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ABSTRACT

Since the advent of deep learning, it has been used in a lot of fields like computer
version, image recognition and speech recognition, etc. It has been made many
achievements due to its outstanding ability on both classification and regression
tasks. In this dissertation, we explore the use of both existing and newly designed
deep learning techniques in resting state functional magnetic resonance imaging data
analysis.

In resting state, the human brain is still active and different regions are functionally
connected to each other through the intrinsic networks called Resting State Networks
(RSNs). It is important to locate the RSNs and understand how these RSNs function
between each other. Especially, in the clinical fields this will help provide better and
more precise treatment plans for some mental disorder diseases. In this dissertation
the Graph Sample and aggregate (graphSAGE), a typical graph neural network, is
proposed for extracting RSNs. It treats each resting state functional magnetic imaging
as a graph while analyzing the data. Compared with the classical methods such as
seed-based method, independent component method, and dictionary learning method,
the application of grahSAGE gives robust results. The classical methods need some
user-defined prior values, such as thresholds p values for both single subject analysis
and group level analysis and the number of components for independent component
analysis (ICA) and dictionary learning analysis. The results depend on these prior
assumptions and therefore subjective more or less. On contrast, graphSAGE does not
need prior assumptions. The results are more objective and robust. Moreover, it can
perform single subject analysis and group subject analysis simultaneously.

Attention Deficit Hyperactivity Disorder (ADHD) is a type of mental health

disorder. It is a disease that can be seen from children to adults and affects the



patient’s normal life. Therefore, the accurate diagnosis as early as possible is very
important for the treatment of the patient in clinical applications. Some traditional
classification methods, although having been shown powerful in many other classification
tasks, are not as successful in the application of ADHD classification. In this dissertation,
we designed two novel deep learning approaches, called ICA-CNN method and correlation-
autoencoder method, respectively, for the ADHD classification task.

The ICA-CNN method first extracts independent components from each subject.
These independent components are then fed into a convolutional neural network as
input features to classify the ADHD patient from typical controls.

The correlation-autoencoder method calculates the correlation between regions of
interest of the brain, which is then input of an autoencoder to learn the latent features.
After the latent features are learned, they are used in classification task by a new
neural network. Both methods significantly outperform the classical methods such
as logistic regression, support vector machines, and other methods used in previous

studies.
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CHAPTER 1

INTRODUCTION

1.1 Overview

Research on human brain activity has always been one of the interests for scientists
in neuroscience fields. The human brain is the most developed thinking organ of the
human body. It controls all the activities of the human body and regulates the
balance between the body and the surrounding environment. Therefore, the brain
is the basis for all high-level neural activities in humans. Generally speaking, the
structure of human brain can be split into three main parts: cerebrum, cerebellum
and brainstem [2,51]. The cerebrum is the largest part. It is composed of left
hemisphere and right hemisphere divided by longitudinal fissure, and the cerebrum
mainly includes the cerebral cortex, brain medulla and basal nucleus. The cerebral
cortex is the gray matter covering the surface of the brain, and is mainly composed of
neurons. The deep part of the cortex is composed of medulla or white matter formed
by nerve fibers. The cortex is irregularly distributed on the surface of the brain, some
are called gyri with unique folds or bumps and others are called sulci with grooves.
Figure 1.1 shows the brief structure of human brain. All the gyri and sulci form the
cortex into different brain functions. Although the brain only accounts for 2% of
the body weight, the oxygen consumption on average is about 20% of the total body
oxygen consumption [136].

The understanding of the anatomical structure and the working mechanism of
the human brain will help us further understand various phenomena from sociology,

psychology, pathology and neurology, especially for the study of diseases related to
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neurological disorders and cognitive functions such as Parkinson’s disease, depression,
schizophrenia, multiple sclerosis. [39,43,65,108,118,192]. In addition to the study of
the anatomical structure of the brain, the functional study of the brain is currently
one of the mainstreams of neurology.

There are several imaging methods that can reflect brain function. Usually there
are two common types, one is invasive methods and the other is non-invasive methods.
Non-invasive methods mainly include electroencephalography (EEG), magnetoenceph-
alography (MEG) based on electromagnetic signal detection, functional magnetic
resonance imaging (fMRI) based on measurement of blood oxygen level dependence,
near-infrared spectroscopy (NIRS) based on metabolic level Measured near infrared
spectroscopy and transcranial magnetic stimulation (TMS) based on magnetic fields
to stimulate nerve cells in the brain [42]. Invasive methods mainly include positron
emission tomography (PET) based on injecting a radionuclide labeled compound into
the brain and measuring positron annihilation rays to obtain tomographic images [42],
electrocorticography (ECoG) or intracranial electroencephalography (iEEG). As the
name implies, the electrodes of the subcortical EEG are placed under the scalp. Most
subcortical EEG studies are conducted in patients. When the patient must undergo
craniotomy and implant electrodes, scientists can only collect relevant data after
obtaining the patient’s consent [13,74,125]. The invasive methods will cause more
or less unknowable damage to the brain, although it may be very low. Most of the
current researches on brain function use non-invasive methods. The results of all
the above measurement methods can be displayed as images in two-dimensional or
three-dimensional space.

Different neuroimaging methods have different spatial and temporal resolutions

for measuring human brain functions, see Figure 1.2 for comparison among different



Brainstem

Figure 1.1. Structure of human brain: cerebrum, cerebellum and brainstem

techniques. Different research purposes or practical applications require different
techniques to obtain corresponding brain images. While TMS, EGG, and MEG have a
higher spatial resolution but a low temporal resolution, and PET has a high temporal
resolution and spatial resolution, fMRI has a moderate temporal resolution and spatial

resolution which makes it favored in many brain function studies [42,66].

1.2 Functional magnetic resonance imaging (fMRI)

Since its development in 1990 functional magnetic resonance imaging (fMRI) [12,
23,93, 121] is becoming a popular neuroimaging technique to measure human brain

activities due to its safety, non-invasive nature and relatively high spatial resolution
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Figure 1.2. Spatial and temporal resolution among different neuroimaging techniques

which make it play an important role in both clinical and academic researchers [66,
115,130]. Tt is an application based on magnetic resonance imaging (MRI) technique
[179] and depends on Blood Oxygenation Level Dependent (BOLD) contrast [122].
There are two types of hemoglobins in blood: oxyhemoglobin and deoxyhemoglobin.
Here is the simple idea how fMRI can be taken. When any part of human brain is

activated, this kind of neural activity will consume oxygen from oxyhemoglobin of
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blood. It causes increasing of deoxyhemoglobin and decreasing of oxyhemoglobin,
and then oxygen needs to be transported through cerebral blood vessels to supply
the consumption. Therefore the activity of brain will be accompanied by changes
of concentration of oxygen in blood. Under the interference from external magnetic
field this change can be created into images [19,28,29,66,95,121]. See Figure 1.3 for
an illustration. In general, the stronger the BOLD signal is in a certain area of the
brain, the stronger the nerve activity is in that area.

Functional magnetic resonance imaging (fMRI) can incorporate many different
types of contrast such as T1, T1 weighted(T1*), T2, T2 weighted(T2*) and fluid
attenuated inversion recovery (FLAIR). All the types of images are based on two
values; one is called repetition time(TR) which is the interval time between two
continuous pulse sequence applied to the subject, the other is called time to echo(TE)
which is the time between the radio frequency pulse emission and the acquisition of
the echo signal. With the radio frequency pulses, the hydrogen proton absorption
energy in human tissue is in an excited state. After the radio frequency pulse is
terminated, the protons in the excited state return to their original state. This
process is called relaxation. There are two types of relaxation of T1 and T2; T1 is
longitudinal relaxation time of the excited protons returning to equilibrium and T2 is
transverse relaxation time of the excited protons reaching equilibrium. By adjusting
TR and TE an image highlighting a certain tissue can be obtained and this kind of
images are called weighted images [22,33,45,69,76,93,100,114,142]. Table 1.1 gives
a simple illustration for different types of images with different TR and TE. Each

image has a different usage in different medical applications or research fields.
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Figure 1.3. Simulation illustration of state of oxyhemoglobin and dexyhemoglobin
in region of interest (ROI): Resting state means no activation and oxyhemoglobin
and dexyhemoglobin randomly flow; activation state I means the ROI is activated
with oxyhemoglobin decreasing and deoxyhemoglobin increasing; activation II means

a number of oxyhemoglobin is added to this ROI in a very short time.

1.3 Data preprocessing and analysis of fMRI in literature

Since fMRI needS to scan the whole brain, it contains a three-dimensional spatial
brain image. In addition it also needs to scan the brain for a while and this causes
another dimension of time. Totally fMRI constitutes a four-dimensional data. To be

specific, fMRI is a time series data. During the scanning process, different types of



Table 1.1. Approximation of TR and TE to be used for images [134]

| TR(msec) | TE(msec) | Description
T1-weighted image 500 14 short TR and short TE
T2-weighted image 4000 90 long TR and long TE
FLAIR image 9000 114 very long TR and very long TE

noise could be generated. For example, the noise could be from head movement of the
subjects, the spontaneous fluctuation of neurons in the brain and some non-neuronal
signals such as heartbeat and breathing, the differences in functional magnetic resonance
imaging objects and the interference signals generated by the limitations of the
magnetic resonance imaging instrument itself. The noise can affect or even destroy
brain signals [104,106,133], so a preprocessing of fMRI data is necessary before doing
any statistical analysis. With this process, to the greatest extent all kinds of noise
from the fMRI signal will be removed. The preprocessing of fMRI usually follows but

is not limited to the standard steps as follows [86,88,96, 131, 157]:

e Distortion correction. The raw image data sometimes shows some unusually
steep peaks due to the inhomogeneity of the main magnetic field or body
movement. For this kind of images, one will either use specific models to remove

the artifacts or delete these images.

e Slice timing correction. With one TR interval, a complete scan for the
whole brain is acquired by several slices in sequential or in interleaved order,
and the acquisition time of each slice is inconsistent, so in order to eliminate
the difference in the acquisition time of each slice, the time of acquiring each

slice must be corrected to the same time point.

o Motion correction. Head movement is also a big problem for the subsequent
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statistical analysis. During multiple scans, one assumes that the position of
each voxel in the brain is unchanged. If the subject’s head moves even slightly,
the voxel may correspond to other positions in the brain for the next scan .
Therefore, in order to avoid this problem, one need to convert and fix all the

voxels in the brain in the same position all time.

Co-registration. It refers to the registration of high-resolution structural
brain-extracted image (T1) and functional images for the same subject. Usually,
a structural image T1 is captured at the beginning of each round of the experiment.
The co-registration makes each part of the brain more detailed. Meanwhile it

is used for the further registration to the standard coordinate system.

Normalization. The human brain has certain individual differences in anatomical
structure such as shape and size. Before any statistical analysis, the same voxel
position in all brain images from each subject must meet the same anatomical
position, so all the brain images of the subjects should be transformed into a
standardized template with the same size and direction, that is, on the same
coordinate system. This process is called normalization. At present, there are
two main standard brain templates. One is the Talairach space [160,161], which
is based a single individual originally. The other is called Montreal Neurological
Institute Brain Atlas (MNI) [58,94]. There are two types of templates: MNI305
and MNI152 templates. There are four methods to do normalization and they
are landmark-based methods, volume-based methods, computational anatomy

methods and surface-based methods.

Temporal filtering. It help reduce the low-frequency noise from external and

internal sources to improve the power of statistical analysis. Usually the noise
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Figure 1.4. Ilustration of a standard preproecessing of fMRI data

signal is from physiological noise from the subject and noise related to scanner.

« Spatial smoothing.

This process of spatial smoothing mainly reduces the noise to improve signal
to noise ratio (SNR) and increases the power of statistical analysis and the
possibility of Gaussian distribution. The Gaussian kernel often is used when
doing spatial smoothing. The size of the smoothing kernel or smooth range
is determined by the full width at half maximum (FWHM). For the Gaussian
distribution, the relationship between the FWHM and the standard deviation

o is as follows: [178]:
 FWHM

 2,/21n(2)

There are several softwares and packages which can deal with data preprocessing

o (1.1)

of fMRI data such as AFNI [41], SPM [128], FSL [87], FreeSurfer [59], ANTs [10],
Nilearn [1], fMRIPrep [57], R [135], Python [169] and Matlab [111]. Figure 1.4 shows

a standard workflow of preprocessing of fMRI.
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After preprocessing of fMRI, one can start the statistical analysis. For fMRI
analysis, there are mainly three fields [104, 129, 153], one is to detect activation of
ROIs by a certain task, the second is to detect brain connectivity, especially functional
connectivity, and the the third is to classify and predict psychological or disease state
such as Alzheimer’s disease [3,11,151], depression [171,181], anxiety [71,126], attention
deficit and hyperactivity disorder (ADHD) [31,113], and etc. There are two types
of data of fMRI based on whether a task is involved. If a task is involved, the data
is task-related fMRI. Otherwise the data is resting state fMRI (rs-fMRI). Recently
rs-fMRI has been becoming more and more a popular research field [21] since the
first study of rs-fMRI [20]. Resting state fMRI analysis mainly focuses on functional
connectivity analysis between distinct brain regions and on classifying and predicting
psychological or disease state [54,73,175,176].

The article [168] gave a details review on functional connectivity of resting state
fMRI and discussed the value in examining connectivity diseases such as Alzheimer’s
disease and schizophrenia with graph theory technique. In [92] the authors proposed
an integrated strategy for improving functional connectivity mapping using multiecho
fMRI with spatial independent component analysis (ME-ICA), which improved the
functional connectivity on specificity compared with classical connectivity estimation
methods. In [48] the study found 10 patterns with potential functional relevance
including deafult mode network (DMN) and showed the Consistent resting state
networks across healthy subjects. The article [52] used a robust method called
probabilistic independent component analysis (PICA) to identify resting state networks
(RSNs), and at least five different RSNs were identified across different subjects.
In [144] the fully exploratory network independent component analysis (FENICA)

was used on resting state fMRI data based on 28 healthy subjects to result in eight
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distinct RSNs without manual selection of individual subject components. In [82] the
authors combined the graph measures with a support vector machine model (SVM)
to classify accurately the mild cognitive impairment (MCI) patients who develop
to Alzheimer’s disease (AD) from those who do not develop to Alzheimer’s disease
(AD). In the study [137] the authors used static and dynamic brain connectivity
features to classify schizophrenia from bipolar patients and found that the accuracy
of classification was higher based on the dynamic connectivity features than the static
connectivity features. In [116] the authors proposed a connectome-convolutional
neural network (CCNN) for functional connectome classification, and the model can
efficiently classify mild cognitive impairment patients from control group. The article
[8] used a convolutional neural network to identify Attention Deficit and Hyperactivity
Disorder (ADHD) based on the correlation computed from different default mode
network (DMN) regions, and the proposed method significantly improved the accuracy
of identification of ADHD.

In this dissertation, we focus on two research objectives in the context of rs-fMRI
data analysis. First, we propose the use of graph neural networks for resting state
networks detection and compare it with classical methods. Second, we propose two
deep learning approaches for the classification of Attention Deficit and Hyperactivity
Disorder (ADHD).

Extracting or detecting resting state networks (RSNs) based on resting state
functional magnetic resonance imaging (rs-fMRI) data is challenging. Classical methods
such as seed-based correlation, independent component analysis, and dictionary learning,
usually rely on user-defined prior assumptions and the results are subjective more or
less. To overcome this problem and improve the robustness, we propose to use a graph

neural network (GNN) called graphSAGE [72] to extract the default mode network
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(DMN), one of the commonly recognized RSNs. Compared with classical methods,
the GNN model extracts not only DMN but also several other RSNs. The results do
not depend on prior assumptions and are therefore objective and robust.

Attention Deficit and Hyperactivity Disorder (ADHD) is a type of mental disorder.
It happens both in children and adults. Accurate diagnosis and early treatment are
important. The traditional methods, such as logistic regression model and support
vector machine model, although have been shown powerful in many others classification
tasks, their application in ADHD classification based on rs-fMRI data seems far from
satisfactory. A plausible reason may be that the raw rs-fMRI data is very noisy while
the traditional classification methods are not as powerful to denoise the data. The
deep learning is an end-to-end learning method developed in the last decades. It can
learn directly from raw data and automatically extract latent features based on a
multi-layer nonlinear neural network and help denoise images. This motivates us to
incorporate the deep neural network into the learning process and propose two novel
deep learning methods for ADHD classification. Both methods significantly improve

the ADHD classification accuracy and outperform the traditional methods.

1.4 Outline of this dissertation

In this chapter, the techniques of getting brain images are simply introduced, what
functional maganetic resonance image (fMRI) is, how to do preprocessing of fMRI
before statistical analysis, and we introduced the two fields of resting state fMRI
analysis. The rest of this dissertation is organized as follows.

In Chapter 2 a deep learning algorithm called graph sample and aggregate (graphSAGE)
[72] is proposed to extract the resting state networks (RSNs), mainly the default mode

network (DMN) and compared with several common methods, namely seed-based
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correlation method (SBC), the independent component analysis method (ICA), the
dictionary learning method. The application of grahSAGE gives a robust result. The
common methods need to make prior thresholds p values for single subject analysis
and group level analysis and the number of components for ICA and dictionary
learning. The result of analysis depends on these prior assumptions more or less.
On contrast, graphSAGE does not need these assumptions and considers the single
subject analysis and group subjects analysis simultaneously.

In Chapter 3 two methods called independent component analysis with convolutional
neural network (ICA-CNN) and correlation with autoencoder model (Correlation-
autoencoder) are proposed to classify the Attention Deficit Hyperactivity Disorder
(ADHD) from typical controls, and then compared the performance with classical
binary classification models such as logistic regression model and support vector
machine model. The results of analysis show that the two proposed methods outperform
the classical methods and other methods in previous studies.

In Chapter 4 The main contributions of this dissertation are summarised and the

future work is discussed.
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CHAPTER 2

FUNCTIONAL CONNECTIVITY TECHNIQUES

2.1 Overview

Functional connectivity is usually based on two approaches: task-based fMRI
analysis and resting state fMRI analysis. In general, task-based fMRI not only
depends on the ability of the subjects to follow the task procedure but also depends
on the good design of the experiment, especially in clinical applications [6,46,190]. On
the contrary, resting functional magnetic resonance imaging can measure spontaneous
fluctuations of human brain and reflect the relationship among different networks
[20,61]. Thus, rs-fMRI is applicable to situations in which task-related fMRI may
provide insufficient information or sometimes fail to perform [152]. In resting state
the brain is still constantly active and the parts of the brain are connected by its
intrinsic connections, and some connections even show stronger relationship when
doing certain tasks, so it is more reasonable to use resting state to study basic
functional connections, especially it is used to identify so called intrinsic connectivity
networks or resting state networks (RSNs) [14, 52,68, 147]. As [14, 38, 52,61, 154]
mentioned, RSNs are located on grey matter regions of human brain, and these RSNs
reflect core perceptual and cognitive processes of brain functional systems.

There are several common RSNs [38,101] which are often identified from resting
state fMRI study. The most basic RSN is the default mode network (DMN) [7,48,
68,149,164, 167] which is active when human brain is at rest without any external or
attention-demanding tasks. It mainly includes the posterior cingulate cortex (PCC)

and precuneus, the medial prefrontal cortex (MPFC), and the inferior parietal cortex.
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Somatomotor network (SMN) is another network which includes somatosensory and
motor regions related to motor tasks [20,34]. Visual network (VIN) includes main part
of the occipital cortex, which deals with related visual activity [52, 80,132,154, 164].
The dorsal attention network (DAN), also known as visuospatial attention network,
is to provide attention orientation and to participate in external tasks, it is mainly
located in the intraparietal sulcus and the connection area between the central anterior
sulcus and the forehead sulcus [17,84,102,148,149,172,173]. Salience netwrok (SAN)
mainly evaluates external stimuli and internal events and helps directing attention
by switching to related processing systems. This network includes the left and right
anterior insula and the middle of anterior cingulate cortex (ACC) [24, 35, 77,139,
146,155,165, 188]. Frontoparietal network (FPN) includes left and right parts, with
the left part mainly dealing with voice and memory and right part mainly dealing
with activity-related events. FPN mainly includes the dorsolateral prefrontal cortex
(dIPFC), the dorsolateral prefrontal cortex and the inferior parietal lobule [97, 110,
145,148,172,189]. Other networks from different studies are also identified such as
auditory network [77,188], language network [24,83] and etc. The article [78] also
gives a detailed description of RSNs and shows ten RSNs based on normal wakeful
resting state which includes default mode network, left executive control network,
right executive control network, salience network, sensorimotor network, auditory
network, visual medial network, visual lateral network, visual occipital network and
cerebellum. Figure 2.1 for the details. But it should be mentioned that even in the
resting state it is impossible to detect what the human brain is really thinking or

imagining about. This is one disadvantage of the resting state analysis [47].



16

2.2 Common methods review

There are several techniques to identify RSNs from rs-fMRI, which are reviewed
below. The rest of the chapter is organized as follows. In Section 2.2.1, we review seed-
based correlation method to extract RSNs; in Section 2.2.2 independent component
analysis (ICA) is introduced; in Section 2.2.3 the dictionary learning is introduced;
in Section 2.3 we proposed to use a graph neural network called graphSAGE [72] to
help extract RSNs from resting state fMRI; in Section 2.4 we will compare all the

above methods on two real data sets.

2.2.1 Seed-based correlation (SBC)

Seed-based correlation (SBC) method is the first method to be used for identifying
resting state networks by [20]. It calculates the Pearson correlation coefficient between
two voxels or region of interests (ROI) from the corresponding two time series, denoted
as € = [r1,%2,T3,...,2,] and y = [y1, Y2, Y3, ..., Yn|. The correlation coefficient is

calculated as:
n

_ im1(zi —Z) (i — 7)
Vi (i — )P C, (v — B)°

where & and gy are the average values of  and vy, respectively.

Tay (2.1)

Normally there are about one million voxels or so in one entire brain scan, and
the amount is based on the size of voxles and the scanned brain. It is possible to
calculate all the correlations between any two voxels, but this will cause numerous
pairs of comparisons. More often, this method uses a prior selected seed or ROI
as reference and calculate the correlation with the rest voxels of the brain. A
big correlation value means a closer connectivity between the two seeds or ROIs.

This method has been applied in many research studies and has been identifying
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Figure 2.1. Ten RSNs based on fMRI from the article [7§]
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some functional connectivity based on rs-fMRI. In [60], the authors identified a
bilateral dorsal attention system, a right-lateralized ventral attention system, and
detected a potential mediating function in the prefrontal cortex. In [62] the authors
identified two opposed brain networks based on correlations within each network and
anticorrelations between networks, one network is related to task-related activations
and the other is related to task-related deactivations. In [53] the authors used
sensorimotor networks as the seed to extract similar RSNs from rs-fMRI with those
from finger-tapping task fMRI data based on eight healthy volunteers. Besides a prior
selected seed or ROI, this method also need a threshold to determine the significant
voxels with the seed or ROI.

The main advantages of SCA are its algorithmic simplicity and straightforwd
interpretation, which make it play an important role in functional connectivity field.
The main disadvantage of this method is that all the relationship is only between
the prior selected seed or ROI and the remaining other voxels of the brain, so the
univariate analysis method completely ignores the possible relations between other
seeds. In other words, some significant information between other voxels is ignored.
This restricts more networks to be detected. Therefore, the choice of seed, size and

position directly determine the interpretation of the results [26,37].

2.2.2 Independent component analysis (ICA)

Independent component analysis (ICA) is one of the most popular decomposition
method for analyzing fMRI data and it is a data-driven technique. Since this technique
was first used in [112], it has been applying in many studies so far. ICA assumes the
observed data is a linear combination of sources which are statistically independent

[25]. The purpose of ICA is to extract independent components based on optimization
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technique, such as maximum likelihood estimation (MLE) [156], minimum of the
mutual information between sources (InfoMax) [16] or maximum of the non-gaussianity
between sources (FastICA) [85].

Because ICA is looking for non-gaussian sources, most ICA algorithms often
use principle component analysis (PCA) [163] to remove gaussian signals in the
observed data. The difference between ICA and PCA is that ICA searches statistically
independent components with maximum possibility and PCA searches uncorrelated
components with orthogonal property and maximum of variance. Since fMRI is a
four-dimension data, it has to be transferred into a two-dimension data when using
ICA or PCA. ICA analysis can be one of two types of analysis which are spatial
ICA and temporal ICA, and different types of analysis determine how to transfer the
fMRI data. If the spatially independent components are detected, the columns of
the transferred matrix are voxles and the rows are the time points; if the temporally
independent components are detected, the columns of the transferred matrix are time
points and the rows are the voxels. ICA can split into spatial ICA and temporal ICA,
but usually spatial ICA is used often since it can produce as many components as
time points [30,112].

Here is the basic algorithm of spatial ICA [30,112]. Let X be a matrix with
dimension ¢ x n (X € R™™), where ¢ means the number of time points and n means

the number of voxels. The goal is to solve the follow equation to find W, S:
X =WS (2.2)

where W is called the matrix of mixing coefficient with dimension ¢ x p, S is called
source matrix with dimension p X n, and the rows of matrix S is representing spatially
independent components. The basic algorithm of temporal ICA is similar with spatial

ICA [30,112], where X is the matrix with dimension n x ¢t (X € R™**). The goal is
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to solve the follow equation to find W, S:
X =WS (2.3)

where W is still the matrix of mixing coefficient with dimension n X p, § is the source
matrix with dimension p x ¢, and the rows of matrix S is representing the temporally
independent time courses. Usually spatial ICA is used more often than temporal
ICA.

There are many techniques applied in ICA. All algorithms fall into one of three
groups. One is based on the projection pursuit [156] which basically extracts one
component at one time. The second is based on infomax [16] which extracts multiple
components at one time in a parallel way. The third is based on maximum likelihood
estimation [156] which is a statistical tool to calculate the mixing coefficient matrix to
best fit the observed data. There are many practical methods used in literature, for
example, in [14] the authors proposed a probabilistic independent component analysis
(PICA), compared with typical noise-free ICA, PICA tried to detect the independent
components under additive noise interference. In [85] the authors introduced a widely
used method called FastICA with kurtosis as the cost function. In [15] the authors
used multiple subjects and dual regression to do a group comparison. To date, ICA
still plays a important role in resting analysis.

ICA does not provide an order for independent components (ICs) unlike PCA
which offers an order for principal components. This property makes it hard to tell
which IC is more important. To solve the mixing coefficient W and sources S, ICA
need some prior assumptions. It is also a tricky part to determine the number of ICs,

which will cause over-fitting or under-fitting problems.
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2.2.3 Dictionary learning (DL)

Dictionary learning (DL) is another linear decomposition technique to extract the
fundamental components. This technique emphasizes the sparsity between components
unlike ICA which focuses on the independence between components or PCA which
focuses on the orthogonal components. The idea of DL is to decompose the observed
data into two matrices; a matrix is called dictionary D which is a collection of
atoms and the other is the corresponding spare coefficients A. Here is the basic
algorithm of dictionary learning [89,91,109, 123, 124], let Y = [y1, Y2, ..., yn] be the
observed data with y; € R™ and Y € R™ " and the dictionary matrix D € R™**
(D = [dy,ds, ...,d;]) with corresponding sparse coefficient matrix A € R¥" (A =
la1, as, ..., a,]). The number of columns k in dictionary D are the number of atoms.

The purpose is to find D and A from the following optimization problem:

1
Minimize ~|Y — DAJ|;
DA 2
Subject to ||D ||, <1, Vi=1,...,k, (2.4)

A ill, <C, Vi=1,...,n,

J ||0
where C' is the parameter to control the sparsity for each column of A.

There are several improved ways to solve the optimization problem. For example,
in [4] the authors used stochastic gradient descent technique to solve this problem,
in [99] the authors used the property of duality to solve the optimization problem. A
widely used method is K-SVD method [5] which uses singular value decomposition to

generate the K-meaning clustering. It is an iterative process updating sparse matrix

and dictionary matrix alternatively.
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2.3 Graph neural network

Graph neural network (GNN) is a type of deep neural network which is applied on
graph-based data. To date, there are many variants of GNN which are successfully
used in many fields. In [184,191] almost all of GNN models are surveyed in details
and compared. In graph theory, an undirected and unweighted graph is represented
by G(V,E), in which G means a graph, V means the nodes which often repents
voxels or ROIs in fMRI analysis, and E means the edges connecting two nodes, which
usually indicates correlation [27,166] in fMRI analysis. An adjacent matrix A with
dimension N x N is often used to describe this kind of graph. The entry of A is
either one or zero based on whether there is an existing edge between two nodes. A
matrix X € R™*IVI often indicates the attribute or features of a graph, where m is
the number of features of each node and |V| indicates the number of nodes.

GraphSAGE (Sample and aggregate) [72] is an inductive learning technique to
extract node embedding. GraphSAGE can be used in unsupervised and supervised
learning. GraphSAGE for the unsupervised learning can be implemented as follows
[72]:

1) Given a graph G(V, E) and feature matrix X € R™ IVl for Vo € V, each z,

has a vector of feature with m dimensions.

2) Set up a neural network with K layers and let h° = z,, indicate original node
embedding for Vv € V, and this is the node features or attribute with m

dimensions originally.
3) For k =1 layer, and for each v € V:

(a) Let N (v) indicate local neighborhood of nodes of v, all information from

the neighborhood is aggregated by a function indicated by f, then the
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generalized aggregation is indicated as follows:

hrwy = FL(RS), Yu € N(v) (2.5)

the aggregate function f can be one of the three: i) mean value function

f= > | A;L(%) I which takes average among all the h2; ii) pool value
ueN (v)

function f = max(Wyoahl), Yu € N(v) which applies an element-wise

max-pooling operation on neighbour set nodes; iii) a long short-term memory

(LSTM) function f = LSTM(A?), Yu € m(v) which applies LSTM to

random permutation of neighbor set of nodes.

(b) After summarizing information from local neighbor sets by aggregate function,

the embedding for each node is in the form below:

hl = o(W?" - concatenate(h?, h}\/(v))) (2.6)
where o is non-linearity function and W1 is the weight matrix.

4) After all nodes though part a) and b) from step 3), the node embedding after

the first layer is represented below:

hl h11)

— . YwenN (2.7)
e 7SN

5) For 2 < k < K layers step 3) and 4) are repeated. The embedding for each

node is in the form below:
Wiy = JelhE™), Yu € N(v)

hF = o(W*" . concatenate(h*~*, hf\f(y))) (2.8)

v —

B

, Yv e N(v)
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and the common forms of aggregate functions are :

hkfl
Ju= 2
2 VG
fr = max(WoeohE 1), Vu € N(v) (2.9)
fr = LSTM(RF™Y), Vu € n(v)
6) The embedding of node after K layer is as follows:
z, = hE Ywev. (2.10)
7) The process is iterated to minimize the loss function below:
I (zu) = — IOg(U(zq—[z@)) —Q-Eyp,@) lOg(U(_ZJZvn)) (2.11)

where ¢ is non-linearity function, z, is the embedding of neighbor node of u, )
is the negative samples (non-neighbor node) of v and v, is from negative sample

distribution P,(v).

2.4 Case study

In this section, two real data sets are used to extract functional connectivity
network, the default mode network, based on the methods mentioned above. A

comparison will be made among the methods.

2.4.1 Case one

The first data set is from an open shared neuroimage data resource (http://
fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html), namely, the 1000

Functional Connectomes Project.


http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html
http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html

(i)

(iii)
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Data description

The data has 84 subjects including 43 males and 41 females. Their ages range
from 7 to 49. The repetition time (TR) is 2 seconds, the number of slice is 39
and the time points are 192. The structural brain of one random chosen subject
with dimension 256 x 176 x 256 is shown in Figure 2.2, and the functional brain

of the same subject with dimension 64 x 64 x 39 x 192 is shown in Figure 2.3.

Data preprocessing

Data preprocessing is an important step before doing any statistical analysis.
As mentioned in Section 1.3 there are several softwares or packages which
deal with data preprocessing. For this data set the DPABI [186], a toolbox
of Matlab, is used. The first ten time points are removed. The pipeline for
preprocessing is as follows; first, time correction is done; the following is realign,
co-registration between T1 weighted and functional images; head motion model
with Friston 24 parameters motion covariates is used to reduce head motion
effect [63]; nuisance regression with linear trend, average cerebrospinal fluid
(CSF) and white matters (WM) as nuisance regressors are to reduce espiratory
and cardiac effects; finally normalization to MNI template is performed. The
temporal filtering is to set in range of 0.01~0.1Hz and a Gaussian kernel of full

width with half maximum (FWHM) equal to 6mm is used for spatial smoothing.

Data analysis

First, the SBC is performed in the toolbox CONN [180] in Matlab. The voxel
threshold p-uncorrected values is set less than 0.0001 and Familywise Error Rate
(FWER) is set less than 0.01 which attempts to control the probability of false

positives. |T'| value is larger than 4.09 with degree of freedom 83 for two-sided
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Slice number: 120 Slice number- 150

Figure 2.2. The structural brain of a randomly chosen subject
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Figure 2.3. The functional brain of the randomly chosen subject in Figure 2.2

test. See Figures 2.4, 2.5, 2.6 for details based on the seed of posterior cingulate

cortex (PCC) from the default mode network.

Secondly, the group fastICA is also performed in CONN [180] and the independent
components are set to 10. Other parameters are the same as SBC. See the

Figures 2.7, 2.8, 2.9 for details.

Thirdly, the dictionary learning is performed in Python with Nilearn [1] package.
As mentioned in Section 2.2.3, dictionary learning focuses on sparsity between
components. The component is set to 10 and the sparsity parameter is set to

15. See Figures 2.10, 2.11, 2.12 for details.

Lastly, the neural network method is performed through the package of StellarGraph

[50] in Python. The 800 ROIs of brain are used, so there are 800 nodes in the
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graph and each two makes an edge so that there are totally 319,600 edges in
the graph. For each subject the correlation between any two ROIs is calculated
based on 182 time series data. Each subject has 182 time points, meaning that
each ROI of each subject has 182 values. Each subject has a correlation matrix
with dimension of 800 x 800. There are 84 correlation matrices for 84 subjects.
To reduce complexity and noise, all the correlation values less than 0.1 are
replaced by zero and thus the associated edges are dropped. The correlation
for each node is the node feature which is used in the subsequent analysis. A
two-layer graph network is set for analysis. The number of walks for each node
v is set to 10; the length of walk is 5; batch size is set to 10; 1-hop neighbors
node for each node v is set to 50 and 2-hop neighbors node is set to 10 for each
node v; the first layer is set to 200 hidden neurons; the second layer is set to 100
neurons; the learning rate is set to 0.01; epochs is set to 100 and dropout rate
is set to 0.15. After analysis each node embedding is represented by a vector
with 100 dimensions. To visualize the node embedding a principal component
analysis (PCA) is used with 95% variation held and the first two components
are used for plot. Figure 2.13 shows seven groups. Then K-means [107] cluster
algorithm is performed with components extracted from PCA to group ROIs
into seven parts. See Figures 2.14, 2.15, 2.16 for details. The comparison of

DMN netwrok for all the algorithms are shown in Figure 2.17.

2.4.2 Case two

The second data set is also from the neuroimage data resource (http://fcon_
1000.projects.nitrc.org/fcpClassic/FcpTable.html), namely, 1000 Functional

Connectomes Project.


http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html
http://fcon_1000.projects.nitrc.org/fcpClassic/FcpTable.html

Figure 2.4. Axial display (xy-plane) view for SBC based on PCC seed
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Figure 2.5. Sagittal display(yz-plane) view for SBC based on PCC seed
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Figure 2.6. Coronal display (xz-plane) view for SBC based on PCC seed
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Figure 2.7. Axial display (xy-plane) view for ICA based on PCC
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Figure 2.8. Sagitta display (yz-plane)view for ICA based on PCC
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Figure 2.9. Coronal display (xz-plane) view for ICA based on PCC seed
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Figure 2.10. Axial display (xy-plane) view for dictionary learning based on PCC seed
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Figure 2.11. Sagittal display (yz-plane)view for dictionary learning based on PCC

seed
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Figure 2.12. Coronal display (xz-plane) view for dictionary learning based on PCC

seed
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Figure 2.13. Plot of node embedding with two components

Data description

The second data has 46 subjects including 15 males and 31 females. Their ages
range from 44 to 65. The repetition time (TR) is 2 seconds; the number of
slice is 64 and the time points are 175. The structural brain of one randomly
chosen subject with dimension 256 x 256 x 144 is shown in Figure 2.18, and the
functional brain image of the same subject with dimension 36 x 64 x 64 x 175

is shown in Figure 2.19.

Data preprocessing
For this data set, the package of fMRIPrep [56] is used for data preprocessing.
The first ten time points are removed. The pipeline for preprocessing is the

same as case one.



Figure 2.14. Axial display (xy-plane) display view for graphSAGE
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Figure 2.15. Sagittal display (yz-plane)view for graphSAGE
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Figure 2.16. Coronal display (xz-plane) view for graphSAGE
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(b) ICA

(c) DL (d) graphSAGE

Figure 2.17. Result comparison: DMN

(ii) Data analysis
First, the SBC is performed in the toolbox CONN [180] in Matlab. The voxel
threshold p-uncorrected values is set less than 0.0001 and Familywise Error
Rate (FWER) sets at less than 0.01. |T'| value is larger than 4.29 with degree of
freedom 45 for two-sided test. See Figures 2.21, 2.22, 2.23 for details based on

the seed of posterior cingulate cortex (PCC) from the default mode network.

Secondly, the group fastICA is also performed in CONN [180] and the number
of independent components are set to 10. Other parameters are the same as

SBC. See Figures 2.24, 2.25, 2.26 for details.

Thirdly, the dictionary learning is performed in Python with Nilearn [1] package.

As mentioned in Section 2.2.3, dictionary learning focuses on sparsity between
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Figure 2.18. The structural brain of a randomly chosen subject
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Figure 2.19. The functional brain of the randomly chosen subject in Figure 2.18

components. The component is set to 10, and the sparsity parameter is set to

15. See Figures 2.27, 2.28, 2.29 for details.

Lastly, the neural network method is performed through the package of StellarGraph
[50] in Python. The 800 ROIs of brain are used, so there are 800 nodes in the
graph and each two nodes make an edge so that there are 319,600 edges in
the graph. For each subject the correlation between each pair of two ROIs
is calculated based on 165 time series data. Fach subject has a 165 time
points, meaning that each ROI of each subject has 165 values. Each subject
has a correlation matrix with dimension of 800 x 800. There are 46 correlation
matrices for 46 subjects. To reduce complexity and noise, all the correlation
values less than 0.10 are dropped and replaced by zero and thus the associated

edges are dropped. The correlation for each node is the node feature which is



45

used in the subsequent analysis. A two-layer graph neural network is set for
analysis. The number of walks for each node v are set to 10; the length of walk
is b; the batch size is set to 10; 1-hop neighbor node for each node v is set to 50
and 2-hop neighbors node is set to 10 for each node v; the first layer is set to
200 hidden neurons; the second layer is set to 200 neurons; learning rate is set
to 0.01; epochs is set to 100 and dropout rate is set to 0.05. After analysis each
node embedding is represented by a vector with 100 dimensions. To visualize
the node embedding a principal component analysis (PCA) is used with 95%
variation held and the first two components are used for the plot. Figure 2.20
shows seven groups. Then K-means [107] cluster algorithm is performed with
components extracted from PCA to group ROIs into seven parts. See Figures
2.30, 2.31, 2.32 for details. The comparison of DMN network from different

algorithms are shown in Figure 2.33.

2.5 Discussion and conclusion

We proposed to use graph neural network technique called graphSAGE to extract
functional connectivity networks based on resting state functional magnetic resonance
imaging data. The application of this technique in rs-fMRI can extract the default
mode network (DMN). Seed-based method is a very classical way to detect RSNs.
For all the two cases the DMN is found, which shows strong correlation with the prior
selected seed of PCC. This technique can directly gives answer to the question but
it is affected by the chosen seed and thus ignores other possible networks. Independent
component method and dictionary learning method can also find default mode network

in both cases, the two methods can give many networks based on prior assumption,
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Figure 2.20. Plot of node embedding with two components

but some extracted networks are difficult to interpret and also the result relies on the
number of components.

Compared with the seed-based method, independent component method and
dictionary learning method, the application of grahSAGE gives a more robust result.
The three existing methods need to make prior thresholds p values for single subject
analysis and group level analysis and assume the number of components for ICA and
dictionary learning. The result of analysis depends on these prior assumptions and is
subjective more or less. On contrast, graphSAGE does not need these assumptions
and considers the single subject analysis and group subjects analysis simultaneously.
It gives more reliable results without subjective facts from researchers, but just like

other deep learning methods the graphSAGE also need more data to train the model



Figure 2.21. Axial display (xy-plane) view for SBC based on PCC seed
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Figure 2.22. Sagittal display (yz-plane) view for SBC based on PCC seed
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Figure 2.23. Coronal display (xz-plane) view for SBC based on PCC seed
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Figure 2.24. Axial display (xy-plane) view for ICA based on PCC seed
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Figure 2.25. Sagittal display (yz-plane) view for ICA based on PCC seed
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Figure 2.26. Coronal display (xz-plane) view for ICA based on PCC seed
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Figure 2.27. Axial display (xy-plane) view for dictionary learning based on PCC seed
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Figure 2.28. Sagittal display (yz-plane) view for dictionary learning based on PCC

seed
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Figure 2.29. Coronal display (xz-plane) view for dictionary learning based on PCC

seed



p U

Figure 2.30. Axial display (xy-plane) view for graphSAGE
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Figure 2.31. Sagittal display (yz-plane) view for graphSAGE
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Figure 2.32. Coronal display (xz-plane) view for graphSAGE
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(c) DL (d) graphSAGE

Figure 2.33. Result comparison: DMN

to get an optimal solution to help extract the RSNs.

29
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CHAPTER 3
ATTENTION DEFICIT AND HYPERACTIVITY DISORDER

CLASSIFICATION

3.1 Overview

Attention Deficit and Hyperactivity Disorder (ADHD) is a mental disorder that
commonly occurs in childhood. Based on American Psychiatric Association, the
symptoms are characterized mainly in concentration with obvious difficulty, short
duration of attention and hasty acting compared with children with the same age;
6.4 million children aging from 4 to 17 have been diagnosed ADHD and the average
age of ADHD diagnosis is 7 years old. The prevalence of ADHD in the US is 5.5% to
9.3% in children. ADHD occurs not only in children but also in adults. An estimated
8.4% of children and 2.5% of adults have ADHD [49]. The study [55] mentioned that
the estimated annual national extra cost for ADHD ranges from $143 billion to $266
billion. There are three main types of ADHD: inattentive type, Hyperactive/impulsive
type and combined type.

ADHD negatively affects the patients both mentally and physically. It has become
one of major problem in public health system. It is important to diagnose early and
accurately whether or not one is in ADHD status. The common diagnosis of ADHD
is often based on the Diagnostic and Statistical Manual of Mental Disorders (DSM),
Published by the American Psychiatric Association (APA), and the symptoms are
consistently exhibited for at least six months. The process of diagnosis of ADHD
is a process of interview. It needs the clinician to make the decision based on the

interview to the patient. This is somehow subjective [127] more or less since the right
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decision needs a full evaluation for the patient. The functional magnetic resonance
imaging (fMRI) teachnique offers a novel way to assess the patients with ADHD
status. It has been used to study ADHD in different ways recently and obtained
exciting results. The article [103] detected significant differences in cerebellum, motor
cortex and temporal lobe between ADHD and normal humans between 73 children
with ADHD and 76 normal children, and it used linear discriminant analysis classifier
to distinguish health controls from ADHD children with an accuracy rate of 80.08%
through 50 times of 2-fold validation. In the paper [117] the authors explored specific
regions of interest (ROIs) to distinguish ADHD children from control children and
reached an classification performance with a sensitivity rate of 90%. The paper
[36] used both structural and functional magnetic resonance imaging data to predict
diagnostic status of individuals with ADHD and got an accurate rate of 55%. There
is no doubt that classification of ADHD is playing an essential role in the diagnosis

applications.

3.2 Classical Methods

Several classical techniques can be used to classify ADHD patients from health
controls. The techniques are reviewed in the following sections. In Section 3.2.1 the
most common algorithm, the logistic model, is reviewed; in Section 3.2.2 the support
vector machine (SVM) model including linear and non-linear format is reviewed;
in Section 3.3 two deep learning algorithms are proposed; one is called independent
component analysis with convolutional neural network (ICA-CNN), the other is called
correlation-autoencoder model; in Section 3.4 a real data set is analyzed by all
methods to compare their performance. Meanwhile the results are also compared

with other previous studies for the same data set.
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3.2.1 Logistic regression model

Logistic regression model is the most common technique to do classification task
for binary outcomes. It plays an important role in machine learning. Given N
samples (x;,y;), i = 1,--- , N; each x; is a vector of p features and each y; is the

corresponding binary response with value 1 or 0. The purpose of logistic regression

model is to model the quantity log(ﬁgiéig)zlog(%) by a function f(z,0),

where 6 is the estimated parameters for this function. This can be written as the
follow form:

Py = 1|z)

— — 3.1
1—P(y:1|w)) f(x,0) = 0p + 0121 + Ooxg + - - - + O,),. (3.1)

log(

Equation (3.1) can be rewritten into another form as follows:

1
1+exp(—0Tx)

Py = 1Jr) = (3.2)

If the values is larger than 0.5, the model will classify the case into 1, otherwise the

case belongs to 0. The optimal parameters 6 is solved by the cost function:

T
Mlnlemlze N > (yilog(0 ;) + (1 — ;) log(1 — 0" x;)). (3.3)

=1

logistic regression often is penalized by ¢; norm ||6||, or {5 norm [|0|, .

3.2.2 Support vector machine model

Support vector machine (SVM) [40, 120] is another popular algorithm used in
binary classification task and patter recognition. There are many studies related to
support vector machine algorithm. It is a supervised machine learning technique

and plays an important role in the family of machine learning. Due to its high
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performance in most cases SVM model is used and developed in many fields in last
two decades [32,44,64,75,159,174, 182, 183].

Given N observations, each observation has p features with z; = [x;1, T2, . . ., i),
y; is the response value 1 or —1, ¢ = [1,2,..., N]. The support vector machine finds
the best hyperplane that maximizes the margins between two groups. If two groups
are linearly separable, this leads to a hard margin optimization problem as follows:

Minimize lwl|
w

5|

2 (3.4)
Subject to y;(w'xz; +b) > 1, Vi=1,2,...,N.

If the two groups are not linearly separable, this leads to a soft margin optimization

problem as follows:

N

1
Minjmize > 7(1 (w'z; + )4 + Mwl (3.5)

w 5
=1

where ) is a regularization parameter and (1 — (w'z; + b)), = max(0,1 — (w' x; + b))
is the hinge loss function.

The Equation (3.4) and (3.5) are linear models but in some cases the linear model
cannot reach an optimal solution and thus a nonlinear model of SVM via kernel
tricks is applied. Let K indicate a kernel function [9] and two vectors a and b are
given, the inner product for the kernel is in the form of K(a,b) == ¢(a)" ¢(b),
where ¢ is a map function; with the kernel function SVM can map features into
high dimension space and makes classification task easier than in original space. The
common used kernels in SVM are linear kernel K (z,y) = 2"y, the Gaussian kernel

K(z,y) = exp(—ol|jz — y||3) and the polynomial kernel K (x,y) = (o2 y + b)%. The
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SVM based on kernel is given as follows:
. 1 & 2
Minjmize 31 (f() +8)). + NSl (3.6)

i=1

where f = 37 ¢(z) for B in the feature space.

3.3 Deep learning model

Deep learning, as a branch of machine learning, has been used in many fields and
has made many excited achievements. In recent years deep learning was also used in
classification of mental disorder based on fMRI data. Two major deep learning models,
feedforward neural network (FNN) and convolutional neural network (CNN), were
often used in previous studies. In the article [158] the authors used an autoencoder
model to help examining the relations among the regions of brain to classify Mild
Cognitive Impairment (MCI) patient. The authors of [79] used two encoders to
classify autism spectrum disorder (ASD) patients from the database known as Autism
Brain Imaging Data Exchange (ABIDE). In [141] the authors proposed to use CNN
model and the architecture LeNet-5 to classify Alzheimer’s disease (AD) patients
from normal controls. The authors of [193] used a 3D-CNN to extract features from
both functional and structural MRI and then used a CNN model to combine these
features to classify ADHD patients from normal controls.

In this dissertation, two deep learning models are proposed to classify ADHD
patients from normal controls. One is to incorporate independent component analysis
with convolutional neural network (ICA-CNN) based on rs-fMRI data and the other
is to incorporate correlation between nodes with one-dimension deep convolutional
autoencoder model (Correlation-Autoencoder) based on rs-fMRI. The details of each

framework is described as follows.
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3.3.1 ICA-CNN model

Convolutional neural network (CNN), a popular deep learning technique, is used in
many fields and has made many excited achievements especially in image recognition
since it was proposed in [98]. One of the big advantages of CNN is the shared
convolution kernel to extract features faster and effectively.

For a given ADHD data set, the data includes N subjects and each subject has n

volumes with dimension of [ x w x h, the following steps are performed.

1) First m independent components are extracted from each of N subjects based

on the canonical ICA algorithm (canICA) [170].

2) After extracting m components from all subjects, a masker based on the m

components is made to extract the corresponding signals for each subject.

3) After being extracted the signal based on the masker, each subject has a matrix
with dimension n x m, where n is the number of volumes. Totally, there are NV

matrices with dimension n x m.

4) A convolutional neural network (CNN) is built with several convolutional layers
including pooling layers, dropout layers, batch-normalization layer, flatten layer
and dense layers. Each convolutional layer has activation of rectified linear
activation unit (ReL.U). The last layer is dense layer with the sigmoid activation
function. The N matrices are as input for this CNN model and the output is the
medical status of subjects. The value of 0 means normal control and 1 means

ADHD status.

5) The model is trained by back-propagation algorithm with mini-batch method.

The parameters w and bias b are updated according to the following rules until
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the convergence,

A C(w, b)
A 9C(w, b)

1 1
bt - 2 (3.8)

x

where \ is the learning rate, k is the number of batch size, [ is the [th layer, x

is the data in a batch size, C'(w, b) is the binary cost function of the form:

C(w,b) = —ylog(§) — (1 — y)log(1 — 7)) (3.9)

where g=f(w, b, x). The architecture of this proposed method is shown in Figure

3.1

subject 1

subject 2

O

~

O

output

conv2D layer
maxpooling layer
dropout layer
batchnormalization layer
conv2D layer
maxpooling layer
dropout layer
batchnormalization layer
flatten layer
dense layer
dense layer

subject (N-1)

subject N

{IIIII

ICA extraction CNN

Figure 3.1. Framework of ICA-CNN method: each subject is extracted a matrix with
dimension of n X m as inputs for CNN model, n is the number of volumes and m is
the number of components; the last dense layer has two nodes with sigmoid activation

function.
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3.3.2 Correlation-autoencoder model

Autoencoder [67,105] is an unsupervised learning method. It consists of two neural
networks: an encoder and a decoder. The main purpose of an autoencoder is to learn
the latent representations denoted by p in a lower dimension from the input denoted
by x. Generally the encoder network compresses x into p and the decoder network
rebuilds p into 2 so that x = &. The autoencoder model is often used in dimension
reduction [81,177], image reconstruction [162] and noise reduction [185,187].

For a given ADHD data set, the data includes N subjects and each has n volumes.
A brain atlas is needed for partitioning the brain into the regions of interest (ROISs).
In this application the Schaefer atlas [143] is used to partition the brain to extract

the signal from the rs-fMRI data, and the algorithm follows the steps below.

1) First the Schaefer atlas [143] is used to partition the brain into r regions of
interest (ROIs) and help extract the signal from rs-fMRI for each subject. Each
ROI corresponds a time series data with length ¢, ¢ is the number of time points

of each subject.

2) For each subject the correlation is calculated between every two ROIs. This
results in a square matrix with dimension r x r for each subject. Since this
matrix is symmetric and only the upper triangular matrix is reserved and then
it is flattened into a vector with length (r?+r)/2. As a result the original rs-fMRI
data of N subjects with n volume for each is transferred into N observations

with each having (r? + r)/2 features.

3) The N observations, with (r?+4r)/2 features for each, are the input denoted by =
for the encoder model and the input shape is (r?4r)/2 by 1. The encoder model

includes convolutional 1D layers, maxpooling 1D layers and batch-normalization
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layers. The purpose of encoder model is to extract the representation of input

in a lower dimension a, and a < (r? +r)/2.

4) Then the extracted representation a x 1 is as input for the decoder model.
The decoder model includes convolutional 1D layers, upsampling 1D layers and
batch-normalization layers. The purpose of the decoder model is to rebuild the
extracted representation a into # with dimension (r? 4+ r)/2. The encoder and
the decoder are trained together as an autoencoder model and the loss function
is mean square error:

MSE = ;é(aﬁ — &) (3.10)

5) After the autoencoder model is trained, the encoder model is used to build the
new network for binary classification. This new model first keeps all the layers
from encoder model and the weights of the encoder model are fixed. In addition,

the flatten layer and dense layers are added in the model. This new model is

trained and used to do classification task with binary loss function:

C(w,b) = —ylog(§) — (1 — y)log(1 — 9) (3.11)

where §=f(w, b, z). The architecture of this proposed method is shown in Figure

3.2.

3.4 Case study

3.4.1 Data description

There is a publicly available ADHD-200 database, the 1000 Functional Connectomes

Project, which is provided by http://fcon_1000.projects.nitrc.org/indi/adhd200/.
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The dataset has 973 resting state fMRI acquisitions labeled with ADHD or typically
developing controls (TDC) from subjects aging from 7 to 21. The dataset is collected
from eight different international sites, which are Neurolmage group (Neurolmage),
New York University Child Study Center (NYU), Peking University (Peking), Brown
University (BU), Kennedy Krieger Institute (KKI), University of Pittsburgh (Pitts),
Oregon Health and Science University (OHSU) and Washington University in St.
Louis (WU). The ADHD-200 dataset was used in a competition to classify ADHD in
2011 and then the Preprocessed Connectomes Project (PCP) made the competition
accessible to a broader range by preprocessing the data and sharing the results to
public. Three different pipelines were used to preprocess the fMRI data. The
preprocess data is used in the subsequent analysis based on Athena pipeline [18] which
was performed by Cameron Craddock using AFNI and FSL running on the Athena
computer cluster at Virginia Tech’s ARC. There are more details on preprocessing for
both structural data and functional data through the website of https://www.nitrc.
org/plugins/mwiki/index.php/neurobureau:AthenaPipeline. The functional image
is using a 6mm FWHM Gaussian filter and band pass filter is between 0.009 and 0.08
Hz.

These data was used for global competition of classification task in 2011, and each
data was also provided a holdout test data. In the following analysis, the data from
the site of Peking University is used. There are totally 198 subjects in the training
data, including 123 typical controls and 75 ADHD (ADHD-Hyperactive/Impulsive,
ADHD-inattentive and ADHD-combined) subjects, and the test data has 51 subjects
including 24 ADHD subjects and 27 typical controls. In practice the training data
only has 168 subjects due to preprocessing and the test data is still the same as

the original test data. The final data to be used is summarized in Table 3.1. The


https://www.nitrc.org/plugins/mwiki/index.php/neurobureau:AthenaPipeline
https://www.nitrc.org/plugins/mwiki/index.php/neurobureau:AthenaPipeline
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functional brain of one random chosen subject with dimension 49 x 58 x 47 x 232 is

shown in Figure 3.3.

Table 3.1. Summary of original data and used data

Training data Test data
ADHD Typical control Total | ADHD Typical control Total
Original data 75 123 198 24 27 o1
Used data 69 99 168 24 27 51

3.4.2 Data analysis

The data is analysed by the traditional logistic regression model and support
vector machine (SVM) model as well as the two proposed methods. The extracted
features are used in all the four methods. The two proposed methods are also

compared with the traditional methods and other methods in the previous literature.

(i) Analysis one
In this dataset some subjects have 231 volumes and some subjects have 232
volumes, in order to extract the same number of independent components all
subjects are set to 231 volumes by slicing. A number of 100 independent
components are extracted from each volume for each subject, so each subject
has 231 times series of length 100. Totally there are 168 subjects, so there are
168 matrices with dimension of 231 x 100 for training data and 51 matrices with

dimension of 231 x 100 for testing data.

For logistic regression model, each volume of each subject is extracted 100
component, and each subject has 231 volumes so the average of the 100 components

from all 231 volumes is as the input for logistic regression model. The model
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gives an accuracy rate of 55%, sensitivity 33% and specificity 74%, the area

under receiver operating characteristics (ROC) curve 0.54.

For support vector machine model, the features are also the average based on
the 231 time series. This model with Gaussian kernel gives an accuracy rate
of 55%, sensitivity 4% and specificity 100%, the area under receiver operating

characteristics (ROC) curve 0.52.

For ICA-CNN model, the input is the matrix with dimension of 231 x 100 after
extracting the independent components from each subject, and the convolutional
neural network is used to classify the ADHD patient. The convolutional layers
use 32 and 64 filters, kernel size is 3 x 3, maxplooing size is 2 x 2, stride step is 1,
dropout rate is 0.2, the activation function is rectified linear unit (ReLU) [119],
the learning rate is 0.001 and the optimization function is Adam [90], the last
dense layer has two nodes with sigmoid function. The fine-tuned model gives
an accuracy rate of 67%, sensitivity rate 42%, specificity rate 89% and the area
under ROC curve 0.65. The ROC curves for logistic regression model, support
vector machine model and ICA-CNN are shown in Figure 3.4. The results are
also compared with other studies based on machine learning and deep learning

algorithms in the literature. See Table 3.2.

Analysis two

In the second analysis each subject is partitioned into 300 regions of interest
(ROIs) based on the Schaefer atlas [143]. Since each subject is set to 231
volumes there are 231 time series for each ROI. Then the correlation between
each pair of ROIs is calculated. For each subject this gives us a square matrix

of correlation with dimension 300 x 300. Since this matrix is symmetric and



72

Table 3.2. Comparison of results of different models

Model Accuracy Specificity Sensitivity ROC
Competition [140] 51.05% - - -
Logistic 55% 74% 33% 0.54
SVM(Gaussian kernel) 55% 100% 4% 0.52
DeepFMRI [138] 62.7%  79.1% 48.1% i
3D CNN [193] 62.95% ; i i
Deep forest [150] 64.87% - - -
ICA-CNN 67% 89% 42% 0.65

only the upper triangular part is used and is flattened into a vector with the
length of 45150. Totally there are 168 subjects with 45150 features for training

data and 51 subjects with 45150 features for testing data.

For logistic regression model, a variable selection algorithm is used to choose
the most important features from the 45150 features. The Recursive Feature
Elimination algorithm (RFE) [70] is used to select the most important features.
The basic idea of RFE is to build a full model at the beginning and drop the least
important feature, then a new model is built again with the rest features, and
the process is repeated until the necessary number of features are reached. The
RFE algorithm is a backward selection feature method. Two options are used
for logistic regression model, one used the most important 100 features and the
other used the most important 200 features. The model with the most important
100 features gives an accurate rate of 61%, specificity rate 85%, sensitivity rate
33% and the area under ROC 0.59. The model with the most important 200
features gives an accurate rate of 65%, specificity rate 89%, sensitivity rate 38%

and the area under ROC 0.63.
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For SVM model with Gaussian kernel, the RFE algorithm again is used to
choose the most important features from the 45150 features. The model with
the most important 100 features gives an accuracy rate of 61%, specificity rate
85%, sensitivity rate 33% and the area under the ROC 0.59. The model with
the most important 200 features gives an accurate rate of 65%, specificity rate

89%, sensitivity rate 38% and the area under ROC 0.63.

The correlation-autoencoder model includes three parts: encoder, decoder and
prediction. The encoder and the decoder make an autoencoder model which
takes all the 45150 features as input. The purpose of this autoencoder model is
to extract the latent features which can represent the input as much as possible.
The encoder includes convolutional layers with filters of 1024, 512 and 128,
kernel size is 3, maxpooling size is 2 and all the activation functions are ReLU.
The purpose of the decoder is to rebuilt the input features as much as possible
based on the latent features. The decoder model includes convolutional layers
with filters 256, 512 and 256, kernel size is 3, upsampling size is 2 and all the
activation functions are ReLLU. The learning rate is 0.001. After the autoencoder
is trained and the encoder is to hold fixed, that is all the weights from the
encoder part are fixed and are used for the prediction part. The prediction
model includes the encoder part and an extra part with a flatten layer and two
dense layers. For this prediction model the input is the same as autoencoder
model and contains all the 45150 features. The response is the ADHD with
value of 1 and typical controls with values 0. In this prediction model only the
last two dense layers are trained, first dense layer has 128 nodes and the last
dense layer has two nodes with the activation function of sigmoid. The fine-

tuned model gives an accuracy rate of 69%, specificity rate 89%, sensitivity rate
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46% and the area under the ROC curve 0.67. The results are also compared
with other studies based on machine learning and deep learning algorithm in
the literature. Details are shown in Table 3.3. The ROC curve is shown in

Figure 3.5.

Table 3.3. Comparison of results of different models based on correlation

Model Accuracy Specificity Sensitivity ROC
Competition [140] 51.05% - - -
Logistic with 100 61% 85% 33% 0.59

SVM with 100(Gaussian kernel) 61% 85% 33% 0.59
Logistic with 200 65% 89% 38% 0.63
SVM with 200(Gaussian kernel) 65% 89% 38% 0.63
DeepFMRI [138] 62.7%  79.1% 18.1% .
3D CNN [193] 62.95% : i i
Deep forest [150] 64.87% - - -
Correlation-autoencoder 69% 89% 46% 0.67

3.5 Discussion and conclusion

Two proposed methods are used to classify the ADHD from typical controls in
this chapter, one is ICA-CNN and the other is correlation-autoencoder. Both two
methods outperform the existing models. Even the traditional binary classification
model of logistic regression and SVM with the most important 200 features based on
correlation also outperform the other models from previous studies. Based on 100
independent components extracted from each subject the ICA-CNN model gives an
accuracy rate of 67%, and based on 300 regions of interest extracted from each subject
the correlation-autoencoder model gives an accuracy rate of 69%. The correlation-
autoencoder model gives a better prediction compared with the ICA-CNN model. For

traditional binary classification algorithms the models based on correlation also give
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better results compared with models based on independent components. SVM model
and logistic regression model with the most important 200 features give an accuracy
rate of 65% which is 10% higher compared with the logistic model and SVM with 100
independent components. The area under ROC is 0.67 for correlation autoencoder
model and 0.65 for ICA-CNN model. Both models have the same specificity rate
of 89%. Correlation autoencoder has a sensitivity rate of 46% and ICA-CNN has a
sensitivity of 42%.

Both proposed methods give the accuracy rate less than 70%, to a certain extent
it is some guidance for classification in clinical applications. Due to non-linear
learning strategy with multiple layers, deep learning methods often give much better
performance in many applications. But they usually need a big sample data to train
thousands of parameters to learn the latent features. In this data analysis the training
sample contains only 168 observations which are not enough to have the parameters
trained very well. It is reasonable to believe that the performance based on the
two proposed methods will get better if the training data is large and the computer

resources are allowed.
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Figure 3.2. Framework of correlation autoencoder method: each subject is partitioned
into r ROls, that is, n X r matrix for each subject, n is the number of volumes; then
the correlation between the r ROIs is calculated, then the upper triangular matrix of
r X r is flattened as input with length (r*> +r)/2 for the autoencoder model; the last

dense layer in the model has two nodes with sigmoid activation function.



Figure 3.3. The functional brain of one random chosen subject
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CHAPTER 4

SUMMARY AND FUTURE WORK

4.1 Summary

The resting state functional Magnetic Resonance Imaging data (rs-fMRI) has been
used in exploring the functional connection information in many ways. In resting
state the human brain is still active without any external interference and the parts
of the brain are connected with its intrinsic connections. It is important to explore
and identify these intrinsic connectivity networks or resting state networks (RSNs).
This helps better understand the functional connections between RSNs, especially
for discovering the difference of functional changes of RSNs between healthy and
unhealthy individuals and thus helps provide a more accurate treatment plan in
clinical applications. In this dissertation we proposed the application of a deep
learning method called graphSAGE to extract ROIs based on two rs-fMRI data, both
analyses showed the results as we expected, especially in extracting the default mode
network (DMN). Compared with the traditional methods like seed-based analysis,
ICA and dictionary learning method, the application of graphSAGE has less prior
assumptions and can incorporate individual and group analysis. It simplifies the
complexity of the analysis to a certain extent and makes the result more robust.

Attention deficit hyperactivity disorder (ADHD) is a type of mental disorder
which often occurs in the young ages. One of the main symptoms of the patients
with ADHD usually is difficult to focus on tasks and the patients can be distracted
easily. Therefore, the accurate diagnosis as early as possible will be important for the

treatment of the patient in clinical applications. In this dissertation we proposed two
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methods to classify ADHD patients from typical controls. One method is called ICA-
CNN model which uses convolutional neural network with extracted independent
components as input from each subject to classify ADHD patients from typical
controls. The other method is called correlation autoencoder model which uses an
autoencoder model to extract the latent features based on the correlation between
the regions of interest (ROIs), then the encoder part is used to build a new neural
model to classify the ADHD patients from typical controls. Both methods give better
classification performance than the traditional logistic regression model and SVM
model. In addition, both methods give better performance than the previous studies.

The two methods provide a way on classification task on ADHD.

4.2 Future work

The graphSAGE as a deep learning algorithm needs a large data to train the
model to get the optimal solutions. As the large training sample becomes available
it will further improve the application of graphSAGE. It will help not only to extract
the default mode network (DMN) but also to extract other RSNs more accurately.

In the future work we can try different large ADHD data if data is available and
computer resources are available. Another idea is to use different RSNs extracted to
classify the ADHD patient from typical controls. We can aslo apply the proposed
algorithms to the classification of mental diseases such as Alzheimer’s disease and
depression. The computation cost is expensive and incorporation of parallel computation

framework may also be considered in the future work.
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