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ABSTRACT

SEED-BASED AND DATA-DRIVEN ANALYSES OF
DEFAULT MODE NETWORK CONNECTIVITY
MEASURES IN DEMENTIA

Functional neuroimaging and its applications to neurodegenerative diseases and
mental illnesses have created an enlarging area of interest that varying lines of research
ranging from molecular biology to engineering contribute to. Among them, Alzheimer’s
disease has a critical importance by causing the largest number of dementia cases.
Recently, mild and subjective cognitive impairments have also been associated with
Alzheimer’s as possible indicators of cognitive decline. Using resting-state fMRI to
investigate functional connectivity measures and detect any abnormality within and
between networks have yielded promising results that disclose information about the
nature of the diseases. The objective of this thesis is to use varying resting-state
fMRI methods to differentiate between SCI, MCI and AD patients by investigating the
changes within Default Mode Network (DMN). The obtained results indicate that the
changes within the functional connectivity measures among DMN components can be
detected independent of the method of choice, and the measures of connectivity differ
among groups. Subsequent research would aim for detection of possible bio-markers
that are present through several stages and finding a common framework where metrics

obtained from different methods can be compared.



OZET

DEMANSIN OLAGAN DURUM SEBEKESI UZERINE
ETKISININ TOHUM-TABANLI VE VERI-BAZLI
ANALIZLER KULLANILARAK INCELENMESI

iglevsel beyin goriintiileme metodlart ve bu metodlarin noérodejeneratif ve zi-
hinsel hastaliklarin tanisinda kullanilabilmesi genig bir arasgtirma alani olusturmus,
molekiiler biyolojiden miihendislige kadar genis bir yelpazede yapilan ¢aligmalarin bu
alana katkida bulunabildigi gozlenmistir. Demans hastalarinde en sik goriilmesi ne-
deniyle, Alzheimer’s (AD) noérodejeneratif hastaliklar arasinda 6nemli bir yere sahip-
tir. Son zamanlarda, hafif (MCI) ve 6znel (SCI) biligsel bozukluklar Alzheimer’s
ile karsilagtirilmakta ve bu bozukluklarin Alzheimer’s igin bir 6én tam olarak kul-
lanilabilirligi arastirilmaktadr. Dinlenme halinde cekilen islevsel manyetik rezonans
(MR) goriintiilerinden elde edilen bilgiler ile, dinlenme halindeki aglar ve bu aglar
meydana getiren bolgeler arasindaki kimi bozulmalar, hastaligin nasil ilerledigi iizerine
onemli bulgular saptanabilmesine yardimci olmustur. Bu tezin amaci, gesitli din-
lenme hali iglevsel MR metodlarini kullanarak SCI, MCI ve AD hastalarina ait olagan
durum sebekelerindeki bozulmalar1 ve bu bozulmalarin nasil farkliliklar gosterdigini
gozlemlemektir. Kullanilan metoda bagimli olmaksizin, olagan durum sebekesini
meydana getiren iglevsel baglantilarin bu ii¢ grup arasinda farkhiliklar gosterdigi
gozlenmigtir. Bundan sonra yapilacak aragtirmalarda hedeflenen amag, hastalik seyri
boyunca gegcisleri takip edebilmemizi saglayacak biyolojik gostergelerin saptanmasi ve
kullanilan farkli metodlardan alinan sonuclarin, olusturulacak ortak bir platformda

degerlendirilmesi olacaktir.
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1. INTRODUCTION

1.1. Overview

Brain is a huge and complex network that consists of several sub-networks working
with each other and against each other for any given task. Regardless of its complexity,
its efficiency and dynamic structure make brain an interesting structure of networks
that allows different regions to work together even though they are anatomically sep-
arated. Functional neuroimaging can be defined as an approach to understand brain
activity and corresponding physiological changes that are detected by a set of tech-
niques [6]. There are several methods that are used to understand the patterns of
activity created by temporal correlations of separate brain regions [7]. Each functional
neuroimaging method is characterized by its temporal and spatial resolutions besides

the implementation of the method itself.

Functional magnetic resonance imaging (fMRI) is a functional neuroimaging
method, which can be used for both task-based and task-free analyses. Both ap-
proaches are frequently used depending on the nature of the experiment [5]. The first
task-free or rs-fMRI analysis took place after realization that the brain was not idle
during rest, which was thought to be the case until 1980s. As the measurements in-
dicated, there was an ongoing communication between brain regions and, the energy
consumption during rest was as high as during task related activities [8,9]. The first
resting state fMRI analysis was conducted by Biswal et al., who were able to measure

low frequency fluctuations in sensorimotor cortex [8].

In recent years, many researchers have started using neuroimaging methodolo-
gies for understanding changes in brain connectivity, caused by neurodegenerative and
mental diseases [10]. The motivation behind these works is not only finding a cure for
the diseases such as Alzheimer’s or Parkinson, but also slowing down and monitoring
the disease progress. Among all resting state networks that have been studied through

rs-fMRI, Default Mode Network holds an important place since it has been constantly



marked with functional changes [11]. In the case of Alzheimer’s disease, which is con-
sidered to be the most common form of dementia today [12], functional connectivity
measures among DMN components and the network’s connection to other resting-state

networks show significant differences when compared to healthy controls [13].

The main motivation behind this work is to understand the changes of functional
connectivity measures within the components of Default Mode Network for people
suffering from dementia. The analyses are conducted on three subject groups: sub-
jective cognitive impairment (SCI), mild cognitive impairment (MCI) and Alzheimer’s
disease (AD). SCI patients differ from MCI and AD patients since they suffer from
cognitive complaints that lack neurological reasoning [14]. MCI, on the other hand,
has already been reported in follow-up studies to turn into AD, with annual rate of
10-15% [15,16]. In the subsequent sections, functional neuroimaging as a concept and
functional connectivity analysis as an approach will be presented. The last section will
focus on dementia and previous work that used functional neuroimaging methods to
detect changes within and between functional brain networks for dementia related dis-
eases, with several conditions and varying stages. Other neurodegenerative and mental
diseases that suffer from functional connectivity disruptions, especially in DMN, have
been included as additional references. Chapter 2 will present information about the
fMRI analysis methods that are currently used through providing information about
the processing of fMRI data and method selection processes. Chapter 3 will present
experimental results with accompanying information about the subjects and methods
of selection. Chapter 4 will consist of discussion of the results and conclusion of the

study.

1.2. Functional Magnetic Resonance Imaging

Instead of measuring neuronal activity directly such as through changes in electri-
cal potentials, functional MRI measures neuronal activity indirectly by using metabolic
changes, such as blood oxygenation level, that are generated by the underlying neu-
ronal activity [5]. The so-called neuronal activity that is generated by the change

in MR signal is known as the haemodynamic response (HR). Electroencephalography



(EEG) and magnetoencephalography (MEG) are frequently used methods in addition
to functional magnetic resonance imaging (fMRI) and positron emission tomography
(PET) even though they differ in their temporal and spatial characteristics. EEG is
able to capture the neural activity in a relatively shorter time, about 10-100 msec since
it is an electrophysiological method [6]. On the other hand, because fMRI measures
neural activity indirectly thru haemodynamic changes, it is slower compared to EEG;
however, it gives better spatial resolution. Near infrared spectroscopy or NIRS is a
type of optical imaging method that is similar to fMRI in terms of measurement, i.e. it
uses cortical blood flow for measurement. However, it is not as widely accepted in spite
of its ease of use since its resolution, both spatially and temporally, is not compatible

with the already existing methods [6].

The brain consumes up to 20 percent of the energy generated in total, and in con-
trast to the early assumption that it is idle during rest, it consumes significant amount
of energy even in resting state [9]. The energy used for the brain is generated from the
oxidation of the glucose, which requires constant use of oxygen and glucose [6]. The
process uses increased blood flow as a supply mechanism, which displaces deoxyhe-
moglobin molecules with oxygenated hemoglobin, resulting in an increase in MR signal
locally due to the difference between magnetic characteristics of the oxygenated and
deoxygenated hemoglobin [5]. The level of present deoxygenated hemoglobin within a
voxel is represented by the corresponding BOLD signal. Figure 1.1 gives an overview

of the process and resulting BOLD contrast.

The main assumptions for characterizing the BOLD fMRI response are the area
and the measure of neuronal activity [6]. BOLD fMRI measurements focus on the gray
matter, where the synapses can be observed, rather than the white matter. Secondly,
neuronal activity is not directly measured since the measurements are based on the
output of synaptic activity, which leads to information about the neuronal activity. The
fMRI analysis can be conducted in two ways: task-based or task-free. While task-based
fMRI analyses have been around longer than task-free ones, task-free or resting state
approach has also been adopted by many. The focus of resting-state fMRI experiments

is the low frequency oscillations of time-series, which is approximately between 0.01
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Figure 1.1. Functional MRI (fMRI) uses the change in blood flow to detect areas

with greater activity.

Hz and 0.1 Hz [17]. During rs-fMRI scanning sessions, patients are instructed to relax
and not to think of something particular while their eyes are open. Some studies state
that keeping eyes open or close, or following instructions during rest state might be
indicative of the fluctuations in measurements [18,19]. An fMRI session is composed
of low-resolution images that are taken few seconds apart. Images, which are also
called volumes, compose of voxels, which are three dimensional structures that allow
processing of the data. Each voxel is associated with a time series. Analyzing fMRI
data is based on measuring the activation level of these voxels, which exhibit varying
intensity levels at each time point. Functional connectivity measures are constructed

on the information retrieved from voxel level activations.

1.3. Functional Connectivity

Functional connectivity describes the statistical patterns of neuronal activation
among brain regions that are anatomically separated [7,11]. As an initial step, a func-
tional connectivity analysis consists of finding a set of nodes and, edges that connect
these nodes [20]. Nodes, between which the connectivity measures are calculated, can
be determined through several methods. These methods can be broadly categorized as
model-based or data-driven. Seed-based analysis is an example of model-based methods
whereas independent component analysis (ICA), principal component analysis (PCA),

singular value decomposition (SVD), graph methods and clustering are examples of



data-driven methods. In seed-based analysis, node selection process requires a priori
knowledge, which can be established through use of functional or anatomical mapping.
In contrast, data-driven methods do not depend on a priori knowledge about the regions
of interests. Data-driven analyses consist of finding functional connectivity measures
among regions that are retrieved through processing of data. The next step in the anal-
ysis involves computing the functional connectivity measures among regions, mostly
using time courses associated with each region. Full- and partial correlation, coherence,
regularized inverse covariance and mutual information are some of the methods that
are used to obtain these functional connectivity measures [20]. Learning more about
the functional organization and communication among the brain regions provides new
insights on cognitive processes and human behavior, which would eventually change our
approach on how to analyze the information we have. Disruptions in resting state net-
works, for example, have been studied to understand the nature of neurodegenerative
diseases such as Alzheimer’s disease (AD), schizophrenia, and depression. Increasing
disruptions in functional connectivity, particularly within the Default Mode Network
have been shown for AD patients [21-23]. Among all the resting state networks, Default
Mode Network (DMN) is the most frequently studied resting state network because the
components of DMN exhibit high level of connectivity, both functionally and anatom-
ically [24,25]. The identification of DMN was first established by Raichle et al. on
data acquired using PET, which was followed by works on understanding the nature of
resting state as a whole [26,27]. Subsequent identification of DMN by using fMRI was
achieved by Greicius et al. [28]. Besides DMN, researchers were able to observe and
identify other resting state networks, which are somatomotor, frontoparietal control,

visual, language, dorsal attention and ventral attention networks [10,22].

When conducting a functional connectivity analysis, it is essential to be able to
detect noise sources and include them in the regression analysis prior to investigat-
ing functional connectivity. To eliminate artifacts, which are possibly caused by head
movement or physiological effects generated by respiratory or cardiovascular systems,
one can apply several pre-processing steps to the data of interest. These pre-processing
steps can be applied in many ways with vast amount of processes and order of applica-

tions available even though some specific pipelines are adapted widely, such as the ones
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Figure 1.2. Resting state networks [1].

regarding spatial pre-processing. Besides spatial pre-processing, one can work on the
temporal aspect of data. Other pre-processing methods, which are not yet settled in a
common frame, include regression of global signal or, white matter and cerebrospinal
fluid based regressors [29]. As some of these steps are reported to have no effect on
the connectivity analysis, some are still accepted as essential parts of the analysis as a
whole [30]. The following sections contain more detailed information on the application

of these pre-processing steps and how frequently they are used.

1.4. Dementia

Dementia is a set of symptoms that is associated with memory impairments and
difficulty in thinking clearly. Many people that have dementia suffer from Alzheimer’s
disease (AD) since AD is claimed to cause most of the dementia cases and considered
to be one of the most common and lethal diseases of our times [12]. Currently, there are
not any treatments available to cure the disease. In addition to research on possible
cures, there are on-going research that focus on finding treatment methods to slow
down the progress of the disease by early detection of possible biomarkers [31]. Some
of these biomarkers are aimed to be detected through imaging methodologies and
others involve analysis of neurochemical entities such as amyloid beta peptides, tau

and hyper-phosphorylated tau (p-tau) proteins [32,33].
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Figure 1.3. AD pathological cascade model biomarkers [2].

As neuropathology led information constitute an important aspect of the research
on biomarkers, the neuroimaging methods also have contributed critical insights for the
research purposes. Most dominant characteristics that have been identified through the
use of imaging methods are the change in the volumetric structure and, deformations
in the structural and functional connectivity measures of the brain. In AD, specifically,
apparent deformations within medial temporal, posterior cingulate, precuneus, and lat-
eral temporoparietal areas can be seen in addition to cognitive incapacities [34]. As a
general pattern, the disease first affects a small area in the brain, which later enlarges
as synapses weaken, and as a result the symptoms worsen. In a group ICA analysis,
Damoiseaux et al. reported that in a longitudinal Alzheimer’s study, follow-up results
indicated significantly decreased functional connectivity compared to baseline after
gray matter density correction [15]. In addition to Alzheimer’s, there are several other
illnesses that might benefit from the findings of neuroimaging methods. Neurodegen-
erative diseases such as Parkinson’s disease and amyotrophic lateral sclerosis (ALS) or,
mental diseases such as schizophrenia and depression can be given as examples [35-43]
as discoveries about neurological underlying of some syndromes are continuously dis-
closed, and the use of neuroimaging methods are widely accepted with repeatable and
reliable results [10]. In the case of dementia, the scope of the research interests using

functional connectivity measures widens since it consists of stages and symptoms that



can occur in many diseases under different conditions and severities. Some of research
focus on the area of analyzing normal aging and corresponding cognitive decline by
using fMRI [23,44-46], while others investigate the possible future connectivity dis-
ruptions in subjective cognitive impairment [14,47]. Alzheimer’s disease (AD) and its
progression [48-50] is particularly a prominent area where most of the research is done
in addition to mild cognitive impairment (MCI) [51-54] and its relation to AD [13,55].
Since Alzheimer’s disease does not have a cure yet, it is important to detect and subse-
quently investigate biomarkers that would allow prevention and early detection of the

disease [32,56-63].

Even though there are not assured claims about the certain effects of Alzheimer’s
disease on functional network dysfunctions, there are piling work that showcase de-
crease functionality of networks through some specific regions that are targeted for
people with no sign of AD, but with high amyloid burden [46,62]. Additionally, changes
within the functional connectivity measures of the hippocampus makes it an important
biomarker to AD [61]. Default Mode Network is one of the most analyzed resting state
networks for neurodegenerative diseases due its structural and functional character-
istics that might reflect the strength of functional connectivity measures within [64].
Hence, functional connectivity analysis of Default Mode Network (DMN) has been an
important aspect of research questions that focus on finding an early biomarker for
Alzheimer’s disease [65]. Its investigation spans both the changes within the network
and how its connection to remaining networks differ throughout the progression of
the disease. Besides, the disease progression and its effects on DMN and its compo-
nents lead to important information about the nature of the disease and its possible
implications. The abnormal pattern of activity indicating disruptions in functional con-
nectivity among DMN structures point out decreased connectivity measures in MCI
and AD patients, while some other studies report increased connectivity with some

regions that they frame as abnormal [15,23,53,65-69].



2. FUNCTIONAL MRI ANALYSIS

2.1. Preprocessing

Independent of the choice of methodology, there are several pre-processing steps
that have been applied prior to connectivity analyses. Even though there is not any
specific or universal pipeline for pre-processing the fMRI data, there exists some agree-
ments on the types of available processes in suggestion. These pre-processing steps
can be summarized as, note that the order of the processes is preferential, slice-timing
correction, realignment, co-registration, smoothing, normalization and temporal filter-
ing. Slice-timing correction is applied for adjusting the time differences among slices
of a volume. The data is adjusted generally by taking the first or the middle slice
as the reference slice since each slice is acquired at a different time. Realignment is
applied for motion correction that may be generated by factors such as head motion,
and the process uses rotation and translation values for transformation of the im-
ages. Co-registration is an important step which involves registering functional images
to anatomical images. Smoothing is applied for reducing noise by using a Gaussian
kernel, generally between 4 — 8 mm at half of the maximum value, or FWHM. Nor-
malization is useful and necessary when analyzing group fMRI data. Group fMRI
analysis requires consideration of the fact that size and shape of the brain is different
for each individual, and hence a normalization step is applied to all data to minimalize
these differences by using a common template. Temporal filtering is used to increase
SNR by removing noise sources generated by physiological effects. Generally low-pass
and band-pass filters are preferred while applying temporal filtering. Besides, there
are some additional nuisance regression steps such as use of white matter and cere-
brospinal fluid (CSF) based regressors, or global signal regression, which is debated

over introducing anti-correlations to data [4,10,29,70].
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2.2. Methods

There are various methods that have been largely used to process fMRI data
such as seed-based methods, independent component analysis (ICA), principal com-
ponent analysis (PCA), singular value decomposition (SVD), graph methods, pattern
classifiers and several clustering methods such as hierarchical, k-means and spectral
clustering algorithms. Seed-based methods, which are model-dependent, are the most
commonly used methods due to their straight-forward application and their results’
case of interpretability. In seed methods, a region-of-interest (ROI) is selected and its
time series is correlated with the time series of other regions. The resulting correlation
matrices constitute a functional connectivity map, which displays how functionally
connected is the region that is used as a seed to another region or the rest of the
brain. Working with a region of interest provides an easy way to interpret results;
however, the same advantage turns into a disadvantage while considering whole brain
connectivity since the analysis is constrained by the selected region of interest and its
comparison to the remaining parts of the brain. Hence, seed methods are much more
convenient and informative while examining the measure of functional connectivity of

a specific brain region rather than measuring the connectivity for the whole brain.

There are also data-driven methods such as principal component analysis (PCA),
independent component analysis (ICA), singular value decomposition (SVD) and clus-
tering. The main difference between data-driven, or model-free, and seed methods is
that data-driven methods do not require a priori knowledge. As seed methods focus
on a specific region (region-of-interest) and how this region is functionally linked to
other regions, data-driven methods examine the whole brain without attributing any
importance to a specific region. Independent component analysis (ICA) is probably the
most frequently used method among them due to its repeatable accuracy [11]. Unlike
seed methods, which are not as effective for displaying overlapping networks, ICA can
be applied to whole-brain data. The results from an ICA decomposition can be used
to identify resting state networks that are overlapping. Another advantage of ICA
is its use for removing artifacts that are generated by head motion and, respiratory

and physiological effects such as breathing and cardiac pulsation. Hence, independent
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component analysis proves to be a powerful approach by providing information about
brain regions that are functionally independent even though overlapping of regions is

not restricted [71].

Clustering is another data-driven method that has been applied to fMRI data
successfully. Clustering works by using the similarity of data points; as data points
displaying high level of similarity are clustered together while seeking minimum level of
similarity between data points that belong to different clusters. K-means, hierarchical
and spectral clustering can be given as examples for some of the most commonly used
clustering algorithms. It is interesting to note that regardless of the method of choice,
both seed based and data driven methods, such as ICA or clustering, lead to similar
results [11]. An overview of the pre-processing steps followed by the selected methods

of analysis applied on the functional MRI data is displayed on Figure 2.1.

Spatial Pre-Processing Temporal Pre-Processing
. . Seed-to-Voxel
fMRI =——————————— Pre-processed Data - ROI Time Series .
*  Slice Time Correction *  White matter Ana|yS|S
* Motion Correction « CSF
* Co-registration *  Motion parameters

* Normalization

*  Smoothing
« PCA

* ICASSO

Group ICA Cluster
Analysis

Back-Reconstruction

Cross-Correlation
Analysis

Independent Components

Static FNC Analysis

Figure 2.1. An overview of the pre-processing steps followed by the selected methods

of analysis applied on the functional MRI data.
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2.2.1. Seed-Based Analysis

Seed-based analysis is an approach for analyzing functional connectivity between
specific regions. Also named as region-of-interest (ROI) analysis, one can test the statis-
tical connection between groups of voxels. Seed-based analysis is particularly important
when a specific anatomical brain region is under investigation [5]. It is important to
note that the voxels selected for the ROI analysis are treated as a homogeneous single
unit. ROIs can be selected by using anatomical or functional information. Anatomical
ROIs are selected by either using anatomical images or specific brain regions that are
under investigation. Functional ROI selection process involves use of tasks to activate

voxels in a specific area, which is then used as a region of interest [5].

The advantages of the analysis make seed-based approach a frequently applied
method. The most important advantage of a seed-based approach is the simplicity it
offers in terms of usability and the inference of the results. Since regions are pre-selected
and there is indeed a hypothesis about the connectedness between those regions, one
can interpret the outcome easily. A region-of-interest is taken as a single unit where all
voxels that are part of the region contribute to it in terms of signal quality, resulting in
an increase in signal to noise ratio (SNR) [5]. Another advantage is due to the limited
area of investigation since few ROIs requires fewer number of statistical tests compared

to whole-brain analysis; therefore, controlling for false positives [72].

The biggest disadvantage of seed-based analysis is that it requires pre-assumptions
such that the regions under investigation shall be selected prior to the analysis. Another
disadvantage is that the result of a single ROI-to-ROI analysis contains information
only about the connectedness of these two regions. Evaluating the connectedness on
a whole-brain level would be ineffective and prone to include more false positives. In
comparison, the data-driven methods such as independent component or clustering
analysis do not depend on any assumptions since they do not require any brain region
to be selected for the analysis. As a result, their outcomes can be used for interpreting

the connectedness among the brain regions without any exclusion.
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2.2.2. Independent Component Analysis

Independent Component Analysis (ICA) is a powerful and effective data-driven
method that has been frequently used to analyze functional MRI data. In broad terms,
ICA is a method for solving the blind source separation (BSS) problem [73]. The
cocktail party problem, which is a well-known analogy for the description of the blind
source problem can be given as an example to explain how ICA is used for an fMRI
analysis. The cocktail party problem constitutes two important elements, which are
the source and mixed signals. Source signals are generated by the speakers, where each
speaker contributes to the mixed signal in some amount that is defined by the physical
distance of that source. ICA is used here to separate the source signals from the mixed
signals that they generate. When applied to an fMRI data, its results can be used to
differentiate between functionally connected regions. The analysis can be carried out
either for a single or a group of subjects, and when it is applied to multiple subjects in
a group, it is important to consider that the spatial maps and time courses will differ

depending on the individual, which will require a specific group ICA approach [74,75].

Source 1 *ﬁr’ MiXEd 1 ‘\. / Source 1
Source 2 ——— A MAUX J"— | Mixed2 — I

Source 2

Figure 2.2. ICA is a blind source separation problem.

In order to recover source signals from signal mixtures, characteristics of signal
features such as independence, normality and complexity are used. While applying
ICA, only two of the characteristics are used, which are independence and normality
[71]. The term independence, which is the most essential basis of the ICA analysis, is
used to describe the statistical independency of signals. Since the source signals are
independent, one can use this information to extract source signals from the signal

mixtures since signal mixtures are composed of source signals, hence not independent.



14

The concept of normality is used to describe how gaussian or normal the signal is. As
signal mixtures are less peaky than the source signals they are made of, they can be
differentiated from their source signals by using the information retrieved from their

relative histograms.

Despite the similarities between PCA and ICA, they differ fundamentally as PCA
finds a set of signals that are uncorrelated to each other whereas the signals extracted
by ICA are statistically independent. Due to independence constraint and its ability
to represent the original data in smaller dimensions, PCA is generally used for pre-
processing while working on fMRI data. ICA is easily applicable on the fMRI data if
the number of source signals are equal to the number of mixed signals. On the other
hand, if the number of mixed signals are greater than the number of source signals,

one can apply PCA to data in order reduce the number of recovered signals.

Measured
1TTTTo T signals === ---

m MU\
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()

Independent
Components

Figure 2.3. FMRI signals, here represented as measured signals, are decomposed as

spatial maps and corresponding time courses [3].

When applied to rs-fMRI data, ICA decomposes the measured fMRI signal into

independent components (IC), each of which is composed of a spatial map that discloses
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the distribution of voxel values and a corresponding time course that depicts the infor-
mation about activation. Each component can be an identifier of a different underlying
neural process as well as a source of physiological or respiratory effect. Even though
the analysis of spatial maps is an essential step for investigating functional connectiv-
ity, information retrieved from temporal components through time course analysis of
networks yield to equally important insights [65]. For the purpose of the study, spa-
tial ICA is preferred over temporal ICA for investigating within network connectivity
between DMN components. Essentially, they both use the same algorithm for extract-
ing source signals; however, spatial ICA (sICA) looks for independence among spatial

sources while temporal ICA (tICA) looks for independence among temporal signals.

Independent

Voxels Components

awiy
Pt
]

Temporal Sequence

Figure 2.4. Vector-matrix representation for spatial ICA.

2.2.3. Cluster Analysis

The main advantage of clustering, which is also the main advantage for any
data-driven method, is that it does not require any pre-assumptions about data. Ad-
ditionally, it provides a selection mechanism that ICA lacks since results of an ICA
analysis need to be examined either manually or through automatized processes to
distinguish meaningful results from artifacts or noise [71,76]. Clustering is used to

partition data sets into groups based on their similarity measures. The algorithms can
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be grouped under several headings, such as partitioning, hierarchical and density-based
methods [77]. In general, all clustering algorithms can be defined as an optimization
problem that has an objective function to be met. The aim is to differentiate data
points, or observations, according to their within-group similarities and between-group
dissimilarities. These differentiated data points are put into clusters, where data points
within each of these clusters are the most similar. Conversely, one expects the data
points in different clusters to be the most dissimilar. Hence, for any cluster analysis
method, the main objective is to minimize the within-class inertia, or in other words,

to maximize between-class inertia [78].

K-means is one of the partitioning methods that is based on assigning a group
of objects, or data points, to k clusters based on the within-class and between-class
measures. It is a relatively straight-forward algorithm that has been preferred by many.
One of the biggest disadvantages of K-means is that the number of clusters has to be
determined prior to analysis. Another factor to be taken into account while conducting
such analysis is that both initialization and distance function have a high impact on the
results, and preferred methods for choosing an initial cluster or similarity metric yields
different results. In the case of fMRI data, this process consists of clustering the time
courses of voxels based on their similarities. Clusters can be created by averaging the
time course, either on a ROI level or by using all the time courses that belong to that
cluster [78]. For fMRI data, it is also essential to identify and differentiate between non-
active and active voxels, and compute clustering on the specific area since clustering

results can be spread across whole data regardless of voxel activation level [79].
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3. EXPERIMENTS AND RESULTS

3.1. Subjects and Methods

Functional and structural data were collected from 23 participants subject to
Subjective Cognitive Impairment (10), Mild Cognitive Impairment (8) and Alzheimer’s
Disease (5). Imaging was performed on PHILIPS Achieva 3T X with a maximum 40
mT/m gradient strength and a maximum 200 mT/m/ms slew rate with a 32-channel
head coil. The resting state fMRI were collected with single-shot EPI, using Fast
Field Echo (FFE) technique on MS mode, with TE = 30 ms, TR = 3s, flip angle =
80 degrees, slice thickness = 3.31 mm, matrix size = 64x64, voxel size = 3.31mm x
3.31lmm x 3.31mm, FOV RL = 212 mm, FOV AP = 199 mm, FOV FH = 159 mm.
Total scan duration was 10 min, 3 s in duration (200 volumes). T1-weighted images
were acquired with 3D Fast Field Echo (FFE) pulse sequence with multi shot Turbo
Field Echo (TFE) imaging mode. The parameters were TE = 3.8 ms, TR = 8.3 ms,
flip angle = 8 degrees, SENSE reduction 2 (Foot-Head) and 1 (Anterior-Posterior),
FOV RL = 220 mm, FOV AP = 240 mm, voxel size = 1.0 mm x 1.0 mm x 1.0 mm,
with factor of TFE 230 and the number of TFE shots 126. The spatial preprocessing
pipeline was implemented using SPM12 [80] on Matlab (R2016a). For each participant,
several pre-processing steps were applied to the functional images, which were slice-
time correction, realignment, co-registration to anatomical image, normalization based
on the Montreal Neurological Institute templates (MNI-152) and smoothing with a
6-mm Gaussian kernel. Additionally, the anatomical images were segmented into gray
matter, white matter and cerebrospinal fluid (CSF) maps, the latter two of which were
used for removal of confounding factors besides estimated motion parameters from the

realignment step that were used as covariates.



18

3.2. Analyses and Results
3.2.1. Seed-Based Analysis

The seed-based resting state fMRI analysis was conducted using the CONN tool-
box [81]. All the pre-processed data went under noise regression prior to the analysis.
After applying white matter and CSF regression using aCompCor strategy [82] to the
spatially pre-processed data, the noise reduction step was finalized by applying band-
pass filter (0.008Hz < f < 0.09Hz) on the resulting time series. The seed-to-voxel
analysis was conducted by calculating the Pearson’s correlation coefficients between
the time course of the seed and all other voxels, and applying Fisher’s transformation
to the correlation coefficients prior to group level analysis. To compute ROI time series
from each seed area [4], the following Equation 3.1 was used, where BOLD timeseries
at voxel v, voxels in seed area and time represented as BOLD(v,t), omega and t, re-
spectively. m and n stand for the order of PCA component and temporal derivative,

respectively:

Xnm(t) = > Wy(v BOLD(U t) (3.1)

VEN,

The second level analysis was conducted to investigate functional connectivity
measures such as the correlation or regression coefficients, and compare them among
groups [4,83]. Zero-lagged bivariate correlation coefficients, which presented infor-
mation about the linear relation between BOLD time series of selected regions, were
selected for measuring the functional connectivity between two regions [4]. Bivariate

correlation coefficient defined as [4]:
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where x and y stand for the BOLD time series of the source and target regions, respec-
tively. Prior to group analysis, Fisher’s transformation was applied to the correlation
coefficients for transforming correlation coefficients to normally distributed scores. It

is formulated as:

z' = (0.5)(In(1 +7) —In(1 —r)) (3.3)

DMN is more of a heterogeneous network than homogeneous, composed of two
main sub-networks, namely PCC and MPFC [19,84]. Four DMN regions, namely
Posterior Cingulate Cortex (PCC), Medial Prefrontal Cortex (MPFC), Left Inferior
Lobule (LLP) and Right Inferior Lobule (RLP) with MNI coordinates (0, -56, 28), (0,
54, -8), (-42, -68, 38) and (48, -60, 38) respectively, were chosen as seed regions. The
SCI group versus the AD group, the SCI group versus the MCI group and the MCI
group versus the AD group interactions were tested. The seed-to-voxel connections
were tested for significance on a cluster-extent based threshold for a FWER (Family-
wise Error Rate) correction. In comparison to voxel-level inference, which was used to
detect voxels above some pre-determined threshold, cluster-extent based thresholding
was used for determining a group of voxels forming a cluster, whose statistic values
measured at voxel-level exceed a pre-determined threshold. Before measuring a cluster-
level extent threshold, an arbitrary voxel-level threshold was applied to determine
suprathreshold voxels that form clusters. Then, contiguous voxels were measured to
detect whether any of the voxels in a cluster had not been activated according to
the null hypothesis. Family-wise error rate (FWER) correction was applied to detect

false positives since it gave the probability of at least one false positive under the null
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hypothesis.

Figure 3.1. Four DMN components were selected as seeds for the seed-to-voxel
analysis, which were PCC (Posterior Cingulate Cortex), MPFC (Medial Prefrontal
Cortex), LLP (Left Inferior Parietal Lobe) and RLP (Right Inferior Parietal
Lobule) [4].

Between-group t-tests were conducted to investigate differences between the SCI,
MCI and AD groups. Two-sample t-tests revealed that both patients with AD and
MCT displayed decreased connectivity compared to SCI patients. When AD patients
were compared to SCI patients with PCC selected as a seed region, decreased con-
nectivity in middle frontal gyrus and right superior frontal gyrus (height threshold
p < 0.001; cluster-level FWE-corrected p = 0.043; peak (MNI) coordinates: 24, 46, 2)
and, right middle frontal, right precentral and inferior frontal gyri (height threshold
p < 0.001; cluster-level FWE-corrected p = 0.048; peak (MNI) coordinates: 40, 8,
44; see Table 3.1 and Figure 3.2) were observed. Additionally, AD patients showed
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decreased connectivity in left superior and middle temporal gyrus (height threshold
p < 0.001; cluster-level FWE-corrected p = 0.033; peak (MNI) coordinates: -54, -14,
-2; see Table 3.1 and Figure 3.3) when RLP was selected as a seed region. When MCI
patients were compared to SCI patients, decreased connectivity in right lobule 7, 8 and
right crus 2 of cerebellar hemisphere (height threshold p < 0.001; cluster-level FWE-
corrected p = 0.003; peak (MNI) coordinates: 52, -58, -50; see Table 3.1 and Figure
3.4) were detected when PCC was selected as the seed region, and in inferior frontal
and left middle frontal gyri (height threshold p < 0.001; cluster-level FWE-corrected p
= 0.045; peak (MNI) coordinates: -50, 46, -2; see Table 3.1 and Figure 3.5) when LLP
was selected as a seed region. No significant increase or decrease in functional connec-
tivity measures were detected when MCI patients were compared to AD patients. No
significant increase was detected when AD patients were compared to both MCI and
SCI patients. All results were based on the WFU PickAtlas used in xjView [85], and
all coordinates reported in MNI space. In Table 3.1, only significant results at a 0.001
two-sided FWE-corrected p-values were included, where Group 1 was tested against

Group 2 such that Groupl > Group2.

Table 3.1. Clusters showing differences when Group 1 was compared to Group 2 with

seed regions PCC, MPFC, LLP and RLP.

Groupl | Group2 | Seed | Coordinates (x,y,z) | PrwE—corr | NO. of voxels

SCI AD | PCC 24, 46, 2 0.043 118
SCI AD | PCC 40, 8, 44 0.048 115
SCI AD | RLP 54, -14, -2 0.033 124
SCI MCI | PCC 52, -58, -50 0.003 218

SCI MCI LLP -50, 46, -2 0.045 127
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(b)

Figure 3.2. When AD patients were compared to SCI patients with PCC selected as a

seed region. (a) Axial View. (b) Sagittal View.

D

(b)

Figure 3.3. When AD patients were compared to SCI patients with RLP selected as a
seed region. (a) Axial View. (b) Sagittal View.
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(b)

Figure 3.4. When MCI patients were compared to SCI patients with PCC selected as
a seed region. (a) Axial View. (b) Sagittal View.

(a) (b)

Figure 3.5. When MCI patients were compared to SCI patients with LLP selected as
a seed region. (a) Axial View. (b) Sagittal View.

3.2.2. Independent Component Analysis

As an alternative to seed based analysis, group independent component analy-
sis was conducted to analyze functional connectivity measures for the DMN compo-
nents, for which Group ICA of fMRI Toolbox (GIFT) [86] was used. After spatial pre-

processing, which included realignment, co-registration, normalization and smoothing
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processes, the functional data went under additional pre-processing and data reduction
steps, namely intensity normalization and PCA, respectively. Applying subject specific
principal component analysis reduced the number of principal components to 45. The
second data reduction step was applied on a group level, which reduced the number
of principal components to 30. The Infomax algorithm [87] was run for 10 times in
ICASSO, which was used to test the reliability of the algorithm. At the end of the
ICA analysis, independent components consisting of spatial maps and associated time

courses were generated.

Each independent component is composed of a spatial map and an associated time
course, which are related as X = AS, where X is a TxV matrix, where T represents the
time points and V represents the total number of voxels in the volume. The observed
mixed signals are modeled as the linearly weighted sum of sources, represented by the

MxV matrix S, such as:

N
Xy =Y AuSk (3.4)
k=1

where N is number of fMRI time points. Voxel values for each component are given by
the vector Sy (Sgj, j = 1,2,...,V, V = total number of voxels). The mixing matrix
A gives information about how each component contributes to the observed signal [3].
In order to break signal mixtures into spatial maps and associated time courses, the
inverse of the mixing matrix is used, where the unmixing matrix is W ~ A~!. The
unmixing matrix is used to extract source signals, Y, from the signal mixtures, X, as

Y = WX.

When the optimality for the unmixing signal is reached, the source signals are
reconstructed, Y, which are attenuated or louder version of S [71]. The process re-

quires iterative optimization of W for accomplishing independence among the extracted
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signals, which is achieved by maximizing entropy. Entropy is used as a measure of in-
dependence, and it depends on the uniformity of a set of discrete signals, which are

the extracted signals in our case.

For the group ICA analysis, infomax algorithm was used, which found indepen-
dent extracted spatial sources by maximizing entropy [71,87]. After retrieving group
ICA maps, spatial-temporal regression was applied as a back reconstruction method
for estimating subject specific spatial maps and corresponding time courses. Spatial-
temporal regression used least squares for estimation and it was a two-step approach.
The first step included estimating subject-specific time courses through spatial regres-
sion by using independent components together with the individual data in a linear
model fit. The second part was the temporal regression, which used the time courses

obtained from the first step to estimate subject-specific spatial maps [88].

The group independent component maps were manually inspected and the com-
ponents corresponding to the Default Mode Network were selected visually by the
neuroscience unit at Istanbul University, according to the network patterns described
in literature. Out of 30 components, 12 were identified to be a part of a network, if not
the network itself; the remaining discarded as noise or artifact sources. Among the se-
lected components, five of them were identified as DMN related; component numbers 6
(parahippocampal), 12 (PCC), 13 (DMN posterior), 22 (small part of DMN posterior),
and 29 (DMN anterior). Figures 3.6, 3.7, 3.8, 3.9 and 3.10 display individual DMN
components while all the DMN related components with their relative time courses

displayed at Figure 3.11.



Component 6 Not Sorted

Figure 3.6. Component 6, spatial map and associated time course.

Figure 3.7. Component 12, spatial map and associated time course.
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Component 13 Not Sorted

Figure 3.8. Component 13, spatial map and associated time course.

Component 22 Not Sorted

Figure 3.9. Component 22, spatial map and associated time course.
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Component 29 Not Sorted
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Figure 3.11. A comparison of the DMN related components, with their corresponding

time courses.

Among five components used in the comparison of AD and MCI groups, AD pa-

tients showed significantly increased functional connectivity compared to MCI patients,
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indicated by a significant difference for component 6. Component 6, which was previ-
ously identified as the parahippocampal area, showed greater activation in the areas
parietal lobe and paracentral lobule. When AD patients were tested against the SCI
patients, only one component, component 29, which was previously identified as an-
terior DMN, showed significant difference indicating higher functional connectivity in
SCI group compared to AD patients. AD patients had decreased functional connectiv-
ity in the parahippocampal gyrus. No significant differences in functional connectivity
measures were detected when MCI patients were compared to SCI patients.
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Figure 3.12. T-map for Component 6.

When cross-correlation among all components was analyzed, the highest corre-
lation was observed between Component 6 and Component 12 as expected from the
results of the statistical analyses obtained since they were representative of parahip-
pocampal region and PCC, respectively. Fig 3.17 displays the resulting functional net-
work connectivity correlations among components. The cross-correlation coefficients
between two components were reported as z-scores. Subsequently, a cross-correlation
analysis was applied to the IC time courses to test any changes in the correlation
between time courses of the DMN components, shown in Fig 3.18. After applying
FDR-corrected (p < 0.05) threshold, the correlation between component 6, parahip-

pocampal, and component 13, posterior DMN, remained as the only significant result.



Features (Tmap 012 and Spectra)

T-map 012 (T >= 1)

Dynamic range: 0.024, PowerLFIPowerHF: 35.514

0.02 0.04 0.06 0.08 (] 0.14 0.16
Frequency (Hz)

Figure 3.13. T-map for Component 12.
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Figure 3.14. T-map for Component 13.
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Figure 3.15. T-map for Component 22.
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Figure 3.16. T-map for Component 29.

31



Features (FNC Correlations)

FNC Correlations (Averaged over subjects)

13
Components

32

Figure 3.17. Correlations for functional network connectivity among DMN related

components. Correlations were calculated using spatial maps.
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Figure 3.18. Cross-correlation of time series associated with DMN related

components.

3.2.3. Cluster Analysis
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For the cluster analysis, K-means clustering algorithm is selected as a method of

choice. It works by assigning each data point to one of the clusters, according to a
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distance measure identified by centroids [89]. K represents the number of clusters that
is predefined by the user. The algorithm works in four steps: choosing an initial cluster
center, computing distances from each object to the cluster center, partitioning each
object to a cluster and computing the average within each cluster. The last step yields
the new cluster centroid, which is iteratively used with the preceding steps until all the
objects within a cluster reach the minimum distance possible [90]. Each observation
is subject to the following objective functions that specify measures within-cluster,
Iy, and between-cluster, Igz. The main objective is to minimize within-cluster, or

equivalently, maximize between-cluster functions defined below [78]:
| XK
= N Z Z Z]; Ck (35)
k=1 j€Cy

K
1 .
In=+5 ];_1 |Cr|d*(z;,T) (3.6)

where z; and C, stand for voxel values and cluster centroid, respectively.

The connection measures between DMN components were selected as features for
computing k-means clustering. In order to obtain the connection measures, time-series
were extracted from the predefined ROIs, namely MPFC, PCC, LLP and RLP, and
the zero-lag correlation coefficients were calculated between each pair. The correla-
tion coefficients were normalized, and the obtained connectivity matrix was used for
the analysis. There were two factors of interest, which have high effect on the analy-
sis: cluster initialization and distance measure for minimization. Initially, the cluster
initialization process was conducted by selecting a centroid position randomly while

the second phase included seed selection by using k-means++ algorithm [91]. The
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k-means—++ algorithm chooses the first centroid c; uniformly at random, while the

second centroid, cq, is selected from the data set X at random with probability

d2 (Xm, C1>
> i AP (x5, e1)

where the distance between the centroid and the observations is represented as d(x,,, ¢;).
The next step of the analysis was identifying the effect of distance measures on par-
titioning. Two algorithms were used for this purpose, namely Squared Euclidean and

the L1 distance, defined as:

d..=(z—c)(z—¢) (3.8)
and
Qo= Y105 ¢, 39

respectively. The algorithms were repeated for all the correlation coefficients repre-
sentative of DMN within network connectivity, with number of clusters fixed at three,
to compare results according to the number of groups currently available. Addition-
ally, cluster evaluation methods were used for comparison of the number of clusters
independent of the intrinsic features of the data, i.e. dementia stage.  After the

computations, clustering results were evaluated by using silhouette coefficients as a
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measure of validation, formulated as:

S; = (bi — ai)/max(ai, bi) (3.10)

where Si, ai and bi stand for the silhouette point for the ith point, the average distance
within ith point and the minimum average distance between clusters from the ith
point, respectively. Silhouette coefficients range between one and minus one, where
each object is assigned a coefficient. Having a coefficient close to one means that the
object is well-clustered, which can be interpreted as the subject is placed in a cluster
correctly. The latter option, which is the negative silhouette coefficient values, indicates
that the subject might be in the wrong cluster or it might be an outlier. The following
Figures 3.19, 3.20, 3.21, 3.22 display the silhouette coefficients for each of the four

cases:
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Figure 3.19. Silhouette coeflicients contrast when Square Fuclidean distance measure

was used with random initialization.
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k-means++ algorithm initialization.

According to the obtained results, for random cluster initialization, both Squared
Euclidean and L1 methods resulted in different results. While SE outcome indicated
that the subjects were clustered in groups of 10, 3 and 10; L1 resulted in clusters made
of 10, 7 and 6 subjects. Both marked two subjects to be placed in wrong clusters. The
results were different when the k-means++ algorithm was used for initialization. The
results for both distance measures were similar; SE resulting in clusters made of 11, 9

and 3 subjects, and L1 with clusters consisting of 11, 10 and 2 subjects.

The cluster analysis was based on the fact that we have three groups of patients
with 10, 8 and 5 subjects in each, namely SCI, MCI and AD, respectively, that differ
from each other according to within network correlation strength. A further cluster
evaluation step was applied to the data to independently test the number of clusters
that can be obtained without a prior. Besides silhouette results, two more criteria
were used for computing index values, namely Calinski-Harabasz and Davies-Boulding.
Using Calinski-Harabasz criterion, the optimal number of clusters were determined to

be two while using Davies-Boulding resulted in nine, which was the same number of



optimal clusters measured by silhouette criterion.
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4. DISCUSSION AND CONCLUSION

Due to increasing amount of studies stating changes in functional connectivity
measures for neurodegenerative diseases and mental illnesses, studying RSNs in depth
by examining within and between connectivity measures have been a promising area
of research in pursuit of a cure and possible prevention strategies involving detection
of biomarkers. Dementia, as broad and complex as it is, already creates a difficult
area of research due to its varying symptoms and various stages. Alzheimer’s disease,
being the most common form of dementia, is the focus of many studies due to its
severity and, increasing number of people diagnosed with the disease. Since a cure
does not exist yet, any information related to the early bio-markers of the disease is
precious and in great need. Current studies indicating a relation between mild cognitive
impairment and Alzheimer’s disease have great importance since the relation can be
used as an assessment method for early detection. Subjective cognitive impairment
holds a different place as it can be used to understand possible neurological changes
before any occurrence of change if the patients diagnosed with the disease can be
analyzed in longitudinal studies. Default Mode Network (DMN) has a prominent
space in the area of research due its intrinsic features such as having high overlaps
between anatomical and functional connections, and observed change of functional
connectivity between its components. This thesis is created with the main objective
of investigating dementia related functional changes within the DMN, with decrease
in the within network connectivity measures. Subsequently, the groups of subjects
are differentiated according to their connectivity measures by using several functional
connectivity analysis methods that are in frequent use. These methods fall under the
general terms of seed-based and data-driven analyses, the latter including both ICA

and cluster analysis.

The fMRI data used in this study was retrieved from three groups of subjects
that were diagnosed with Subjective Cognitive Impairment, Mild Cognitive Impair-
ment and Alzheimer’s Disease. Prior to analyses, spatial and temporal pre-processing

steps were applied on the fMRI data for removing motion related and physiological
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effects. The spatial pre-processing steps included slice-timing correction, realignment,
co-registering the functional data to the anatomical data, normalization and smooth-
ing. As an additional process, the anatomical data was segmented into gray matter
(GM), white matter (WM) and cerebrospinal fluid (CSF) components for further pro-
cesses. After spatial pre-processing, temporal pre-processing steps were applied as a
next step for further noise regression, excluding independent component analysis. For
the independent component analysis (ICA), a temporal pre-processing step was omit-
ted since ICA can successfully separate noise components and components depicting
resting state networks (RSNs). Instead, a data reduction step was applied, PCA, fol-
lowed by computations for algorithm stability measures. For seed-based and clustering
analyses, temporal pre-processing steps included regression of WM and CSF related
features and, motion regressors that are retrieved during the realignment process. For
the seed-based analysis, a seed-to-voxel approach was followed, which required selection
of regions-of-interest (ROI). Four regions of interests within the DMN network were
selected according to their frequency of appearance in the literature. The selected re-
gions were Posterior Cingulate Cortex (PCC), Medial Prefrontal Cortex (MPFC), Left
and Right Inferior Parietal Lobe, LLP and RLP, respectively.

Initially, a seed-based approach was utilized as a method of choice for analyzing
the fMRI data. The reason for selecting a seed-based analysis as an initial step was
its effective and exploratory nature. Prior to conducting data-driven analysis, which
comparatively outputs more complex results for interpretation, applying seed-based
analysis allowed better understanding of the data. For the seed-based analysis, bi-
variate correlation coefficients, which were computed between seeds from DMN related
areas and all other voxels, were used as a connectivity measure. Statistical analyses
were applied on the resulting coefficients to draw inferences between groups. For the
analyses, height threshold of p < 0.001 and a cluster-level extent threshold with FWE-
corrected p-values, (p < 0.05), were selected. The results that passed the thresholds
indicated that both AD and MCI patients displayed decreased functional connectivity
compared to SCI group. MCI patients did not express any difference in functional con-
nectivity measures when compared to AD patients. The areas that displayed reduced

functional connectivity were detected when seeds were selected from posterior cingu-
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late and lateral parietal cortices. The areas with reduced functional connectivity were
majorly detected in middle and superior frontal gyri, middle and superior temporal
gyri and, cerebellum crus 2 and lobule 8. Similar results were reported previously that
indicate reduced functional network connectivity within prefrontal cortex, temporal

lobe and cerebellum crus 2 in patients with AD compared to controls [48,56,92-99].

Group ICA analysis was applied for the second part of the analysis. Before the
analysis, PCA and ICASSO were applied to the fMRI data for data reduction and sta-
bility testing, respectively. After ICA analysis, the independent components were visu-
ally inspected and five components that were identified as DMN related were selected
for further processing. When t-test was applied, AD group showed increased activity
for component 6, parahippocampal, when compared to MCI group. On the other hand,
when AD group was compared to SCI group for component 29, representing anterior
part of the DMN, the results indicated decreased connections in the parahippocam-
pal gyrus. There was no significant differences when MCI group was tested against
SCI, and also no increase in connectivity measures when MCI was tested against AD.
The results from the cross-correlation values between the components and the time
courses of the ICs also displayed changes within the DMN components including the
parahippocampal area. Hence, the results obtained from the group ICA results were in
line considering the analyses indicated changes of functional connectivity mainly in the
parahippocampal gyrus. Similar results have been reported stating significant connec-
tivity differences in the measurements including parahippocampal and hippocampal

areas [96,98,100-103].

The first step for the clustering analysis included measuring ROI-to-ROI con-
nectivity between DMN related areas, namely MPFC, PCC, LLP and RLP. For the
analysis, time-series were extracted from each region of interest. Then, the zero-lag
correlation coefficients were calculated between pairs of DMN ROIs, and the process
was repeated for each subject. The coefficients were turned into z-scores for normal-
ization, and the obtained 23x12 correlation coefficient matrix provided the features
used for computing the k-means clustering analysis. According to the results, cluster

initialization with k-means++ algorithm resulted in better results, which were similar
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for both SE and L1 methods. When compared to the number of subjects included
for each patient groups, k-means++ results showed alignment with number of sub-
jects assigned to each cluster. Further analysis included cluster evaluation in order to
compare different algorithms for predicting the optimal number of clusters. Two of
the criteria, namely silhouette and Davies-Boulding, resulted in the same number of
optimal clusters, nine. Calinski-Harabasz, on the other hand, resulted in two optimal
clusters. The discrepancies about the number of subjects assigned to each cluster can
be an indicative of the variability within groups that might occur due to varying stages

of each condition, which was not investigated for this work.

One of the biggest challenges of resting-state fMRI analysis is that since the
measures are taken without a specific frame, it is very difficult to interpret the results.
This challenge is more prominent if the number of subjects is not sufficient, where suffi-
ciency would be achieved in hundreds. Hence, it is essential and critical to use sufficient
amount of subjects for the resting-state fMRI analysis. Another challenge that comes
naturally with the fMRI studies is the statistical testing with accompanying correction
methods. One of the biggest pitfalls of fMRI statistics is the Type 1 error, or false
positives due to the number of statistical tests applied to the data for whole-brain con-
nectivity. Nevertheless, each approach provides an invaluable insight into fMRI studies
regardless of the benefits and disadvantages they have. Seed-based analysis proves to
be an effective approach due to its straight-forward application and, providing easy
interpretations of the results. The only major disadvantage of seed-based analysis is
that the analysis is limited to the selected source seeds and their relation to other seeds.
Its limitations with whole-brain analysis brings in other methods to attention, which
do not proceed with selection of any seeds or regions prior to analysis. These meth-
ods, called data-driven, are very powerful approaches since they provide information
without any prior assumption. However, results retrieved from data-driven approaches
such as independent component analysis, cluster and graph analyses are difficult to
interpret and inter-operate compared to seed-based approaches. Besides, each data-
driven method introduces a difficulty associated with the method itself. Independent
component analysis is an easy to apply method; however, the results are hard to ex-

plain since it requires identification of the extracted sources and separation of noise
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from sources in question (via visual inspection, algorithms etc.). Similarly, clustering
methods have their own characteristic properties that require some additional work
compared to seed-based analysis. Specifically for the k-means algorithm, the factors
such as initialization, similarity (distance) measure and number of clusters should be
considered carefully since they make a great impact on the outcome. It would be more
beneficial to use a seed-based approach for a detailed analysis between some regions
of interests that are in question. However, for the whole-brain analysis, data-driven
approaches are more preferable due to their results at whole-brain level. Addition-
ally, the number of false positives would increase if a seed-based analysis is used for a
whole-brain analysis. When investigating Default Mode Network, both seed-based and
data-driven approaches are widely used in general. Default Mode Network proves to
be an important network to investigate neurodegenerative diseases and their progress.
This work represents results that show disrupted functional connectivity measures be-
tween sub-components of DMN when both seed-based and data-driven measures are
used. Detected changes are aligned with existing work that emphasize the same sub-
regions that are affected by the disease. The objective of future work would be centered
around finding a biomarker that can differentiate between SCI, MCI and AD patient
and providing an early detection mechanism. Conducting a longitudinal study with
increased number of subjects would be the next step for achieving such a goal, followed
by creating a framework where each data metric retrieved from different methods can

be compared across subjects and conditions.
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APPENDIX A: APPLICATION

Figure A.1. Map of Broadmann [5].
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Figure A.2. Surface view of the human brain, LH [5].
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Figure A.3. Midsagittal view of the human brain, LH [5].
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Figure A.4. Ventral view of the human brain, LH [5].
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