the
ground truth samples. SMOTE has been described by academicians for many years as a
particularly exciting approach for oversampling with few constraints [27]. As such, the
machine learning community has seen an overflow of SMOTE variations. To mention
a few, [32] proposed SMOTEBoost a framework that adds a "re-weighting" procedure
to the original SMOTE algorithm. In other words, SMOTEBoost changes the weights
of the misclassified subjects by generating synthetic samples which compensate for the
skewed distribution, instead of updating the weights of the misclassified samples (i.e,
using only boosting procedure). In their paper [33], the authors proposed borderline
SMOTE a technique aiming to over-sample only the minority borderline samples (i.e.,
samples that are close to majority class but labeled as a minority class). In another
paper, [34] proposed CURE-SMOTE as an attempt to generate synthetic examples
by clustering the minority class, removing the noises and outliers, and applying
SMOTE to the remaining samples. Although the above-mentioned methods displayed
a significant boost of the classification results for imbalanced data, these methods still
fail to accurately pick the nearest neighbors. This is because of predefined distances
(e.g., Manhattan, Euclidean) which generates noisy synthetic samples when dealing

with high-dimensional multi-view data.

[28] suggested MV-LEAP, a framework intended particularly to deal with multi-view
data representation given multi-view data. To overcome this limitation, they
propose the View-Specific LEArning-based Proliferator (VS-LEAP), that generates
single-view training samples based on learning the similarities within the minority
class samples [28]. They determine the nearest neighbors using the sample-to-sample
similarity matrix created by multi-kernel ML [40] then generate the synthetic samples
based on specified neighbors. MV-LEAP, on the other hand, generates each data

view independently, ignoring the relation between views. Instead, we are interested



in the relationship between different views of the same dataset in this research. This
relationship, we believe, may carry highly relevant information that might enhance
a Support Vector Machine (SVM) classifier in achieving effective generalization for

limited data.

2.3 Genetic algorithm

Genetic Algorithm is a programming method based on the logic of evolutionary
theory. The Genetic Algorithm is a problem-solving approach that aims to produce
the plausible solution possible [41]. They are the most effective method for resolving
an issue for which there is limited information. Due to the its generality, GA performs
well in any search space. It leverages the concepts of selection and evolution o find
the plausible solution for the given problem. The GA is activated by a collection of
possible solutions to the issue, as well as a measure called a fitness function that allows
each solution to be scored numerically. These candidates might be chosen at random
or could be tried-and-true solutions that the GA is searching for. Then, GA evaluates
each candidate based on their fitness score. Candidates with higher score have a
better chance of being chosen than candidates with lower fitness score. These suitable
candidates are preserved and given the opportunity to reproduce. Then, candidates are
paired and mated. The crossover points can be selected randomly, and the offspring
solutions are generated. In order to provide genetic diversity for next generation, the
mutation part applies a random changes on candidate solutions. These newly created
candidate solutions creates a new pool of candidate solutions. Those candidates which
has worse fitness score are deleted. The one that has better fitness score are picked
and kept for the next generation, and the process repeats itself. Each iteration, it is
expected that the population’s average fitness will improve. A plausible solution to the

problem can be obtained after hundreds of thousands of iterations [30].
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3. MULTI-VARIATE NORMAL DISTRIBUTION AND GEM-VIP

This chapter describes the MVND, and the method that is used to proliferate synthetic
samples for the given populations (e.g., AD, NC, eMCI, IMCI).

3.1 Multi-variate Normal Distribution Equation

A random vector x = {X1,X>,...,X, } is a multivariate normal distribution if any linear
combination of its vectors {Xi,X,...,X,} follows a Gaussian distribution. In other

words,

Xx=a1X)+aXo+...+a,X, (3.1

has a normal distribution for any set of constants ay,as, ..., a,.

Similarly, linear transformation of a set of independent standard normal random vector
can be viewed as multivariate normal distribution. To put it another way, if z is random
vector of standard random variables, then there exists a matrix B and vector u such

that:

X = Bz+ UL (3.2)

if x is multivariate normal, it also has a mean vector | such that:

i = (E(X1),E(Xa), - E(X,)) (3.3)

where E(X) is the expected value (mean) of X. x also has a covariance matrix X such

that:

Zi,j = COV(X,‘,Xj) (3.4)
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where Cov(X;,X;) is the covariance of X; and X;. Moreover, we can define x by p1 and
Y.. Therefore, it is convenient to write:
X~ A (1,X) (3.5)

The probability density function of a multivariate normal distribution x is given by:

exp (~3 (x— 1) 7 (x— )
p(x;p,X) = oE , (3.6)

where exp(x) = e*.

3.2 Generalized Multi-view Data Proliferator (GEM-VIP)

For the given CBT of a population (e.g., AD) and the definition of MVND equation
(3.6) which has three parameters to initialize, we aim to proliferate synthetic samples
belonging to the same multi-variate normal distribution for a given population. A
CBT is a fused form of a population-representative tensor (i.e., mosaic representation)
that extracts the most frequent cross-view feature vectors across subjects. So, for the

XXy - We aim

given CBT there exists a population representative tensor .7 € R
to use this tensor as the mean parameter (U,) of the given MVND. Moreover, since
we have no prior information about covariance matrix (X) of the population, we use
genetic algorithm approach to obtain it as the second parameter of the MVND. Ideally,
a genetic algorithm allows us to reliably solve searching problems [30]. After obtaining
the u, and X parameters of the MVND equation and generating an initial random vector

(x) which are the three required parameter to initiate MVND equation, we proliferate

multi-view synthetic samples for the given population Figure A.1.

Capitalizing on the above-mentioned definitions, we propose GEM-VIP, a framework
aiming to proliferate synthetic samples. To do so, we aim to obtain both the
representative tensor (U,) and covariance matrix (¥) of the target population. First,
we propose to use a population-representative tensor as the population mean. Second,
we use genetic algorithm technique to derive a plausible covariance matrix (¥) for the
population. After collecting the key variables and a randomly generated vector, we

have all the necessary parameters of (3.6) to be able to proliferate synthetic samples.

12



4. USING POPULATION-REPRESENTATIVE TENSOR AS THE MEAN (u,)
OF A POPULATION

In this section, given a CBT of a population (e.g., AD, NC, eMCI or IMCI), we aim
to obtain the u, of the population distribution. Figure 4.1 illustrates the key steps for

obtaining the u, of the population.

SO D ED ED ED ED ED ED G D D D - - D D D D D D ED GD - GD GD GD D GD Eb ED G G GD GD G) GD Gb Gb G G > G e

Morphological Cortical regions  Multi-view brain tensor All subjects’ feature,-,,-
attributes j distribution

Maximum principal
curvature

Cortical
sulcation

View n,-1 L .
View n, .

T ‘

Subject

Cortical
thickness

- e e e o o e or o a» o o o o o

Multivariate |
distributions |
of
feature, ;

distributions
M=

Figure 4.1 : The key step of obtaining the representative tensor (t,) of the population
is described. We obtain the p, which extracts the most frequent
cross-view feature vector within each subjects’ multi-view brain tensor,
and can be used as a mathematically regarded representative mean of
population.

We denote by V;; vector, the connectivity between an ROl i and ROI j across the views
(i.e., feature), and each subject s has its own feature V*®;;. The proliferator requires the
representative Ujj vector of each feature V;; in the population distribution in order to

generate the synthetic samples.

As such, we propose to use the given population-representative tensor .7 [1] that
extracts the most frequent cross-view feature vectors within the subjects in a selective
manner as the mean of population. In [1], for each subject s, a multi-view tensor,
where each view represents a distinct brain attribute, has been associated. Using the

Euclidean distance across all feature vector of subjects, the vector that satisfies the
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minimum mean distance to all other subjects’ feature vector has been picked as a
population-specific feature vector (i.e., representative vector mathematically regarded
as mean) . Hence, [1] builds a tensor that holds all the population-specific feature

vectors 7.

4.1 Morphological Brain Networks

A single-view MBN is defined as a graph where nodes representing ROIs and edges
representing the similarity between the ROIs by using cortical attributes such as

maximum curvature, sulcal depth Figure 4.2.
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Figure 4.2 : MBN construction for a representative subject utilizing different views of
the cortical surface [1].

Where n, represents the total ROI numbers, each network is represented by a matrix X
in R Next, by calculating the absolute difference between each ROIs i and j, we
specify each element of X(i, j), and generate a connectivity matrix that represents the
similarity between different ROIs for the related cortical attribute (i.e., sulcal depth,
cortical thickness, maximum principal curvature, average curvature). Also, applying

the same method on different cortical attributes, we proliferate views of multiple
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network for each subject. For a given population where each subject s is expressed
with n, MBNs, Xﬁ represents the k™" network view (i.e., connectivity matrix). Then,
it can be denoted that each subject s as a tensor .7° € R*"** by combining each
views. After that, for each ROI pairs i and j, we can construct a cross-view feature

vector V; ; where 1 < i, j < n,. This yields:

Vi) = 750, j,k) ,V1<k<n, ,V1<ij<n, 4.1)

\H ; and Vf; represent the cross-feature vector of subjects s and s’. For ROIs i and j,

the Euclidean distance among subject s and s’ is computed as follows:

ny

, 2
dj= Y (ng (k) — V¥ (k)) 4.2)
k=1

By the help of equation (4.2), we can calculate the overall distance from feature vector

\H i for subject s to whole individuals in the population. So, it is convenient to write:

)= £/ 3 (0 -V @) @3)

Then, the subject-specific feature vector, having the smallest distance to other subjects
min(D;;(s)) where 1 < s < n, can be seen as the most representative and centered
cross-view feature vector across the population. The vector can be used as a
mathematically regarded mean(p) vector of the population for given ROIs i and ;.
Applying equation (4.3) on the given connectivity matrices of a population, we can
obtain the mean vector (i.e., has smallest distance to other vectors) of each ROIs i and
J» where 1 < i,j < n,. Then, we can create the population-representative tensor .7

holding the mean vectors of each feature in the population Figure 4.3.
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representative tensor extraction from multi-view brain networks [1].
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S. OBTAINING PLAUSIBLE COVARIANCE MATRIX BETWEEN
DIFFERENT VIEWS OF A POPULATION

This section describes the details of the genetic algorithm that is used to generate
covariance matrices of the given populations. To proliferate synthetic samples, for
the given CBTs of a population (e.g., AD, NC, eMCI or IMCI), equation (3.6) needs
the covariance matrix ¥ of the population. In other words, we aim to generate the
covariance value of each feature in the population. However, we only have the
dimension of the covariance matrix. Therefore, due to its efficient multi-variable
searching scheme, we propose to leverage the genetic algorithm (GA) approach [30]

to build the optimal covariance matrix X.

5.1 Genetic Algorithm

In genetic approach Figure 5.1, we propose to use, as a fitness function, the cross
distance (5.1) between the CBT and the synthetic samples generated with the help of
the candidate covariance matrix (i.e., randomly generated initial matrix to trigger GA).
We use this distance to evaluate the suitability of the current candidate covariance
matrix where we iterate our GA until it reaches the optimum candidate covariance
matrix. In the next paragraph, we will detail each step of the GA that allows us to

obtain the desired covariance matrix.

5.1.1 Creation of initial population

The process of genetic algorithm starts with a set of subjects in a population, in our
case candidate covariance matrices are the subjects of the population. These candidate
matrices are generated randomly to initiate the genetic algorithm.

5.1.2 Fitness function

The fitness function determines the how fit a candidate matrix. A fitness score is

calculated for each candidate matrix in the population. We propose to use, as a fitness
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Figure 5.1 : Overview of genetic algorithm that is used to proliferate covariance
matrix.

function, the cross distance (5.1) between the ground truth samples and the synthetic
samples generated with the help of the candidate covariance matrix (i.e., randomly
generated initial matrix to trigger GA). We use this distance to evaluate the suitability
of the current candidate covariance matrix where we iterate our GA until it reaches the

optimum candidate covariance matrix.

dF(A,B):\/ZiZj|aij—bij}2 (5-1)

5.1.3 Selection of best candidate matrices

Selection part is used to select the fittest candidate covariance matrix for the next
step of the genetic algorithms. Based on the fitness score of the candidate covariance

matrix, we select n. of them as parent covariance matrix for the next steps.

5.1.4 Crossovering the candidate matrices
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This part is one of the most significant step of the genetic algorithm. It provides genetic
diversity in the population Figure 5.2. The parent covariance matrices are paired,
and mated. The crossover points are randomly selected, and children matrices are

generated by exchanging the values of the selected points.

parent-1 child-1

| crossover

parent-2 child-2

Figure 5.2 : Overview of parent matrices’ crossover.

5.1.5 Children matrices mutation

This step is used to prevent premature convergence to local optima and provide
genetic diversity in the population Figure 5.3. Randomly selected points of the
cross-overed children matrices are changed by a random value that is between the

range' of covariance matrix.

5.1.6 Converging the nearest positive semi-definite covariance matrix

The equation (3.6) that will generate the synthetic samples for the given multivariate
normal distribution needs covariance matrix of the population (i.e., output of genetic
algorithm). However, the covariance matrix must be positive symmetric semi-definite
matrix [42]. In order to project the generated matrices to their nearest positive

symmetric semi-definite matrix, we applied [43]’s method. This method both

I' A random value between the minimum and maximum value within the covariance matrix.
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Figure 5.3 : Overview of covariance matrix mutation.

computes the nearest positive semi-definite matrix and provides a genetic diversity

for the children matrices.

5.2 End-to-end Covariance Matrix Generation

To generate a plausible covariance matrix for the given population (e.g., AD), we use
equation (5.1) as a fitness function to evaluate the suitability of the newly generated

children matrices. The genetic algorithm’s steps are as follows:

1. Generate initial matrices to trigger GA. The initial matrices can be generated by

randomly or can be extracted from the given population (e.g., AD).

2. Selecting the promising parent matrices. By using the initial covariance matrices
and the earlier obtained u, on the equation (3.6), synthetic samples are generated
for corresponding covariance matrices (i.e., initial matrices). Then, the covariance
matrices can be sorted by comparing the cross-distance between synthetic and
ground-truth samples (i.e., from each view of the each synthetic samples to the

each view of the each ground-truth samples). The best covariance matrices (i.e.,
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that generates the synthetic samples closest to ground-truth samples) are selected

as parent matrices for the next steps of GA.

3. Crossovering the parent matrices to generate children matrices. All subjects (i.e.,
parent covariance matrices) in the population are paired with each other. The
elements paired-parent covariance matrices are swapped with each other to produce
new generation children matrices. This operation is applied to each paired parents

Figure 5.2.

4. Applying genetic mutation to children matrices. Genetic mutation is essential
for maintaining genetic diversity. The diversity is provided by either randomly
increasing or decreasing the values of randomly selected elements in children

covariance matrices Figure 5.3.

5. Converging the nearest positive semi-definite covariance matrix. The children
covariance matrices must be positive symmetric semi-definite to be applied on
equation (3.6). However, the positive symmetric semi-definiteness of the children
matrices is broken when applying the crossover and mutation. The [43]’s method
projects the children matrices to their nearest positive symmetric semi-definite
matrices. This conversion promotes genetic variety while also satisfying the

equation’s (3.6) criterion.

6. Preparing the matrices for the next GA iteration. At this point, the population
contains both parent and newly produced children matrices which are assigned as
initial matrices for the genetic algorithm’s next iteration. The genetic algorithm
repeats the procedure until the optimum covariance matrix with the smallest

cross-distance’to ground-truth samples is found.

2 When the same distance repeats itself 10 times in a row.
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6. PROPOSED GEM-VIP DATA PROLIFERATION AND CLASSIFICATION

In this chapter, the data proliferation phase of the proposed GEM-VIP method, and
the classifier model that is trained on the ground-truth and synthetic samples (i.e.,

generated by GEM-VIP) are introduced.

Let u, be a mathematically regarded mean (i.e., earlier obtained
population-representative tensor) of the given population, X be a covariance
matrix that is generated by genetic algorithm for the corresponding population, and
let x be a randomly generated vector. Figure A.1 — E shows the samples’ generation
using the multivariate normal distribution equation (3.6) which takes as input the
earlier obtained U, its corresponding covariance matrix (X) and a random vector (X)

€ R"™™ where n, is number of views.

Applying GEM-VIP method on the given populations (e.g., AD/IMCI) individually,
we generate synthetic samples for each population. The classifier model is trained
both the ground-truth subjects and synthetic samples to evaluate the effect of generated
samples on classification accuracy. Then, we flatten and concatenate all samples’
features (i.e., connectivity matrices) into a single vector for classification. However,
due to its size, the obtained vector may suffer from the curse of dimensionality. Hence,
we propose to reduce the dimensionality for each sample i vector x;. To accomplish
so, we propose leveraging the widely used Principal Component Analysis (PCA) to
extract essential features in order to ensure a straightforward reproducibility of our
method [44]. Finally, we classify the reduced 2-dimensional PCA vector xip (i.e.,
the output of the PCA function) using a simple yet efficient linear SVM classifier to
distinguish the subjects (e.g., AD/IMCI or eMCI/NC).
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7. EXPERIMENTS AND RESULTS

The methods for evaluating the proposed GEM-VIP model, as well as the dataset used
in the research, are described in this chapter. It also includes the results of the methods’

evaluation.

7.1 Datasets

We evaluated GEM-VIP on two different datasets as detailed in Table 7.1. For each
subject, the cortical hemispheres are reconstructed from structural T1-w MRI by using
FreeSurfer analysis suite [45]. As described in [46], the latter procedure includes
motion correction, skull stripping, topology correction, averaging of two T1-w images,
intensity normalization and segmentation of subcortical white matter (WM) and gray
matter (GM) volumetric structures to identify GM/WM and GM/cerebrospinal fluid
boundaries. Then, using Desikan-Killiany atlas [47] each cortical hemisphere is
divided into 35 cortical regions. We select four cortical attributes which are: maximum
principal curvature, cortical thickness, sulcal depth and average curvature. Each
subject’s T1-w MRI is obtained using a Siemens head-only 3T scanner (Allegra,
Siemens Medical System, Erlangen, Germany) with a circularly polarized head coil,
by using a turbo spin-echo (TSE) sequences: TR = 7380 nos TE = 119 mss with a Flip
Angle = 150°, and resolution = 1.25 X 1.25 X 1.95mm3 [48], 70 transverse slices were
acquired. We used T1-weighted images acquired from a 1.2mm isotropic resolution.
With a correlation range of 0.75 for the estimated cortical thickness of the right medial
prefrontal cortex to 0.99 for the estimated intracranial volume, test-retest reliability

was determined [49].

Table 7.1 : AD/IMCI and eMCI/NC data distribution.

Dataset 1 Dataset 2
AD IMCI | eMCI NC
Subject Number 41 36 18 41
Mean Age 75.27 72.54 70.4 74.1
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For each cortical attribute of each dataset, the intensity of the connectivity between

two ROIs i and j is calculated as follows:

Ci = att (7.1)
#{att € R;} attze"R

where #{att € R;} denotes the connectivity number art belonging to ROI i while c(att)
refers the measure of cortical attribute given to vertex v. Each element C,(i, j) in the
cortical attribute ¢ is calculated as the absolute difference value within the average
cortical attribute in ROIs i and j: |¢; — ¢ j| [18,21,22]. Given n, cortical regions in each
hemisphere where the size of each view n, X n,. We note that, as two ROIs i and j

become morphologically similar, their morphological connectivity C.(i, j) tends to 0.

7.1.1 Dataset-1: AD/IMCI

We used T1-weighted brain MRIs of 77 subjects (36 IMCI and 41 AD) from ADNI GO
dataset as the first dataset [50]. We select 21 AD and 21 IMCI subjects as ground-truth
training samples, and 15 AD and 15 IMCI as ground-truth testing samples. We applied
our method only on the left-hemisphere of the AD/IMCI dataset.

7.1.2 Dataset-2: eMCI/NC

Public ADNI GO dataset [51] which has 18 eMCI and 41 NC subjects, is used. We
select 12 eMCI and 12 NC as ground-truth training samples, and 6 eMCI and 6 NC as

ground-truth testing samples. We applied our method on both left and right-hemisphere
of the eMCI/NC dataset.

7.2 Method Parameters

For genetic algorithm parameters, we switch randomly chosen indexes of parent
matrices as a crossover. To provide genetic mutation, we stochastically increase or
decrease the randomly selected matrix element by randomly selected value between
[-1, 1]. For the generation of children matrices, we choose the best first seven
covariance matrices as parent matrices. We paired all of the first seven people to
each other, and each paired-parents produced 2 children. At the end of each iteration,
there are 42 children and 7 parent matrices which are the initial matrices for the next

generation. The stopping condition of the genetic algorithm is determined as finding
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same results (i.e., same covariance matrix as global/minimum optima) 10 times in a

TOW.
The nearest neighbors number is set to 5 for SMOTE.

N ground-truth and 3N synthetic samples are used to train the classifiers. The
AD/IMCI dataset has a N value of 21, while the eMCI/NC dataset has a N value of
12.

7.3 Performance Measure

We conducted 3-fold cross-validation to evaluate the classification model’s perfor-
mance. The proposed method generates synthetic samples by using ground-truth
samples. After that, a linear SVM classifier is trained by ground-truth and synthetic
samples. The SVM model is evaluated by the testing samples. We test the proposed
model by using the accuracy metric. The model’s overall performance is measured by
its accuracy, that is calculated as the number of properly identified samples divided by

the number of whole samples:

Accuracy = IN+TP (7.2)
YT INFTP+FN+FP '

where TP and TN are, respectively, the number of positive and negative samples that
are correctly classified. FP and FN represent the number of positive and negative

samples that are incorrectly classified.

7.4 Experiments

7.4.1 Experiment 1: left-hemisphere of eMCI/NC dataset

We choose 12 eMCI as ground-truth training samples and 6 eMCI as ground-truth
testing samples based on the connectivity matrices of the left hemisphere of the eMCI

population.

First, we derive the eMCI population’s mathematically regarded population
representative mean U, tensor. Then, at random, we create 49 covariance matrices
and extract the eMCI population’s original covariance matrix (i.e., in total 50 initial

covariance matrices).
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We generate 36 synthetic samples for each initial covariance matrix using previously
obtained mu, on equation (3.6). The fitness function (5.1) calculates the cross-distance
between synthetic and ground-truth samples, and finds the fitness score of each initial
covariance matrices. The fitness scores of the initial covariance matrices are then
sorted, and the best seven are chosen as parent covariance matrices. All seven parents
are paired with one another, yielding a total of 21 pairs. The crossover and mutation
processes are used, and two children matrices are generated for each couple (details are
discussed in chapter five). The positive symmetric semi-definiteness must be met by a
total of 42 newly produced children covariance matrices. To do so, we compute each
children matrix’s nearest positive symmetric semi-definite matrices (i.e., chapter-five
details computation). Finally, there are 42 children and 7 parent matrices that will be
used in the next iteration of the genetic algorithm. We repeat the genetic process until

the best 7 matrices do not change for 10 consecutive iterations.

After genetic process, the obtained (1, tensor, X matrix and a random vector are used to
proliferate 36 (i.e., 3 times the ground-truth samples) synthetic samples for the eMCI
population. The processes outlined above are followed exactly for the left-hemisphere
of the NC dataset, and 36 synthetic samples are proliferated for it. At the end of
the process, the number of samples increases to 48 for each of the eMCI and NC

populations.

We train the classifier with extended data to see how created samples affect
classification accuracy. For classification, we first flatten and concatenate all samples’
features (i.e., connectivity matrices) into a single vector. However, because of its
length, the obtained vector may be subject to the curse of dimensionality. As a result,
the dimensionality of each sample i vector x; should be reduced. To accomplish so, we
used PCA to extract essential features. Next, we use a simple yet efficient linear SVM
classifier to differentiate the subjects (i.e., eMCI/NC) from the reduced 2-dimensional
PCA vector X?. Finally, we utilize baseline and other approaches to evaluate the

classifier’s accuracy.

7.4.2 Experiment 2: right-hemisphere of eMCI/NC dataset

We chose 12 eMCI and 12 NC as ground-truth training samples and 6 eMCI and

6 NC as ground-truth testing samples for the given connectivity matrices of the
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right-hemisphere of the eMCI/NC dataset. All the operations in the first experiment

are done exactly the same for this data set.

7.4.3 Experiment 3: left-hemisphere of AD/IMCI dataset

For the given connectivity matrices of the right-hemisphere of the AD/IMCI dataset,
we selected 21 AD and 21 IMCI as ground-truth training samples and 15 AD and 15
IMCT as ground-truth testing samples. As in the first experiments, we repeat the same

operations exactly in this one.

7.5 Evaluation and Comparison Methods

We evaluate our GEM-VIP using four different perspectives.

1. We compare the accuracy of the model (i.e., trained on our proposed GEM-VIP’s
synthetic samples) against three different models as detailed in Table 7.2. These

models are also trained with synthetic samples that are generated by other methods

(i.e., SMOTE and MV-LEAP).

Table 7.2 : SVM-classifiers trained on using different synthetic samples of different

proliferators.
Dataset Proliferation Method Featul:e Classifier
Extraction
Ground | Synthetic | SMOTE | MV-LEAP GEM.-VIP PCA SVM

Truth | Samples | chawla2002 | graa2019

Baseline-classifier
SMOTE-inspired
classifier
MV-LEAP-inspired
classifier
(built-in PCA)
Ours

2. We aim to compare the centeredness, representativeness, and dispersion of the
synthetic samples (i.e., proliferated by GEM-VIP) with the ground-truth by using
t-Distributed Stochastic Neighbor Embedding (t-SNE).

3. We examine the evolution of candidate covariance matrices for each iteration of the
GA by calculating the cross-distance between ground-truth and synthetic samples
(i.e., generated by GEM-VIP) to show how candidates matrices converge to a

reasonable covariance matrix.
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4. We aim to evaluate the covariance matrix (i.e., generated by GA) against three

different covariance matrices by comparing the models that are trained on synthetic

samples (i.e., generated by using these covariance matrices) shown in Table 7.3

Table 7.3 : SVM-classifiers trained on using different synthetic samples of different

covariance matrices.

Ground Truth & Synthetic Dataset Feature Classifier
Generated by Covariance matrix Extraction
Random Population | GEM-VIP
Ground . . .
Covariance | Covariance | Covariance PCA SVM
Truth (n)

Baseline-classifier

Matrix (3n)

Matrix (3n)

Matrix (3n)

Random-classifier
Population-classifier
Ours

7.5.1 Comparison with other proliferators

On Figure 7.1, we compared classification models trained on ground-truth and
synthetic samples generated by different proliferators to classify AD/IMCI (i.e., only
left-hemisphere) and eMCI/NC (i.e., both left/right-hemisphere).

1. Baseline-classifier is an SVM classifier trained on using only PCA applied

ground-truth samples

2. SMOTE-inspired-classifier is an SVM classifier trained on using PCA applied

ground-truth and synthetic samples which are generated by SMOTE.

3. MV-LEAP-inspired-classifier is an SVM classifier trained on using both
ground-truth and synthetic samples which are the outputs of MV-LEAP. Note that
the MV-LEAP framework has built-in PCA step.

4. Ours is an SVM classifier trained on using PCA applied ground-truth and synthetic

samples which are proliferated by proposed GEM-VIP.

The classifiers’ overall accuracy is used to evaluate their performance. Ground-truth
samples are divided into training and testing. Table 7.4 shows the final results. When
compared to the above-mentioned methods, classifiers trained on synthetic samples
(i.e., generated using our method) achieved better outcomes in both the left and

right-hemispheres.
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Figure 7.1 : Accuracy comparison of the eMCI/NC and AD/IMCI classification
models trained on using ground-truth and synthetic dataset for both

hemispheres.

Table 7.4 : Accuracy (%) results of baseline, SMOTE-inspired, MV-LEAP-inspired
and our methods. LH: left hemisphere. RH: right hemisphere.

LH eMCI/NC(%) RH eMCI/NC(%) LH AD/IMCI(%)

Baseline-classifier 68.333 66.667 59.800
SMOTE-inspired-classifier 70.000 65.000 59.090
MV-LEAP-inspired-classifier 71.667 68.333 60.974
Ours 73.333 71.667 65.150

7.5.2 Observing centeredness, representativeness, and dispersion over t-SNE
graph

t-SNE is an unsupervised technique used for reducing high-dimensional data [52].
Particularly, t-SNE is a non-linear that has ability to reveal population stratification
[53]. As illustrated in Figure 7.2 (i.e., for synthetic samples with ground-truths), the
synthetic eMCI and NC samples scatter separately in two-dimensional visualization.

Moreover, for both hemispheres, synthetic samples are spread among the ground-truths
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of their respective class. Same distribution-behavior is also observed for the

left-hemisphere of AD/IMCI dataset.

7.5.3 Genetic algorithm evaluation of the covariance matrix

We measure the performance of each candidate covariance matrix iteration to analyze
the GA’s evolution. Each GA iteration generates a set of possible covariance matrices.
The lowest cross-distance between ground-truths and synthetic samples (i.e., generated
by corresponding candidate matrix) is then calculated using equation (5.1), for each
covariance matrix, and the one scoring the smallest cross distance is chosen. We
can compare the computed cross-distances (i.e., between ground-truth and synthetic
samples) to observe the evolution of the covariance matrix in Figure 7.3. The better
the covariance matrix quality, the smaller the cross-distance in both hemispheres of
eMCI/NC and the left hemisphere of AD/IMCI datasets. Following empirical tuning,
we decided to run our GA for 150 iterations. The eMCI/NC dataset’s covariance
matrices converge to a desirable value around the 140th iteration, while AD/IMCI

converges around the 100th iteration.

7.5.4 Comparison of covariance matrices

To test the centeredness and representativeness of the covariance matrix generated by
GA , we use two additional covariance matrices. One of them is produced at random
(i.e., random covariance matrix). The second (i.e., population covariance matrix) is
calculated using the population’s ground-truth samples. The population covariance
matrix, in other words, reflects the ground-truth samples. Table 7.3 shows the details
of the classifiers that are trained with ground-truth and synthetic samples generated

with the aid of these covariance matrices.

1. Baseline-classifier. For n samples drawn from the ground-truth population, we
apply PCA to reduce its feature dimensionality. Then, we train a baseline SVM

classifier.

2. Random-classifier. Here, we train an SVM classifier that is using reduced features
by PCA of n ground-truth and 37z synthetic samples proliferated using a randomly

generated covariance matrix.

32



Feature 2

Feature 2

Feature 2

Figure 7.2 : t-SNE graph shows the dispersion of the synthetic and ground-truth
samples. Graph (a) and (b) shows the t-SNE of left and right hemisphere
of eMCI/NC dataset. Graph (c) shows the t-SNE of the left-hemisphere
of AD/IMCI dataset. Synthetic samples of each class are close to their
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Covariance Matrix Evolution
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Figure 7.3 : Graph of cross-distance between ground-truth and synthetic samples that
are proliferated by GEM-VIP’s covariance matrix which is generated by
each iteration of the genetic algorithm.

3. Population-classifier. An SVM classifier is trained using PCA reduced features of
n ground-truth and 3n synthetic samples proliferated by leveraging the population

covariance matrix (i.e., derived from the population).

4. Ours. We train an SVM classifier on using PCA on n ground-truth and 37z synthetic
samples generated by utilizing the GEM-VIP covariance matrix which is obtained

by applying GEM-VIP’s GA approaches.

Figure 7.4 shows the accuracy of each classifier. Overall, our proposed method’s
covariance matrix yielded not only the best outcome but also outperformed the

ground-truth driven population covariance matrix.
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Accuracy comparisons of the eMCI/NC and AD/IMCI classifiers trained
on four different dataset.  First classifiers are trained on only n
ground-truth samples without any synthetic samples. Second ones
are trained on both n ground-truth and 3n synthetic samples that is
proliferated by using random covariance matrix. Third classifiers
are trained on both n ground-truth and 3n synthetic samples that is
proliferated by using population covariance matrix. Fourth classifiers
are trained on both n ground-truth and 3n synthetic samples that is
proliferated by proposed GEM-VIP covariance matrix. Although the
synthetic samples that is generated by population covariance matrix have
high accuracy than baseline model, proposed method achieved the highest
accuracy. On the other hand, the synthetic samples that are generated by
random covariance matrix decrease the accuracy of the classifiers.
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8. INSIGHTS, LIMITATIONS AND FUTURE WORKS

We focused on insights, limitations, and future work in this chapter. To begin, we
discussed the insights of our study. Then, we laid out the limitations and possible

solutions to these limitations as future works.

8.1 Insights

In four distinct perspectives, we showed the GEM-VIP method’s insights. To evaluate
the influence of our GEM-VIP method on classification accuracy, we first analyzed our
classifier that was trained using GEM-VIP’s synthetic samples with other classifiers.
Second, we demonstrated how the genetic algorithm evolved while converging on
a reasonable covariance matrix. Third, we used the t-SNE distribution to show the
dispersion of synthetic samples. Finally, we compared our covariance matrix by other
covariance matrices using classifiers (i.e., that are trained on synthetic samples that are

generated by these covariance matrices).

8.1.1 Insights into baseline method and data proliferators

As shown in Table 7.4, SMOTE-inspired classifier improved the accuracy for LH of
eMCI/NC dataset. However, it decreased the accuracy for RH of eMCI/NC and LH of
AD/IMCI dataset. This result can be explained by the fact that SMOTE uses predefined
distances (e.g., Euclidean Distance), to find the nearest neighbour samples to generate
synthetic sample. Therefore, it can cause noisy synthetic samples harming the overall
classification accuracy. MV-LEAP-inspired classifier increases the accuracy for all
datasets. This observation can be justified by the fact that, unlike SMOTE, MV-LEAP
uses similarity matrix, generated by multi-kernel manifold learning, to find the nearest
neighbours. However, MV-LEAP proliferates each data view independently and loses
the information between the views. Yet, our proposed GEM-VIP proliferates synthetic
samples using the information amid the views, and achieved the highest accuracy for

all datasets.

37



8.1.2 Insights into genetic algorithm

To find the plausible covariance matrix of the population we use the cross-distance
(i.e., as fitness function) between CBT and synthetic samples that is proliferated by
using the covariance matrix which is generated after each iteration of the genetic
algorithm. After each iteration we proliferate synthetic samples and measures the
distance between the CBT. Considering the result of each iteration of the genetic
algorithm in Table 7.3, the cross-distance is decreasing and GA converges the plausible

covariance matrix.

8.1.3 Insights into dispersion of synthetic samples generated by GEM-VIP

To analyze the centeredness and representativeness of the synthetic samples, we use
t-SNE distribution of the synthetic samples and ground-truths. The results shown in
Figure 7.2 can emphasize that the dispersion of synthetic samples are well-distributed
thanks to the ability to be clustered within their own classes and separated from other

classes.

8.1.4 Insights into classifiers trained by different covariance matrices’ synthetics

samples

From Table 8.1 and Figure 7.4, we can make the following observations. First,
randomly generated covariance matrix contribute to a lower classification accuracy.
Such observation can justified by the fact that synthetics samples may not
representative for their population because the classification accuracy with limited data
has higher accuracy. Second, population covariance matrix increased the accuracy of
each dataset, and it can be explained by the fact that population derived covariance
matrix represents the population and generates well-dispersed synthetic samples. Last,
GEM-VIP covariance matrix achieved the best results for each datasets, because
genetic algorithm converges to an optimal covariance matrix of the population, even it

is better than population derived matrices.

8.2 Limitations and Future Works

Although we have good results, GEM-VIP has a few limitations.
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Table 8.1 : Accuracy (%) results of baseline, random, population and our classifier.
LH: left-hemisphere. RH: right-hemisphere. GT: ground-truth. N: number
of samples.

LH eMCI/NC(%) RH eMCI/NC(%) LH AD/IMCI(%)

Baseline-classifier 68.33 66.67 59.84
Random-classifier 50.00 52.42 50.00
Population-classifier 70.00 67.08 62.12
Ours 73.33 71.67 65.15
—n,
np = (= D)y . )n : (8.1)

1. First, multi-view connectomic data has 35 ROIs (n,) and 595 (ny) features for each
view, and GEM-VIP obtains a representative vector for each features. However, we
obtain only one covariance matrix that represents all features because the execution
time for the genetic algorithm (GA) is computationally expensive. In future works,
we aim to obtain more dedicated covariance matrix for each feature individually. We
assume that a better covariance matrix can contribute to a more centered and

representative synthetic features.

2. Above-mentioned second limitation is the execution time of GA to obtain the
covariance matrix. While executing GA, a high performance (i.e., faster) method
can be developed. Additionally, the most time consuming step (i.e., conversion of a
simple matrix to it’s nearest symmetric positive semi-definite matrix) of the genetic

algorithm would be changed by a faster method.

3. Third, mutation and crossover steps of genetic algorithm would be changed by other

methods to increase genetic diversity for converging better covariance matrix.
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9. CONCLUSIONS

In this research, we proposed GEM-VIP method for boosting classification
performance of multi-view connectomic data by generating synthetic samples for
given classes. It compromises three major steps. First, we propose to use the
population-representative tensor as the mathematically regarded mean (u,) of the
population [1]. Second step, we aim to obtain plausible covariance matrix between
different views of the population. Third step generates synthetic samples by using the
earlier obtained {1, and covariance matrix in first and second steps based on multivariate
normal distribution. Overall, our method boosted the classification result for LH
of AD/IMCI and LH/RH of eMCI/NC datasets by proliferating synthetic samples.
In our future work, we aim to obtain more dedicated covariance matrix for each
features instead of using one covariance matrix for all features. Moreover, we can
generate better covariance matrix by increase the genetic diversity of GA, and increase
the performance by implementing faster conversion of nearest symmetric positive

semi-definite matrix.
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APPENDICES

APPENDIX A.1 : The main figure that describes the each steps of the proposed
GEM-VIP method.
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(A) shows the ground truth subjects of the given populations. (B) describes the key
step of obtaining the representative tensor (i) of the population. We obtain the
W, which captures the most frequent cross-view feature vector across each subjects’
multi-view brain tensor, and can be used as a mathematically regarded representative
mean of population. (C) represents steps of the genetic algorithm which obtains the
covariance matrix of the population. Firstly, it generates random matrices as initial
covariance matrices. Then, sorts the matrices by using the fitness function, and selects
the best matrices as parent matrices. Next, children matrices are generated by applying
mutation and crossover. After that, the nearest positive semi-definite matrices of each
children matrices are calculated. Next, these semi-definite matrices are used as parent
matrices for the next generation (i.e., iteration) of the genetic algorithm. Same steps
repeat until the fitness function converges a plausible value. (D) a random vector is
generated in order to provide diversity for data proliferation. (E) The obtained ,,
covariance matrices, and the random vector are used to proliferate synthetic samples.
(F) Proliferated synthetic samples are added to the ground-truth samples and used as
training samples for an SVM classifier in order to boost the classification performance.
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